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Abstract
So What’s the Vibe? Data-Driven Diagnosis of Model Behavior
by
Lisa Dunlap
Doctor of Philosophy in Computer Science
University of California, Berkeley

Professor Joseph E. Gonzalez, Chair

Building a machine learning model is an iterative process: train, evaluate, identify fail-
ures, and improve. Benchmarks once anchored this loop, but as models have improved and
deployment has expanded, evaluation has become the bottleneck. Metrics fail to capture
what practitioners care about, failures are hard to diagnose without manual inspection, and
preference signals from users are noisy and hard to decompose. Model development is now
constrained not by capability, but by our ability to measure and understand model behavior.

To understand your model, you must understand your data. By systematically analyzing
the data that flows through models (their outputs, the real-world conversations users have
with them, and the training examples that shaped them) we can characterize what people
actually use models for, identify where and why models fail, and understand what drives
their behavior.

We develop a suite of methods that operationalize this view across the model development
lifecycle. To diagnose output-level differences, we introduce VisDiff, which automatically
describes differences between image sets in natural language, and CompCon, which dis-
covers input-dependent divergences between generative models. To build better evaluation
data, we create Arena-Hard, a pipeline for curating high-quality benchmarks from crowd-
sourced interaction data, and VisionArena, a dataset of 230K real-world user—-VLM con-
versations with preference labels. To connect evaluation signals to model behavior, we intro-
duce VibeCheck, which discovers and quantifies the qualitative stylistic axes that predict
user preferences. Finally, SAE Data Analysis shows that sparse autoencoder embeddings
provide a unified, interpretable, and cost-effective infrastructure for all of the above tasks,
enabling practitioners to trace observed behaviors back to the training data that caused
them. Together, these contributions reframe the evaluation bottleneck as a solvable data
analysis problem.
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The evaluation bottleneck. Machine learning development is an iterative cycle
of training, deployment, evaluation, diagnosis, and improvement. While training
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VisDiff overview. Given two sets of images, VisDiff automatically generates
natural language descriptions of what is systematically different between them. .
VisDiff algorithm. VisDiff consists of a GPT-4 proposer on BLIP-2 gener-
ated captions and a CLIP ranker. The proposer takes randomly sampled image
captions from D4 and Dp and proposes candidate differences. The ranker takes
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Dp to assess which ones are most true. . . . . . . . ...
Top 5 descriptions generated by the caption-based, image-based, and
feature-based proposer. All the top 5 descriptions from the caption-based
proposer and the top 2 from the image-based proposer identify the ground-truth
difference between “practicing yoga” and “meditating”, while feature-based fails.
We report AUROC scores from the same feature-based ranker described in sec-
tion 2.4. . . . L e
VisDiff performance under noise. We randomly swap different percentages
of images between D4 and Dp to inject noise. Results are computed on 50 paired
sets in PairedImageSets-Hard. 95% confidence intervals are reported over three

StableDiffusionV2 vs. V1 generated images. For the same prompt, Sta-
bleDiffusionV2 images often contain more “vibrant contrasting colors” and “art-
works placed on stands or in frames”. Randomly sampled images can be found
in Figure A.9. . . . . . .
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Memorable(top) vs. forgettable(bottom) images. Memorable images con-
tain more “humans”, “close-up views of body part or objects”, and “humorous
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CompCon overview. CompCon discovers pairs of prompt concepts and visual
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CompCon overview. We illustrate our approach for discovering diverging vi-
sual attributes (top) and diverging prompt descriptions (bottom). Given two
text-to-image models and a set of prompts, we use a VLM to identify visual
differences. For each diverging attribute, we iteratively refine diverging prompt
descriptions by generating candidate prompts P from the description, clas-
sifying them as diverging (H%") or non-diverging (H""). The objective is to
maximize the proportion of generated prompts classified as diverging. . . . . . .
ID? creation. Given a diverging prompt description d,, and diverging visual
attribute a, we use an LLM to generate prompt pairs where one of the prompts
mentions the diverging visual attribute. Both prompts are then passed to the
same text-to-image model to generate image pairs with the visual difference a.

ID? example. Top: We show dataset prompts and corresponding generated
images, where the second image row depicts the diverging visual attribute. Bot-
tom: We show the ground truth diverging visual attribute and diverging prompt
description, along with outputs from our approach and the baselines. Notice that
our method produces outputs that better align with the ground truth. . . . ..
CompCon results comparing PixArt and SD-Lightning. PixArt asso-
ciates negative emotions / desolation in urban environments with ‘wet streets,’
while SD-Lightning struggles to depict run-down or dilapidated scenes, where
PixArt instead conveys ‘decay.” . . . . . . ... Lo
Finding bias. CompCon discovers both age and racial bias across different
text-to-image models. (Left) Age bias in PixArt for prompts about traditional
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BenchBuilder Pipeline. Starting with a live data source of crowdsourced
user prompts, we first cluster their embeddings to form topic clusters. An LLM
annotator then assigns quality scores based on the required skills. Clusters with
low quality scores are filtered out, and we sample from the remaining high-quality
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Mean score of various topic clusters in descending order. Higher-scoring clusters
correlate to challenging topics, while lower scores indicate trivial or ambiguous
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Comparison between MT-bench and Arena-Hard-Auto v0.1. The latter offers
significantly better separability between models and tighter confidence intervals.
GPT-4-0314 has no variance in Arena-Hard-Auto v0.1 because it is the anchor

Win-rate of three model pairs (GPT-4-0613 vs Llama-2-70b-chat, Claude-3-Sonnet-
20240229 vs Claude-3-Haiku-20240307, and Mistral-Large vs Mixtral-8x7b-Instruct-
v0.1) over “quality score”. We randomly sample 50 queries for each quality score

0-7 and bootstrap a win-rate and confidence interval between model pairs on each

score interval of 2. We observe a similar trend of win-rate between model pairs
becomes increasingly separable as the quality score increases. . . . . . . . .. .. 41
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rankings drop, such as Reka Flash on multi-turn and diagrams, and Gemini on
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Change in model rankings when style control is applied. Cells with *
contain battles with fewer than 100 votes. InternVL, Reka Flash, and Llava 1.6
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Core components of VibeCheck. A vibe is an axis along which a pair of
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Chapter 1

Introduction

Questions this thesis answers:

e What is my model expected to do?
¢ What is my model doing wrong?

¢ How do my models compare?

e Am [ measuring the right thing?

[ Evaluate & Diagnose J

Figure 1.1: The evaluation bottleneck. Machine learning development is an iterative
cycle of training, deployment, evaluation, diagnosis, and improvement. While training and
deployment are increasingly well-supported, the evaluation and diagnosis stages remain the
bottleneck: understanding what models are expected to do, where they go wrong, how
they compare, and whether we are measuring the right things are open and time-consuming
challenges.

Building a machine learning model is an iterative process: train a model, evaluate its per-
formance, identify failures, and improve. For much of the field’s history, this loop was
well-supported by benchmarks, curated datasets that provided a reliable signal for measur-
ing progress and comparing methods. Benchmark-driven development produced some of the
most significant advances in the field, enabling models to achieve strong performance across
tasks from image classification [55] to language understanding [267] to code generation [34].

As models have improved and the tasks they are deployed on have expanded, however, the
evaluation step has become the bottleneck. Practitioners routinely find that their metrics
do not fully capture what they care about, that failures are difficult to diagnose without
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manually inspecting outputs, and that preference signals from real users are noisy and hard
to decompose. The result is that model development is increasingly constrained not by
capability, but by our ability to measure and understand what our models are doing.

The problem has three distinct layers. The first is uninformative metrics: standard
benchmarks tell you that your model is failing but not where or why: a number going down
gives no foothold for improvement. The second is unrepresentative benchmarks: benchmarks
are curated ahead of time and quickly diverge from the tasks users actually bring to deployed
models, so a model can score well on every benchmark while failing at what matters. The
third is intractable inspection: even when practitioners have representative data and suspect
something is wrong, the scale of modern systems makes manual diagnosis impractical. There
is no principled, automated way to characterize what kinds of inputs cause failures, how one
model’s behavior differs from another’s, or what in the training data explains an observed
behavior.

Knowing that a model’s accuracy dropped from 75% to 72% tells you something has
changed, but not what, or why, or how to fix it. Knowing users prefer Model A over
Model B 62% of the time raises an obvious follow-up: what is Model A doing that Model B
is not? Knowing a model scores well on every benchmark is useful until you discover that
users are asking multi-turn spatial reasoning questions and open-ended creative tasks that
no benchmark tested.

The answers to these questions live in the data: the model’s outputs, the real conver-
sations users have with it, and the training examples that shaped its behavior. Systematic
differences between two models’ outputs can often be described in natural language once you
look. Real-world interaction data reveals the task distributions practitioners actually face,
not the ones researchers assumed. And the specific phrases, styles, and tendencies a model
exhibits can often be traced to clusters of documents in its training corpus. The chapters
in this thesis each address one of these layers as a data problem: what does the data tell us
about where a model fails, what kinds of inputs users bring to it, and why it behaves the
way it does. The work spans both vision and language models (the data problems are the
same regardless of modality) and is organized into three groups, summarized in Figure 1.2.

Diagnosing model failures across inputs and outputs. When a model underperforms,
the raw signal (a number going down, a preference vote lost) tells you nothing about what
went wrong. The data does. The most direct version of the problem is: given two sets of
model outputs or two datasets, automatically produce a human-readable description of what
is systematically different between them. We introduce two methods for this, starting with
visual data and extending to generative models.

VisDiff (Chapter 2) formalizes set difference captioning: given two sets of images, gen-
erate natural language descriptions of what distinguishes them. This turns a vague question
(“why does my model fail more on this subset?”) into a concrete, actionable answer. VisDiff
uses a proposer-ranker framework in which candidate descriptions are generated from image
captions and re-ranked by how well they discriminate between the two sets.
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So What’s the Vibe? Data-Driven Diagnosis of Model Behavior
I Introduction

Ch.1 Introduction Motivates the evaluation bottleneck and provides an
overview of contributions

I Diagnosing model failures across inputs and outputs

Ch.2 VisDiff Describes what is systematically different between two
image sets in natural language

Ch.3 CompCon Discovers which prompt concepts trigger divergent
visual attributes between generative models

I Understanding real-world model usage via Chatbot Arena

Ch. 4 Arena-Hard Identifies Chatbot Arena prompts that most
discriminate between models and builds reliable,
cost-effective offline benchmarks

Ch.5 VisionArena Reveals what tasks users actually bring to Chatbot
Arena and where vision-language models fail, across
230K real conversations

I Understanding model behavior and building interpretable analysis tools

Ch.6 VibeCheck Discovers and quantifies qualitative “vibes” (stylistic
axes like thoroughness and tone) that predict user
preferences

Ch.7 SAE Analysis Interpretable embeddings for dataset diffing, correlation

discovery, clustering, and retrieval at 2-8x lower cost
than LLM approaches

I Conclusion

Ch. 8 Conclusion Synthesizes recurring themes, lessons learned, and open
problems

Figure 1.2: Data-driven diagnosis of model behavior. Standard benchmarks indicate
that a model differs from another, but not where, why, or what in the data caused it. This
thesis develops tools for each layer of this diagnostic stack, progressively deepening the
understanding available to a practitioner. Each group addresses one layer; chapter numbers
are shown for each contribution.

CompCon (Chapter 3) extends this to generative models, where the question is not just
what is different in existing outputs but what inputs trigger the difference. CompCon uses
an evolutionary search algorithm to discover pairs of prompt concepts and visual attributes
where two text-to-image models diverge; for example, one model depicts “loneliness” with
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wet streets while the other does not.

Understanding real-world model usage via Chatbot Arena. Diagnosing differences
is only useful if the data reflects what models are actually asked to do. Curated benchmarks
don’t: they are designed before deployment and quickly diverge from real user behavior. The
richest source of evaluation signal is the data users generate when interacting with models
in the wild. The next two chapters build and analyze that data through the Chatbot Arena
platform (Chapters 4 and 5).

Arena-Hard (Chapter 4) addresses the curation problem: not all real-world prompts
are equally diagnostic. BenchBuilder is a pipeline that identifies the subset of crowdsourced
prompts that most reliably discriminates between models, achieving 89% agreement with
human preference rankings at a fraction of the cost of live evaluation. It also introduces
style control, a method for disentangling model quality from superficial stylistic factors such
as response length and formatting.

VisionArena (Chapter 5) extends this infrastructure to vision-language models, col-
lecting 230K real-world user-VLM conversations with preference labels. It surfaces failure
modes and task distributions that no curated benchmark anticipated: users ask spatial rea-
soning questions, multi-turn planning tasks, and style-dependent creative tasks far more
than existing benchmarks reflect.

Understanding model behavior and building interpretable analysis tools. Col-
lecting better data and diagnosing output differences are necessary but not sufficient. The
data can also tell us why models behave the way they do: what stylistic patterns drive user
preferences, and what concepts in the training corpus explain observed behaviors.

VibeCheck (Chapter 6) discovers and quantifies the qualitative stylistic axes, which we
call “vibes”, that drive user preferences between LLMs. By iteratively proposing candidate
vibes from model outputs and validating them with a panel of LLM judges, VibeCheck turns
a preference signal (“users prefer Model A 62% of the time”) into an explanation (“Model A
is perceived as more thorough; Model B as punchier”).

SAE Data Analysis (Chapter 7) uses interpretable embeddings for data analysis.
Rather than analyzing model outputs with expensive LLM calls or opaque dense embeddings,
this chapter uses sparse autoencoder (SAE) activations to create interpretable embeddings
of text, where each dimension maps to a human-understandable concept. These embeddings
support the same diagnostic tasks as prior chapters, including dataset diffing, correlation
discovery, clustering, and property-based retrieval, at 2-8x lower cost than LLM-based ap-
proaches and with greater transparency and controllability than dense embeddings.



Chapter 2

Describing Differences in Image Sets
with Natural Language

D, contains more...

"People posing for a picture”

Figure 2.1: VisDiff overview. Given two sets of images, VisDiff automatically generates
natural language descriptions of what is systematically different between them.

2.1 Introduction

What kinds of images are more likely to cause errors in one classifier versus another [75, 121]?
How do visual concepts shift from a decade ago to now [132, 210, 304]7 What types of images
are more or less memorable for humans [116]7 Answering these questions can help us audit
and improve machine learning systems, understand cultural changes, and gain insights into
human cognition.

Although these questions have been independently studied in prior works, they all share
a common desideratum: discovering differences between two sets of images. However, dis-
covering differences in many, potentially very large, sets of images is a daunting task for
humans. For example, one could gain insights into human memory by discovering system-
atic differences between memorable images and forgettable ones, but finding these differences
may require scanning through thousands of images. An automated solution would be more
scalable.

In this work, we explore the task of describing differences between image sets, which we
term Set Difference Captioning (Figure 2.1). Specifically, given two sets of images D4 and
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Step 1: Propose Differences

PROPOSER

\ Given the captions for sets A and B:
o | lsa. - .
& >A: woman riding a horse in a rodeo Candidate Differences Score
g- A: a group of jockeys and horses are racing on a grassy field
3 A ... y1: “horses racing on track” 0.70
W | > B: a woman in white riding a grey horse > yzi “multiple jockeys” 0.87
o B: a person riding a horse in an equestrian competition ¥3: “horse racing events” Ofi
B:... i
L~ i
i
List concepts that are more true for set A than set B. H
!
— RANKER E
= al
R 7 AUROC(Up, v(a;, y3) |Up, v(b;,y3) ) !

v(by,y3) = CLIP( ) * CLIP(“horse racing events”)
Step 2: Rank Differences =
Figure 2.2: VisDiff algorithm. VisDiff consists of a GPT-4 proposer on BLIP-2 generated
captions and a CLIP ranker. The proposer takes randomly sampled image captions from
D4 and Dp and proposes candidate differences. The ranker takes these proposed differences
and evaluates them across all the images in D4 and Dp to assess which ones are most true.

Dg, set difference captioning aims to find the most salient differences by generating natural
language descriptions that are more often true in Dy than Dg. We show in section 2.6
that many dataset and model analysis tasks can be formulated in terms of set difference
captioning, and methods that address this problem can help humans discover new patterns
in their data.

Set difference captioning presents unique challenges to current machine learning systems,
since it requires reasoning over all the given images. However, no existing models in the vision
and language space can effectively reason about thousands of images as input. Furthermore,
while there are usually many valid differences between D4 and Dpg, end users are typically
interested in what can most effectively differentiate between the two sets. For example,
“birthday party” is a valid difference in Figure 2.1, but “people posing for a picture” better
separates the sets.

We introduce a two-stage proposer-ranker approach [296, 298, 304] for set difference
captioning that addresses these challenges. As shown in Figure 2.2, the proposer randomly
samples subsets of images from D4 and Dp to generate a set of candidate differences in
natural language. The ranker then scores the salience and significance of each candidate by
validating how often this difference is true for individual samples in the sets. Within the
proposer-ranker framework, there are many plausible design choices for each component, and
in this work we investigate three categories of proposers and rankers that utilize different
combinations of models pre-trained with different objectives.

To evaluate design choices, we construct VisDiffBench (Figure 2.3), a dataset consisting
of 187 paired image sets with ground-truth differences. We also propose a large language
model-based evaluation to measure correctness. By benchmarking different designs on Vis-
DiffBench, we identify our best algorithm, VisDiff, which combines a proposer based on
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BLIP-2 captions and GPT-4 with a ranker based on CLIP features. This method accurately
identifies 61% and 80% of differences using top-1 and top-5 evaluation even on the most
challenging split of VisDiffBench.

Finally, we apply VisDiff to a variety of applications, such as finding dataset differences,
comparing model behaviors, and understanding questions in cognitive science. VisDiff iden-
tifies both differences that can be validated by prior works, as well as new findings that
may motivate future investigation. For example, VisDiff uncovers ImageNetV2’s temporal
shift compared to ImageNet [55, 216], CLIP’s strength in recognizing texts within images
compared to ResNet [100, 213], StableDiffusionV2 generated images’ stylistic changes com-
pared to StableDiffusionV1 [223], and what images are more memorable by humans [115].
These results indicate that the task of set difference captioning is automatic, versatile, and
practically useful, opening up a wealth of new application opportunities for future work
and potentially mass-producing insights unknown to even experts across a wide range of
domains.

2.2 Related Works

Many prior works explored difference captioning [5, 145, 146, 280] and change captioning [29,
131, 203], which aim to describe differences between a single pair of images with language.
Recent large visual language models (VLMs) like GPT-4V [193] have shown promise in
describing differences in small groups of images. However, the question of how to scale
this problem to sets containing thousands of images remains unanswered. Meanwhile, some
existing works in vision tackle understanding large amounts of visual data through finding
concept-level prototypes [61, 259], “averaging” large collections of images [303], using simple
methods like RGB value analysis [174, 257], or using a combination of detectors and classifiers
to provide dataset level statistics [268]. However, they do not describe the differences in
natural language, which is flexible and easy to interpret.

Our work draws inspiration from D3 [296] and D5 [298] frameworks, which use large
language models (LLMs) to describe differences between text datasets. A recent work GS-
CLIP [304] applied a similar framework as D3 in the image domain, using CLIP features
to retrieve differences from a pre-defined text bank. While this work targets the task of
set difference captioning, it struggles at generating descriptive natural language and has a
limited evaluation on the MetaShift [154] dataset that we found contains a significant amount
of noise. Inspired by D3 [296], our study advances a proposer-ranker framework tailored for
the visual domain, leveraging large visual foundation models and a well-designed benchmark
dataset. The versatility and effectiveness of our approach are further demonstrated through
applications across a variety of real-world scenarios, underscoring its potential impact and
utility in practical settings.

Lastly, the set difference captioning setting is closely related to the field of explainable
computer vision. Traditional explainable computer vision methodologies have predominantly
concentrated on interpreting features or neurons within deep neural networks, as exemplified
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- I
People practicing g
yogaina
mountainous setting
People meditating
in a mountainous . 1
setting
% :

Caption-based Image-based Feature-based
“Women doing yoga poses” (0.87)  “Yoga poses” (0.86)  “awoman is standing with her arm up on a table” (0.79)
“Yoga pose on a wooden deck in the snow” (0.87) “People doing yoga” (0.80)  “aperson with arms and legs and a hand in a pose” (0.77)
“Yoga poses” (0.86)  “People in athletic clothing” (0.75)  “a woman standing in front of some cars” (0.70)
“Handstand poses in nature” (0.86)  “Group activities” (0.60)  “the fenty handbag in white” (0.66)
“Yoga on a pier” (0.85)  “Outdoor activities” (0.58)  “acouple looking at a photo of a person in a bathing suit” (0.65)

Figure 2.3: Top 5 descriptions generated by the caption-based, image-based, and
feature-based proposer. All the top 5 descriptions from the caption-based proposer
and the top 2 from the image-based proposer identify the ground-truth difference between
“practicing yoga” and “meditating”, while feature-based fails. We report AUROC scores
from the same feature-based ranker described in section 2.4.

by approaches like LIME [221], CAM [300], SHAP [170], and MILAN [107]. Recent shifts
towards a data-centric Al paradigm have sparked a wave of research focusing on identifying
influential data samples that impact predictions [205, 236], and on discerning interpretable
data segments [46, 57, 75], thereby elucidating model behaviors. Our set difference captioning
aligns with these objectives, offering a unique, purely data-driven approach to understanding
and explaining differences in image sets with natural language.

2.3 Set Difference Captioning

In this section, we first describe the task of set difference captioning, then introduce VisD-
iffBench, which we use to benchmark performance on this task.

Task Definition

Given two image datasets Dy and Dp, the goal of set difference captioning (SDC) is to
generate a natural language description y that is more true in D, compared to Dg. For
example, in Figure 2.3, both D4 and Dpg contain images of horses, but the images from D4
are all from racing events, so a valid choice of y would be “horse racing events”.

In our benchmarks below, we annotate (D4, Dp) with a ground truth y* based on
knowledge of the data-generating process. In these cases, we consider an output y to be
correct if it matches y* up to semantic equivalence (see section 2.3 for details). In our
applications (section 2.6), we also consider cases where the ground truth y* is not known.
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Dataset # Paired Sets # Images Per Set
ImageNetR (sampled) 14 500
ImageNet* (sampled) 23 500
PairedlmageSets 50/50/50 100/100,/100
(Easy/Medium/Hard)

Table 2.1: Summary of VisDiffBench. In experiments, we merge ImageNetR and
ImageNet* because they have limited sets.

Benchmark

To evaluate systems for set difference captioning, we construct VisDiffBench, a benchmark
of 187 paired image sets each with a ground-truth difference description. To create VisDiff-
Bench, we curated a dataset PairedlmageSets that covers 150 diverse real-world differences
spanning three difficulty levels. We supplemented this with 37 differences obtained from two
existing distribution shift benchmarks, ImageNet-R and ImageNet*. Aggregate statistics for
VisDiffBench are given in Table 2.1.

ImageNet-R: ImageNet-R [102] contains renditions of 200 ImageNet classes across 14
categories (e.g., art, cartoon, painting, sculpture, sketch). For each category, we set y* to be
the name of the category, D4 to be 500 images sampled from that category, and Dg to be
500 original ImageNet images sampled from the same 200 classes.

ImageNet*: ImageNet* [260] contains 23 categories of synthetic images transformed
from original ImageNet images using textual inversion. These categories include particular
style, co-occurrence, weather, time of day, etc. For instance, one category, “at dusk,” con-
verts ImageNet images with the prompt “a photo of a [inverse image token] at dusk”. We
generated differences analogously to ImageNet-R, taking D4 to be 500 image samples from
the category and Dpg to be 500 original ImageNet images.

PairedImageSets: ImageNetR and ImageNet* mainly capture stylistic differences, and
only contain 37 differences in total. To address these shortcomings, we construct Paired-
ImageSets, consisting of 150 paired image sets representing diverse differences. The dataset
was built by first prompting GPT-4 to generate 150 paired sentences with three difficulty
levels of differences (see section A.1 for exact prompts). Easy level represents apparent
difference (e.g., “dogs playing in a park” vs. “cats playing in a park”), medium level repre-
sents fine-grained difference (e.g., “SUVs on the road” vs. “sedans on the road”), and hard
level represents subtle difference (e.g., “people practicing yoga in a mountainous setting”
vs. “people meditating in a mountainous setting”).

Once GPT-4 generates the 150 paired sentences, we manually adjusted the annotated
difficulty levels to match the criteria above. We then retrieved the top 100 images from Bing
for each sentence. As a result, we collected 50 easy, 50 medium, and 50 hard paired image
sets, with 100 images for each set. One example pair from this dataset is shown in Figure 2.3,
with further examples and a complete list of paired sentences provided in section A.1. We
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ImageNet-R/* PIS-Easy PIS-Medium PIS-Hard

P Rank

roposer anier Acc@l  Acc@5 | Acc@l Acc@5 | Acc@l  Acc@5 | Acc@Ql  Acc@b
Feature (BLIP-2) Feature (CLIP) 0.68 0.85 0.48 0.69 0.13 0.33 0.12 0.23
Image (LLaVA-1.5) Feature (CLIP) 0.27 0.39 0.71 0.81 0.39 0.49 0.28 0.43

Caption (BLIP-2 + GPT-4) Caption (Vicuna-1.5) | 0.42 0.70 0.60 0.92 0.49 0.77 0.31 0.61
Caption (BLIP-2 + GPT-4) Image (LLaVA-1.5) 0.78 0.88 0.78 0.99 0.58 0.80 0.38 0.62
Image (GPT-4V) Feature (CLIP) 0.86 0.92 0.95 1.00 0.75 0.87 0.57 0.74
Caption (BLIP-2 + GPT-4) Feature (CLIP) 0.78 0.96 0.88 0.99 0.75 0.86 0.61 0.80

Table 2.2: Results on VisDiffBench. GPT-4V image-based and BLIP-2 caption-based
proposers with CLIP feature-based rankers consistently outperform other proposers and
rankers by a large margin. We use the caption-based proposer with the CLIP ranker as the
final VisDiff algorithm because it obtains the highest accuracy on the PairedImageSets-Hard
and is cheaper than the GPT-4V image proposer.

will release this dataset and the data collection pipeline.

Evaluation

To evaluate performance on VisDiffBench, we ask algorithms to output a description y for
each (Da, Dp) pair and compare it to the ground truth y*. To automatically compute
whether the proposed difference is semantically similar to the ground truth, we prompt
GPT-4 to categorize similarity into three levels: 0 (no match), 0.5 (partially match), and 1
(perfect match); see section A.1 for the exact prompt.

To validate this metric, we sampled 200 proposed differences on PairedlmageSets and
computed the correlation of GPT-4’s scores with the average score across four independent
annotators. We observe a high Pearson correlation of 0.80, consistent with prior findings
that large language models can align well with human evaluations [66, 294].

We will evaluate systems that output ranked lists of proposals for each (D4, D) pair. For
these systems, we measure Acc@k, which is the highest score of any of the top-k proposals,
averaged across all 187 paired image sets.

2.4 Owur Method: VisDiff

It is challenging to train a neural network to directly predict y based on D4 and Dg: Dy
and Dp can be very large in practice, while currently no model can encode large sets of
images and reliably reason over them. Therefore, we employ a two-stage framework for set
difference captioning, using a proposer and a ranker [296, 298]. The proposer takes random
subsets Sy € Dy and Sp C Dp and proposes differences. The ranker takes these proposed
differences and evaluates them across all of D4 and Dg to assess which ones are most true.
We explore different choices of the proposer and ranker in the next two subsections. Full
experiment details for this section, including the prompts for the models, can be found
in section A.2.
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Proposer

The proposer takes two subsets of images Sy, and Sg as inputs and outputs a list ) of
natural language descriptions that are (ideally) more true on Sy than Sp. We leverage
visual language models (VLM) as the proposer in three different ways: from the images
directly, from the embeddings of the images, or by first captioning images and then using a
language model. In all cases, we set |Sa| = |Sp| = 20.

Image-based Proposer: We arrange the 20+20 input images into a single 4-row, 10-
column grid and feed this as a single image into a VLM (in our case, LLaVA-1.5 [160] and
GPT-4V [193]). We then prompt the VLM to propose differences between the top and
bottom half of images.

Feature-based Proposer: We embed images from S4 and Sp into the VLM’s visual
representation space, then subtract the mean embeddings of S4 and Sg. This subtracted
embedding is fed into VLM’s language model to generate a natural language description of
the difference. We use BLIP-2 [148] for this proposer.

Caption-based Proposer: We first use the VLM to generate captions of each image
in §4 and Sg. Then, we prompt a pure language model to generate proposed differences
between the two sets of captions. We use BLIP-2 to generate the captions and GPT-4 to
propose differences.

Experiments in section 2.5 show that the caption-based proposer works best, so we will
take it as our main method and the other two as baselines. To further improve performance,
we run the proposer multiple times over different sampled sets S4 and Sp, then take the
union of the proposed differences as inputs to the ranker.

Ranker

Since the proposer operates on small subsets Sy and Sg and could generate invalid or noisy
differences, we employ a ranker to validate and rank the proposed differences y € ). The
ranker sorts hypotheses by computing a difference score s, = E,ep,v(x,y) — Ezepyv(z,9),
where v(z,y) is some measure of how well the image z satisfies the hypothesis y. As before,
we leverage VLMs to compute the ranking score v(z,y) in three ways: from images directly,
from image embeddings, and from image captions.

Image-based Ranker: We query the VQA model LLaVA-1.5 [160] to ask whether the
image x contains y, and set v(z,y) = VQA(xz,y) to be the resulting binary output.

Caption-based Ranker: We generate a caption ¢ from = using BLIP-2 [148], then
ask Vicuna-1.5 [39] whether the caption ¢ contains y. We set v(z,y) = QA(c,y) to be the
resulting binary output.

Feature-based Ranker: We use CLIP ViT-G/14 [213] to compute the cosine similarity
between the image embedding e, and text embedding e,, so that v(z,y) = % In
contrast to the other two scores, since v(z,y) is continuous rather than binary, we compute
s, as the AUROC of using v to classify between D4 and Dp.
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Experiments in section 2.5 show that the feature-based ranker achieves the best perfor-
mance and efficiency, so we use it as our main method and the other two as baselines. We
also filter out proposed differences that are not statistically significant, by running a t-test
on the two score distributions v(z,y) with significance threshold 0.05.

2.5 Results

In this section, we present experimental results to understand 1) which proposer / ranker
works best, 2) can our algorithm consistently find the ground truth difference, and 3) can
our algorithm work under noisy settings.

Which Proposer is Best?

Our comparative results, presented in Table 2.2, demonstrate that the caption-based proposer
consistently outperforms its image-based and feature-based counterparts by a large margin
across all subsets of the VisDiffBench. This difference is particularly pronounced in the
most challenging subset, PairedlmageSets-Hard. While the captioning process may result
in some loss of information from the original images, the strong reasoning capabilities of
large language models effectively compensate for this by identifying diverse and nuanced
differences between image sets. We provide a qualitative example in Figure 2.3.

The LLaVA image-based proposer shows commendable performance on PairedlmageSets-
Easy but significantly lags behind the caption-based proposer on the PairedlmageSets-
Medium/Hard subsets. Similarly, GPT-4V outperforms the caption-based proposer on the
easy subset but underperforms on the hard subset. This discrepancy can be attributed to the
loss of visual details when aggregating numerous images into a single gridded super-image.

The feature-based proposer outperforms the LLaVA image-based proposer on ImageNetR
and ImageNet* but is much less effective across all subsets of PairedImageSets. We believe
this is because the feature-based approach excels at distinguishing groups when one possesses
attributes absent in the other (e.g., “clipart of an image” minus “an image” equates to
“clipart”). Most cases in ImageNetR/ImageNet* fit this scenario. However, this approach
falls short in other situations where vector arithmetic does not yield meaningful semantic
differences (e.g., “cat” minus “dog” is not semantically meaningful), which is a common
scenario in PairedlmageSets.

Which Ranker is Best?

In Table 2.2, our results demonstrate that the feature-based ranker consistently outperforms
both the caption-based and image-based rankers, particularly in the most challenging subset,
PairedImageSets-Hard. The feature-based approach’s advantage is primarily due to its con-
tinuous scoring mechanism, which contrasts with the binary scores output by image-based
and caption-based question answering. This continuous scoring allows for more fine-grained
image annotation and improved calibration. It is also logical to observe the image-based
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ranker outperforms the caption-based one, as answering questions from original images tends
to be more precise than from image captions.

Moreover, the efficiency of the feature-based ranker is remarkable. In scenarios where M
hypotheses are evaluated on N images with N > M, the computation of image features is
required only once. This results in a computational complexity of O(M + N) ~ O(N), com-
pared to O(M N) for both image-based and caption-based rankers. Hence, the feature-based
ranker requires significantly less computation, especially when ranking many hypotheses.
This efficiency is crucial in practical applications, as we have found that a higher volume
of proposed differences is essential for accurately identifying correct differences in the sec-
tion A.3.

Can Algorithm Find True Difference?

In Table 2.2, the results demonstrate the effectiveness of our algorithm in discerning dif-
ferences. The best algorithm, comprising a GPT-4 [193] caption-based proposer and a
CLIP [213] feature-based ranker, achieves accuracies of 88%, 75%, and 61% for Acc@1, and
99%, 86%, and 80% for Acc@5 on the PairedlmageData-Easy/Medium/Hard subsets, respec-
tively. The PairedlmageData-Hard subset poses a significant challenge, requiring models to
possess strong reasoning abilities to perceive extremely subtle variations, such as distin-
guishing between “Fresh sushi with salmon topping” and “Fresh sushi with tuna topping”,
or possess enough world knowledge to discern “Men wearing Rolex watches” from “Men
wearing Omega watches”. Despite these complexities, our model demonstrates impressive
performance, accurately identifying specifics like “Sushi with salmon” and “Men wearing
Rolex watches”.

Performance Under Noisy Data Splits

In the VisDiffBench dataset, image sets are composed with perfect purity. For instance, D4
exclusively contains cat images (100%), while D is entirely made up of dog images (100%).
However, this level of purity is rare in real-world scenarios. Typically, such sets include a
mix of elements — for example, D4 might comprise 70% cat images and 30% dog images, and
Dy vice versa. To evaluate the robustness of the VisDiff algorithm against such noise, we
introduced randomness in VisDiffBench by swapping a certain percentage of images between
D4 and Dp. Here, 0% purity signifies 50% image swapping and an equal distribution of two
sets, whereas 100% purity indicates no image swapping.

Figure 2.4 presents the Acc@l and Acc@b performance of VisDiff across various purity
levels, tested on 50 paired sets within PairedlmageSets-Hard. As anticipated, a decline in
purity correlates with a drop in accuracy since identifying the difference becomes harder.
However, even at 40% purity, Acc@l remains at 49%, only modestly reduced from 63%
at 100% purity. This result underscores the robustness of the VisDiff algorithm to noisy
data. It is also worth noting that VisDiff reaches near 0% accuracy at 0% purity, which is
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expected since the two sets have exactly the same distribution and our method filters out
invalid differences.

Other ablations of VisDiff algorithm. In section A.3, we further discuss how caption
style, language model, sample size, and # sampling rounds affect VisDiff performance.

2.6 Applications

We apply the best configuration of our Vis-
Diff method to a set of five applications in

0.8 0.79 0.80
computer vision: 1) comparing ImageNet I izzg; 0.63 23 ST
: . 0.6 . ‘
and ImageNetV2 (section 2.6), 2) inter- 040 medet
preting the differences between two classi- 94 23;/

fiers at the datapoint level (section 2.6), 02 B /

3) analyzing model errors (section 2.6), oo

4) understanding the distributional output 0 20 4F?urity (0/?)0 80 100
differences between StableDiffusionV1 and

V2 (section 2.6), and 5) discovering what
makes an image memorable (section 2.6).
Since VisDiff is automatic, we used it to
discover differences between (1) large sets
of images or (2) many sets of images,
thus mass-producing human-interpretable
insights across these applications. In this
section, we report VisDiff-generated insights including some that can be confirmed with ex-
isting work and others that may motivate future investigation in the community. Additional
details for each application can be found in section A.4.

Figure 2.4: VisDiff performance under
noise. We randomly swap different percent-
ages of images between D, and Dpg to inject
noise. Results are computed on 50 paired sets
in PairedlmageSets-Hard. 95% confidence in-
tervals are reported over three runs.

Comparing ImageNetV2 with ImageNet

In 2019, a decade after ImageNet [55] was collected, Recht et al. introduced ImageNetV2 [216],
which attempted to mirror the original ImageNet collection process, including restricting
data to images uploaded in a similar timeframe. However, models trained on ImageNet
showed a consistent 11-14% accuracy drop on ImageNetV2, and the reasons for this have re-
mained unclear. While some studies have employed statistical tools to reveal a distributional
difference between ImageNet and ImageNetV2 [74], we aim to discover more interpretable
differences between these two datasets.

To uncover their differences, we first ran VisDiff with D4 as all of ImageNetV2 images
and Dp as all of ImageNet images. Interestingly, the highest scoring description generated by
our system is “photos taken from Instagram”. We conjecture that this highlights temporal
distribution shift as a potential reason behind model performance drops on ImageNetV2 vs



CHAPTER 2. DESCRIBING DIFFERENCES IN IMAGE SETS WITH NATURAL
LANGUAGE 15

Class More True for ImageNetV2 Class Acce Accrp More Correct for CLIP

Dining Table ~People posing for a picture Tobacco Shop  0.96  0.50  Sign hanging from side

}VIVig deheld Close up views of dolls Digital Watch 0.88 0.52 Watches in a group
Cgrr;[;u‘fer Apps like Twitter and Whatsapp Missile 0.78 0.42 People posing with missiles
Palace East Asian architecture Pot Pie 0.98 0.66 Food size vs. coins

Pier Body of water at night Toyshop 0.92 0.60 People shopping in store

Table 2.4: Top per-class differences be-
tween CLIP and ResNet. Accc/Accy:
CLIP/ResNet accuracy.

Table 2.3: Top per-class differences be-
tween ImageNet and V2.

V1. Indeed, while ImageNetV2 aimed to curate images uploaded in a similar timeframe
to ImageNet, all images in ImageNet were collected prior to 2012 whereas a portion of
ImageNetV2 was collected between 2012 and 2014 [216]. This shift in years happens to
coincide with the explosion of social media platforms such as Instagram, which grew from
50M users in 2012 to 300M users in 2014 [58]. In this case, we hypothesize that a small
difference in the time range had a potentially outsized impact on the prevalence of Instagram-
style photos in ImageNetV2 and the performance of models on this dataset.

Beyond dataset-level analysis, we applied VisDiff to each of the 1,000 ImageNet classes,
comparing ImageNetV2 images (D,4) against ImageNet images (D). Notable class-specific
differences are listed in Table 2.3, ranked by difference score, with visualizations in Fig-
ure A.6. Several of these differences suggest more specific examples of Instagram-style pho-
tos, consistent with our dataset-level finding. For example, for the class “Dining Table”,
ImageNetV2 contains substantially more images showing “people posing for a picture”, vi-
sualized in Figure 2.1. For the class “Horizontal Bar”, ImageNetV2 is also identified to have
more images of “men’s gymnastics events.” Upon manual inspection, we find that this high-
lights the difference that ImageNetV2 happens to contain photographs of the Men’s High Bar
gymnastics event in the 2012 Olympics, which occurred after the ImageNet collection date.
These examples illustrate how VisDiff can be used as a tool for surfacing salient differences
between datasets.

Comparing Behaviors of CLIP and ResNet

In 2021, OpenAT’s CLIP [213] showcased impressive zero-shot object recognition, matching
the fully supervised ResNet [100] in ImageNet accuracy while showing a smaller performance
drop on ImageNetV2. Despite similar in-distribution performance on ImageNet, CLIP and
ResNet differ in robustness [186]. This naturally leads to two questions: 1) do these models
make similar predictions on individual datapoints in ImageNet? 2) on what datapoints does
CLIP perform better than ResNet in ImageNetV2?

To investigate these questions, we analyzed ResNet-50 and zero-shot CLIP ViT-H, which
achieve similar accuracies of 75% and 72% on ImageNet, respectively. To study the first
question, VisDiff was applied to the top 100 classes where CLIP surpasses ResNet. Dy
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V1 generated images. For the same prompt,
StableDiffusionV2 images often contain more “vibrant contrasting colors” and “artworks
placed on stands or in frames”. Randomly sampled images can be found in Figure A.9.

comprised images correctly identified by CLIP but not by ResNet, and Dpg included all
other images. The top discoveries included “close-ups of everyday objects”, “brands and
specific product labeling”, and “people interacting with objects”. The first two align well
with existing works that show CLIP is robust to object angles and sensitive to textual
elements (e.g., a fruit apple with text “iPod” on it will be misclassified as “iPod”) [86,
213]. In addition, we ran VisDiff at finer granularity on each of the top 5 classes where
CLIP outperforms ResNet. The discovered class-level differences are shown in Table 2.4,
demonstrating CLIP’s proficiency in identifying “tobacco shops with signs”, “group displays
of digital watches”, and “scenes involving missiles and toyshops with human interactions”,
which echos the dataset-level findings about label, object angle, and presence of people.

To study the second question, we applied VisDiff to ImageNetV2’s top 100 classes where
CLIP outperforms ResNet. We set D4 as images where CLIP is correct and ResNet is
wrong, and Dpg as the rest. The top three differences are: 1) “Interaction between humans
and objects”, suggesting CLIP’s robustness in classifying images with human presence; 2)
“Daytime outdoor environments”, indicating CLIP’s temporal robustness; and 3) “Group
gatherings or social interactions”, which is similar to the first difference. These findings
provide insight into CLIP’s strengths versus ResNet on ImageNetV2, and are also consistent
with the findings in section 2.6 that ImageNetV2 contains more social media images with
more presence of people.

Finding Failure Modes of ResNet

We utilize VisDiff to identify failure modes of a model by contrasting images that are
correctly predicted against those that are erroneously classified. Using a ResNet-50 and
ResNet-101 [100] trained on ImageNet, we set D4 as ImageNet images misclassified by both
ResNet-50 and ResNet-101 and Dpg as correctly classified images. The two highest scoring
descriptions were “humanized object items” and “people interacting with objects”, suggest-
ing that ResNet models perform worse when the images include human subjects, echoing
the finding in section 2.6.

To validate this hypothesis, we applied a DETR [217] object detector to find a subset of
ImageNet images with human presence. Using the classes which have a roughly equal number
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ResNet50 ResNet101 Ensemble

Images w/o Person  69.96% 72.30% 77.32%
Images w/ Person  67.24% [2.72%  68.75% 13.55%  74.86% |2.46%

Table 2.5: Accuracy on images with / without people.

of human/no-human images, we evaluated ResNets on this subset and their accuracy indeed
declined 3-4%, as shown in Table 2.5.

Comparing Versions of Stable Diffusion

In 2022, Stability Al released StableDiffusionV1 (SDv1), followed by StableDiffusionV2
(SDv2) [223]. While SDv2 can be seen as an update to SDv1, it raises the question: What
are the differences in the images produced by these two models?

Using the prompts from PartiPrompts [281] and DiffusionDB [274], we generated 1634
and 10000 images with SDv2 and SDv1, respectively. The Parti images are used to propose
differences and the DiffusionDB images are used to validate these differences transfer to
unseen prompts.

The top differences show that SDv2 produces more “vibrant and contrasting colors” and
interestingly “images with frames or borders” (see Table A.5). We confirmed the color differ-
ence quantitatively by computing the average saturation: 112.61 for SDv2 versus 110.45 for
SDv1 from PartiPrompts, and 97.96 versus 93.49 on unseen DiffusionDB images. Qualita-
tively, as shown in Section Figure 2.5, SDv2 frequently produces images with white borders
or frames, a previously unknown characteristic. This is further substantiated in Section sec-
tion A.4, where we employ edge detection to quantify white borders, providing 50 random
image samples from both SDv1 and SDv2.

Describing Memorability in Images

Finally, we demonstrate the applicability of VisDiff in addressing diverse real-world questions
beyond machine learning, such as computational cognitive science. A key area of interest,
especially for photographers and advertisers, is enhancing image memorability. Isola et al.
[115] explored this question and created the LaMem dataset, where each image is assigned
a memorability score by humans in the task of identifying repeated images in a sequence.

Applying VisDiff to the LaMem dataset, we divided images into two groups: D4 (the
most memorable 25th percentile) and Dg (the least memorable 25th percentile). Our analysis
found that memorable images often include “presence of humans”, “close-up views”, and
“humorous settings”, while forgettable ones feature “landscapes” and “urban environments”.
These findings are consistent with those of Isola et al. [115], as further detailed qualitatively
in Figure 2.6 and quantitatively in section A.4.
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Figure 2.6: Memorable(top) vs. forgettable(bottom) images. Memorable images
contain more “humans”, “close-up views of body part or objects”, and “humorous settings”,
while forgettable images contain more “landscapes” and “urban environments”

2.7 Conclusion

In this work, we introduce the task of set difference captioning and develop VisDiff, an
algorithm designed to identify and describe differences in image sets in natural language.
VisDiff first uses captioning and large language models to propose differences based on image
captions and then employs CLIP to effectively rank these differences. We evaluate VisDiff’s
various design choices on our curated VisDiffBench, and show VisDiff’s utility in finding
interesting insights across a variety of real-world applications.

Limitations. As we see in Section 2.5, VisDiff still has a large room for improvement and
hence far from guaranteed to uncover all meaningful differences. Furthermore, VisDiff is
meant to be an assistive tool for humans to better understand their data and should not be
applied without a human in the loop: the users hold the ultimate responsibility to interpret
the descriptions by VisDiff properly. As VisDiff relies heavily on CLIP, GPT, and BLIP,
any biases or errors these models may extend to VisDiff. Further investigation of VisDiff’s
failure cases can be found in section A.5.
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Chapter 3

Discovering Divergent
Representations between
Text-to-Image Models

Digital art of an A poem narrating Oil painting of An abstract A fierce display of
enraged opera the tempest within the fervor of a representation of a protector's

Input: text-to»image output; divergent singer an artist's heart. revolutionary speech. existential dread unwavering courage.
model pair representation y ‘
;=
E
o
E] Diverging visual attribute:
“Flames”
PixArt

CompCon Diverging prompt description:

“prompts with representations
E] of strong emotions such as

rage, grief, and resilience.”
SDXL-Lightning

SDXL-Lightning

Figure 3.1: CompCon overview. CompCon discovers pairs of prompt concepts and visual
attributes where two text-to-image models diverge in their outputs.

3.1 Introduction

Generative models develop unique representations of semantic concepts — for instance, happy
scenes contain warm colors, or dogs are found outside. While many of these representations
are shared across models, understanding when representations diverge can reveal stylis-
tic differences between models. In this work, we explore how to uncover such divergent
representations by identifying input-dependent differences between two text-to-image mod-
els. Specifically, we aim to discover pairs of semantic concepts and visual attributes where
prompts containing a semantic concept cause one model to generate images displaying the
corresponding visual attribute, while the other does not. For example, prompts that mention
strong emotions result in images with flames in one model but not the other (Fig. 3.1).
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Discovering divergent representations is beneficial for both model developers and users.
For developers, it can help decide which model to deploy to production based on any prob-
lematic discovered divergent representations, and for evaluating against competitor models.
For users, it can help in selecting the model that best aligns with their own interpretations
and needs. Manually performing this task is labor-intensive, as it requires sifting through
hundreds or thousands of images to find visual attribute differences; once identified, addi-
tional effort is needed to determine the types of input prompts that trigger these differences.

When comparing text-to-image models, the evaluation typically focuses on metrics such
as image quality and prompt adherence [91, 108, 109, 111, 144, 204, 228]. While these metrics
indicate how well models perform, they often overlook what the models actually learn. For
example, what defines ‘cute’ versus ‘ugly’? What characteristics make something appear
‘futuristic’? What does ‘emotion’ look like? As we will show, models trained on different
data, using different encoders or training procedures, can learn distinct interpretations of
the same concept. For instance, one model may associate ‘ancient’ with the Paleolithic Era
while the other associates it with the Roman Empire.

To address the task of discovering divergent representations, we make the following con-
tributions. First, we introduce CompCon (Comparing Concepts), an evolutionary search
algorithm designed to uncover input-dependent differences in model representations. Com-
pCon first discovers pairwise differences in model outputs, generates a description of the
prompts that cause this difference, and iteratively refines this description by analyzing ex-
isting prompts and generating new ones likely to highlight these differences. As shown in
Figure 3.1, CompCon can generate prompts that result in model behaviors like putting
flames behind opera singers for one model but not the other.

Second, we create ID? (Input-Dependent Differences), a dataset of 60 semantic-visual
representations to evaluate the efficacy of our method. Using this dataset, we compare
CompCon to LLM, TF-IDF, and VisDiff [70] baselines. As our third contribution, we ap-
ply CompCon to compare the PixArt and SD-Lightning text-to-image models, finding, for
example, that prompts mentioning anger result in depictions of ‘flames’ in PixArt, prompts
mentioning sadness and solitude result in ‘wet streets’ in PixArt, and abstract prompts
with cosmic motifs result in ‘mandala circular designs’ in SD-Lightning. We also uncover
bias, such as PixArt generating older men for prompts mentioning traditional professions.
These findings demonstrate how CompCon can systematically reveal subtle differences be-
tween generative models, helping developers and users better understand and leverage these
models’ unique behaviors.

3.2 Related Work

Evaluating Text-to-Image Models. The evaluation of text-to-image models has ad-
vanced significantly in recent years. Traditional quality measures such as FID [109], In-
ception core [228], CLIP score [108], and CLIP-R score [204] have been complemented by
newer metrics like TAIM [91] and TIFA [111], which leverage vision-and-language models to
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assess prompt adherence. Holistic benchmarks such as HEIM and others [45, 144, 225, 282]
aggregate multiple axes of evaluation, including quality, prompt adherence, style, and effi-
ciency. While these approaches excel in measuring overall model performance, they focus
on objective qualities and often overlook fine-grained, subjective differences between models.
Our work complements these efforts by targeting input-dependent differences, particularly in
semantic interpretations and stylistic variations, which are crucial for understanding model-
specific behaviors.

Interpreting Diffusion Models. Several works have explored ways of interpreting the
internal representations of generative vision-language models. Bau et al. [16], Dravid et al.
[63], Gandelsman et al. [79, 80] explore how to describe the function of certain neurons and
attention heads in natural language,, and Tong et al. [255] discovers how image and text
representations differ in latent space to better understand CLIP failures. We see our work
as a data-driven approach to attain similar insights into model behavior.

Discovering Bias in Diffusion Models. Uncovering and mitigating biases in text-to-
image models has been well explored, with many works focus on finding and mitigating a
predefined set of biases related to gender, race, and geography [19, 44, 77, 85, 98, 269, 273].
Recently, a line of works have emerged that aim to automatically discover biases from the
data, rather than using a predefined list. Many of these approaches [59, 60] discover bias by
prompting a large language model (LLM) to propose potential biases from image captions,
generating prompts that may indicate a bias in models (e.g.,, “a doctor”) and using a
VLM to check if this bias exists. Liu et al. [163] builds on this by clustering generated
images based on concepts like gender, while Chinchure et al. [41] extends bias discovery
to counterfactual examples, eliminating the need for a large caption pool. In contrast, our
work focuses on model comparison, rather than single-model auditing, which better reflects
many real-world evaluations where success is measured by improvement relative to other
models. Additionally, while previous methods [59, 60] identify biases from input captions,
CompCon analyzes generated images directly using VLMs. This enables discovery of subtler,
more nuanced differences in visual representation, including social biases and stylistic or
conceptual divergences between models. Further discussion is in Sections 3.5 and A.12.
Describing Differences in Image Sets. Several works have aimed to describe differences
in sets of images using natural language. For example, VisDiff [70] generates visual attributes
distinguishing two sets of images by analyzing captions and refining them using cross-modal
embeddings. Similarly, Chiquier et al. [42] train interpretable CLIP classifiers that evolve
based on LLM-generated attributes. While these approaches focus on dataset-level dif-
ferences, they do not address input-dependent variation. We adapt and extend VisDiff’s
methodology for pairwise comparison, focusing on prompt-specific divergences and refining
attribute discovery to capture subtler differences. Additionally, our method introduces a
novel iterative search for prompt descriptions that cause these differences.
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Figure 3.2: CompCon overview. We illustrate our approach for discovering diverging
visual attributes (top) and diverging prompt descriptions (bottom). Given two text-to-
image models and a set of prompts, we use a VLM to identify visual differences. For
each diverging attribute, we iteratively refine diverging prompt descriptions by generating
candidate prompts P from the description, classifying them as diverging (H%") or non-
diverging (H"°"). The objective is to maximize the proportion of generated prompts classified
as diverging.

3.3 Divergent Representation Discovery

Let P be a set of text prompts, and pr) and IQ(P) be sets of images generated by two text-to-
image models given the input prompts P. We call the natural language descriptions of the
prompt set P and any visual differences between the two generated image sets I ) and I(P
a divergent representation (see Figure 3.1). These divergent representations take the form of
a pair of natural language descriptions (a, dp,), where a is a description of a visual attribute
seen more often in one model than the other (e.g.,, “flames”), and dp, is a description of
the concepts present in text prompts P, eliciting this difference (e.g.,, “strong emotions”).
We refer to a as a diverging visual attribute, dp, as a diverging prompt description, and P,
as dwerging prompts.

Given a pair of text-to-image models © = (0;,05), we aim to discover differences in
the images generated by the two models as well as a description of the types of input text
prompts that trigger these differences. Let P be the set of all possible text prompts and A
be the set of all possible diverging visual attributes. Our goal is to find the mapping Fg
from text prompts in P to diverging visual attributes in A given the model pair O,

Fo:P s A (3.1)
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Note that this mapping is not a bijection as multiple text prompts may map to a single
diverging visual attribute. Moreover, multiple diverging visual attributes may be depicted
for a given set of diverging prompts.

Our approach for computing the mapping Fo comprises two steps, illustrated in Fig-
ure 3.2. First, given the text-to-image model pair © and a large set of initial prompts
Py C P, we compute a set of diverging visual attributes Ay C A (Section 3.3). Next, for
each diverging visual attribute a € Ag, we optimize an objective to find the set of diverging
prompts P, C P resulting in the diverging visual attribute a (Section 3.3). We next describe
each of these steps.

Discovering Diverging Visual Attributes

Our goal is, given a text-to-image model pair © and a large set of initial text prompts P,
to compute a set of diverging visual attributes Ay over images generated given the prompts.
This task is challenging as a system must identify any consistent visual differences between
the two models’ generated image sets. These differences are often subtle and difficult to
spot over the large generated image collection. We address this challenge by prompting an
off-the-shelf vision-language model (VLM) for this task.

For the text-to-image model pair © and a text prompt p, let G(O©,p) = {Il(p ),IQ(p )}
denote the two sets of images generated by each model given prompt p. We first sample a
batch of prompts Ppaten C Po and, for each prompt p € Ppasen, We construct a two-row image
grid by tiling the images in pr ) on the top row and Iép ) on the bottom row. Using this
image grid, we instruct a VLM to find diverging visual attributes appearing more in images
of 7,V ) compared to Ig(p ) (see Appendix for our instruction prompt). Our resulting diverging
visual attribute list Ag is the aggregation of discovered attributes across Ppasen-

Next, we rank each diverging visual attribute a € Ay by assigning a score indicating
how well attribute a can distinguish image sets pro) and 1-2(730)‘ For each set of images
generated by prompt p € Py, we define a divergence score z(a,I{p),Iép)) — {0,1} that
indicates whether image set Z” contains attribute a while Z" does not.

Using cross-modal similarity, here CLIP [211], we compute the cosine similarity s(-)
between diverging visual attribute a and each image in sets Z” and IZ(p ). Using these
similarities, we define the divergence score as the product of two indicated conditions,

2a, I, TP =1 [s(a, ") > 1] x (3.2)
1 [s(a,Il(p)) — s(a, Ty > 4]

where ¢ and ¢ are hyperparameters that determine if Il(p ) contains attribute a and IQ(p ) does
not contain a.

Using this divergence score, we define the overall score for attribute a as the mean
divergence score over prompts in the initial prompt sei?: ﬁ ,ZPEPO z(a, pr)?zép))' A score of
1 means that all images generated by model 0, contain attribute a and none of the images



CHAPTER 3. DISCOVERING DIVERGENT REPRESENTATIONS BETWEEN
TEXT-TO-IMAGE MODELS 24

Algorithm 1 Discovering diverging prompt descriptions

Input: Model pair O, diverging visual attribute a, initial set of prompts Py, number of iterations
N
Output: Diverging prompt description dp,
1: Initialize: prompt bank H < 0, scores o emptyArray(N), descriptions dp, <
emptyArray(N)
P, < classifyDiverging(O,a,Py)
HE P,
H™ «— P\ P,
foriin1,...,N do
hgiv7 h;rlwn «— sa.mple(’Hdi“, anon)
dp,[i] + describeDiverging(P%V, Pron )
P« getNewDiverging(dp, [i], a, H)
Pff“’, Pnon «+ classifyDiverging(©,a, PS*™)
oli] + [Pg|/|Pg]
HTLOTL — HTLOn U Pgton
fHdiv — fHdz'v U 'Pgiv
: end for
. dp < dp,[argmax(o)]
: return dp_

e e e el

generated by #y contain a. A score of 0 indicates that a never appears more often in images
generated by #,. Note that we are not optimizing for scores close to 1, we are simply
interested in any attribute a that obtains a score sufficiently above zero. Finally, as many
attributes Ay are semantically equivalent (e.g. ”"flames” and ”fire”) we prompt an LLM to
remove similar attributes.

Discovering Diverging Prompt Descriptions

After we discover a set of diverging visual attributes Ay, for each attribute a € Ay we aim to
find a natural language description dp, of the diverging prompts that trigger this attribute.
This task is challenging as the search space over all possible text prompts P is large, and
we must not only find a set of prompts but a natural language description that completely
covers this set.

Let L(dp,) be the diverging prompts generated from description dp,. Our objective is to
maximize the expected divergence score over the generated prompts:

max By g (an,[2(a, 71", 1)), (3.3)
where z is the divergence score defined in Equation (3.2). That is, we want to maximize
the number of prompts that have been generated by description dp, and confirmed to be
diverging. We explore two options for our prompt generator £. The first is to use an LLM to
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generate new prompts given dp,, and the second is to retrieve prompts from a large prompt
bank using dp, .

As the desired diverging prompt description dp, is discrete (natural language) and Objec-
tive (3.3) is not differentiable, we optimize the objective via evolutionary search. To achieve
this goal, for N evolutionary search iterations, we use an LLM to generate description dp,
given a bank of diverging and non-diverging prompts H% and H"°", generate new prompts
and images from dp,, add these new prompts to H% and H"", and evolve our description
using these updated sets.

We maintain a bank H = (’Hdi”,’H”‘m) of diverging and non-diverging text prompts,
where diverging prompts are given by H¥ = {p | z(a,Il(p ),Iz(p )) = 1} and non-diverging
prompts are given by H"" = {p | z(a,pr ),Iz(p )) = 0}. We mutate the current description
dp, by prompting an LLM (GPT-40) to provide a description of what concepts are shared in
HY but not in H"" and score the mutation using Objective (3.3). The mutation prompt
is provided in the Appendix.

Algorithm 1 provides pseudocode for our evolutionary search algorithm, with its key
functions described below.

Mutation function describeDiverging. Given the bank of diverging and non-diverging
text prompts H, we sample B prompts from H% and H"" and instruct an LLM to output
a description dp, (the diverging prompt description) of what concepts are shared across
diverging prompts which are not seen in non-diverging prompts. After the first iteration,
prompts in H which were generated in the previous iteration are up-weighted when sampling.
Mutation scoring. To score the current mutation, we first define a function getNewDiverging
that, given the diverging prompt description dp,, diverging visual attribute a, and prompt
bank H, provides candidate prompts P5*" that are likely to be diverging and do not directly
relate to attribute a. We explore two ways of obtaining P:*": generation and retrieval. In
the generation setting, we prompt an LLM (GPT-40) to generate a diverse set of k new
prompts that align with the description dp,, given random samples of prompts from H as a
point of reference. The instruction prompt can be found in the Appendix. In the retrieval
setting we use description dp, to retrieve the top k£ prompts from the prompt bank H ex-
cluding the B sampled prompts used to generate the prompt description, having the highest
text embedding similarity to dp,. We show results of both of these approaches in Section 3.5
and provide further implementation details in 3.5.

Next, we define a function classifyDiverging that, given the model pair O, visual at-
tribute a, and candidate prompts P, finds the diverging prompts P4 = {p € P | 2(a, pr ),Iép )) =
1}. If more than one image is generated per prompt, we define a prompt as diverging if the
majority of the generated images result in a diverging score z(a, zﬁp ), igp )) =1 for z‘&p ) ¢ pr )
and i € TP,

Finally, we approximate the expectation in Objective (3.3) by the ratio of diverging to
candidate prompts set sizes,

_ [P

EPNE(dPa)[Z(a’Il(p)’IQ(p))] - |7)can’

(3.4)
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Figure 3.3: ID? creation. Given a diverging prompt description d,, and diverging visual
attribute a, we use an LLM to generate prompt pairs where one of the prompts mentions the
diverging visual attribute. Both prompts are then passed to the same text-to-image model
to generate image pairs with the visual difference a.

where | - | denotes the size of the set. We return the diverging prompt description dp, with
the highest ratio.

3.4 1ID? Dataset and LLM Evaluation

To systematically evaluate methods for discovering divergent representations, we created ID?
(Input-Dependent Differences), a benchmark dataset containing 60 divergent representations
between text-to-image models. Each representation consists of a diverging visual attribute
and its corresponding diverging prompt description. Moreover, we include for each diverging
representation a set of prompts that align with the diverging prompt description and, for
each prompt, pairs of generated images where the diverging visual attribute is depicted in
one image but not the other.

Creating such a benchmark is challenging because divergent representations between
models are not known a priors, and manual annotation across the vast prompt space is
impractical. To address this, we use a simulation approach: rather than comparing two dis-
tinct models, we use a single model (SD-3.5-Turbo [3]) and simulate differences by modifying
input prompts to include specific visual attributes.

For each divergent representation in ID?, we generate paired prompts where one explic-
itly mentions the visual attribute while the other does not. Both prompts are processed
by the same text-to-image model, creating image pairs that exhibit controlled, systematic
differences. This simulation approach allows us to create ground truth data with known
divergent representations against which we can evaluate discovery methods. To assess the
quality of discovered representations, we developed an LLM-based evaluation framework
that measures both attribute similarity and description accuracy compared to ground truth.
This framework provides objective metrics to compare different approaches for identifying
divergent representations between text-to-image models. We describe the dataset creation
and evaluation process below and in Figure 3.3.

ID? Dataset Creation. Each divergent representation (a,dp,) in ID? comprises a ground
truth diverging visual attribute a and ground truth diverging prompt description dp,. We
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generate the diverging representations using either GPT-40, Claude 3.5 Sonnet [7], or man-
ually. Each diverging visual attribute a is a short phrase, and diverging prompt description
dp, is a list of semantic concepts that a prompt should include. These representations cover
diverse categories, such as related concepts (‘red roses’, [love’, ‘romance’]), abstract rep-
resentations (‘geometric shapes’, [‘efficiency’, ‘productive’]), and bias (‘overweight person’,
[lazy’, ‘unmotivated’]). The full list of diverging representations are located in the Appendix.

Given a diverging representation (a,dp,), we generate a corresponding set of prompts
and generated images {(p,I}p ),Iép ))} such that each prompt p aligns with diverging prompt
description dp, and the accompanying pair of generated images Il(p ) and I2(p ) has diverging
visual attribute a appearing in one generated image but not the other. We illustrate the
process for creating this set in Figure 3.3. First, we use GPT-40 to generate a prompt p
that aligns with diverging prompt description dp, along with an altered prompt p** that

contains attribute a. Both prompts are then given to a diffusion model 6 (SD-3.5-Turbo) to

generate images such that 7" = (p) and Z”’ = 6(p**). The authors manually inspect these

generations to ensure the prompts align with the diverging prompt description dp,, and that
diverging visual attribute a is seen in the majority of images corresponding to pr ) but not
Iép ). We further validate these sets with human studies described later in the section.

For each of the 60 diverging representations, we generate 3 image pairs per prompt across

50 prompts, resulting in two sets of 150 images. Finally, for each representation, we also
include a set of distractors — image pairs from 200 randomly generated prompts where I{p )
and Iép ) are generated with the same prompt p over different random seeds, resulting in image
pairs with no discernible difference in visual attributes. The purpose of these distractors is
to assess the methods’ ability to generate descriptions and attributes in the presence of noise
(no diverging visual attribute present).
LLM Evaluation. When given ground truth representations (a,dp,) and predicted rep-
resentations (a’,dp ), we use an LLM-as-a-judge (GPT-40) to compute an attribute score
and a description score, which respectively measure the similarity of the predicted visual
attribute and prompt description to the ground truth. The prompt given to the judge can
be found in the Appendix.

These scores range from 0 to 1, where 1 indicates perfect agreement, 0.5 indicates partial
agreement, and 0 indicates no agreement. Partial agreement means that the predicted
attribute or description is related to the ground truth. For example, the ground truth visual
attribute is ‘flames’ and the predicted attribute is ‘a red color palette’ would be deemed
a partial alignment. To maintain a fair evaluation with other baselines, we prompt our
mutation LLM to structure descriptions dp, as a short list of semantic concepts.

Human Validation of ID? and LLM Evaluation. We conducted a two-stage valida-
tion study with 4 PhD students, each annotating 10 randomly sampled sets from ID? (2
annotations per set). Participants identified concepts appearing more frequently in one set
versus another and concepts shared across prompts. They then assessed whether our ground
truth diverging attribute and diverging prompt description aligned with their descriptions
and with the images/prompts. Nearly all participants agreed with the ground truth: partic-
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ipants validated that all 40 visual attributes appeared in generated image pairs, and 36/40
provided free-form attributes that matched the ground truth (match validated by the par-
ticipants). Similarly, for prompt descriptions, 39/40 validated the ground truth, and 34/40
provided free-form attributes that matched the ground truth.

To validate our LLM scoring system, three participants scored 25 predictions using the
same rubric given to the LLM judge. The weighted Cohen’s kappa [51] between humans
and the LLM was 0.635, comparable to inter-human agreement (0.667), confirming that
LLM-as-a-judge scores align closely with human evaluation.

3.5 Experiments

We measure CompCon’s ability to discover diverging visual attributes and diverging prompt
descriptions in comparison to baselines on the ID? (Section 3.5) and apply CompCon to com-
pare two popular open source models, PixArt [32] and SD-Lightning [157] to find diverging
representations and uncover age and gender bias (Section 3.5)

Experimental Details

For our experiments, we set the size of Ppyen, to be 50, ¢t = 0, and 6 = 0.05 for our diverging
visual attribute discovery phase. In our diverging prompt description phase, we sample
25 prompts from H4 and H"" and generate k = 25 new prompts per iteration. For all
experiments, each model generates 3 images per prompt across different seeds. We set t = 0.2
and 6 = 0.05 for our benchmark comparison. For the model comparison in Section 3.5, we
manually inspect prompts labeled as diverging to set thresholds ¢ and §. Hyperparameters
for each discovered diverging representation, as well as all LLM and VLM prompts used for
the method and baselines can be found in the Appendix.

We use GPT-40 [197] as the LLM for CompCon’s diverging visual attribute discovery
and diverging prompt description discovery phases, as well as for the LLM-Only baseline
described below. We use CLIP ViT-bigG-14 [37, 113, 211] trained on Laion2b [232] to
classify diverging prompts and attributes and the instructor-xl [244] text embedding model
for prompt retrieval. Our dataset generation and experiments were performed on two 80GB
NVIDIA A100 GPUs.

Baselines

We compare CompCon to several baselines on the ID?, including an end-to-end approach and
approaches for the individual diverging visual attribute and diverging prompt description
discovery phases.

LLM-only (end-to-end). We select 50 random prompts Pjsgmpe from each dataset D,
caption the corresponding generated images and prompt an LLM (GPT-40) to find any
diverging representations.
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TF-IDF (diverging visual attribute discovery). We caption the generated images

prs“m”“) and Iép‘mmp“). We then combine all captions produced for Il(PS“m”“) and IQ(PS“"““ZE)
into two separate documents and compute TF-IDF [241], taking the top-5 1-3 word phrases

sample)

that appear more often in captions of prm’"”k) than Ig) .
VisDiff (diverging visual attribute discovery). We apply the VisDiff algorithm [70]

for finding differences in image sets Il(Psamp ) and Iépmmp te),
TF-IDF (prompt description discovery). Given a diverging visual attribute a, we
run classifyDiverging on D, to obtain the diverging and non-diverging prompts and run
TF-IDF to find which phrases appear more often in the diverging prompts compared to
the non-diverging prompts. We report results using this method on the diverging visual
attribute’s discovered by CompCon.

We use Llava 1.5-7b [159] for image captioning used in the VisDiff and TF-IDF baselines.

Benchmark Results

Attribute Score Description Score
Method Top 1 Top 5 Method Top1 Top 5
CompCon  0.60  0.68 CompCon [5-iter] 0.64  0.78
VisDiff 0.47 0.62 CompCon [l-iter] 0.59  0.72
TF-IDF 0.23 0.37 TF-IDF 0.40  0.57
LLM-only 0.08  0.24 LLM-only 0.03 0.28

Table 3.1: Visual attribute and prompt description scores on ID2. Our approach
outperforms all baselines on both diverging visual attribute and diverging prompt description
discovery.

We report diverging visual attribute and diverging prompt description discovery results
in Table 3.1. CompCon obtains higher attribute and description scores than the baselines.
An example output, along with their strengths and weaknesses, are shown in Figure 3.4. We
find that:

1. The LLM-only baseline performs poorly compared to the other methods, often out-
putting diverging representations that are completely unrelated to the ground truth.
This result is due to the complexity of the task: the LLM must (1) find differences
between each pair of captions, (2) uncover which differences are seen most often, and
(3) summarize the prompts that have this difference in the captions.

2. When discovering diverging visual attributes, VisDiff and TF-IDF often fail at identify-
ing more fine-grained differences. This finding is likely due to the reliance on captions
lacking fine-grained detail, especially when comparing images depicting similar con-
texts.
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intimate dinner furnished for casual reading and private cocktails and Diverging Visual Attribute

gatherings family meals relaxation conversations

Ground Truth: 'venetian blinds'
LLM-Only: ‘onlookers’

TF-IDF: 'natural light'

VisDiff: 'wooden floor’

CompCon: 'striped window blinds'

Diverging Prompt Description

Ground Truth: 'small dining room', ‘small living room’
LLM-Only: 'Crowd', 'spectators', 'audience’
TF-IDF: 'space’, ‘corner’, ‘compact’
CompConl[1]: 'Indoor settings',

'Spatial organization', 'Design elements'
CompConl[5]: 'Cozy environments',

'Multifunctional spaces', 'Compact Comfort'

Figure 3.4: ID? example. Top: We show dataset prompts and corresponding generated
images, where the second image row depicts the diverging visual attribute. Bottom: We
show the ground truth diverging visual attribute and diverging prompt description, along
with outputs from our approach and the baselines. Notice that our method produces outputs
that better align with the ground truth.

3. While additional iterations offer modest gains in performance when generating diverg-
ing prompt descriptions, we see in Figure 3.4 that iterations are beneficial when the
ground truth description is more fine-grained. This iterative refinement enables the
model to evolve from describing general representations to fine-grained qualities.

Additional experiments on the effects of iterations, the choice of LLM and VLM, and sensi-
tivity analysis of the effects of LLM and VLM errors are in Section A.7.

Qualitative Results

Using CompCon we find divergent representations in several popular diffusion models: PixArt
Alpha [32], SDXL-Lightning [157], Stable Diffusion 3.5 Large [3], and Playground 2.5 [147].
As listed in Section 3.3, we use an LLM to generate diverging prompts from the prompt
description generated at each iteration. A subset of these generated diverging prompts are
shown below. Additional prompts, experiments on other prompt sets and models, and a
comparison to a single-model method are in Sections A.6 and A.12.

Results on templated prompts. We run CompCon with an initial prompt bank covering
different art styles, subjects, and descriptors and visualize results in Figure 3.5. CompCon
discovers both diverging representations like negative emotions and empty urban environ-
ments produce “wet streets” in PixArt. Looking at the “flames” example in Figure 3.1, we
also see diversity in the presentation of attributes, with flames taking the form of a burn-
ing podium to a fiery background to a large red cloud. Lastly, we see scenarios of poor
prompt adherence in the “decay” divergence representation, where SD-Lightning does not
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representation of bleakness, desolation, and an underlying tone of negative associated with opulence, care, or newness placed within or against
emotion such as sadness, anger, or emptiness in an urban environment. settings that are visibly deserted, neglected, or starkly barren.

Figure 3.5: CompCon results comparing PixArt and SD-Lightning. PixArt asso-
ciates negative emotions / desolation in urban environments with ‘wet streets,” while SD-
Lightning struggles to depict run-down or dilapidated scenes, where PixArt instead conveys
‘decay.’

produce visual elements that indicate rundown and abandoned places while PixArt asso-
ciates abandonment with decay. Our findings demonstrate that CompCon can effectively
uncover both concrete and abstract divergent representations in text-to-image models, pro-
viding interpretable insights into their behavior. The template used to create the prompt
bank, additional qualitative examples, and analysis on the effects of iterations are included
in the Appendix. Additionally, the Appendix includes results of running CompCon on a
dataset of prompts generated by LLMs, creating a fully automated pipeline.

Detecting bias. We show that CompCon can be used for the crucial task of bias detection.
As an initial prompt set, we take existing prompts from Luccioni et al. [169], which probe
a model’s gender bias when it comes to professions. This dataset contains 252 template
prompts that uses a list of professions and interchanges “man”, “woman”, and “person”
(e.g.,, “A man/woman/person who works as a baker”). In Figure 3.6, CompCon highlights
differences in how professions are visually represented, with Stable Diffusion 3.5 generating
significantly more African American people in media and communication-focused roles. More
examples of CompCon detecting other biases are in Section A.6.

Limitations and Cost

As CompCon relies on off-the-shelf LLMs and VLMs, it inherits their biases. While such
biases can cause false negatives when discovering diverging representations, the descriptions
found still align with human discovery. We validate this through user studies showing that
our benchmark evaluation matches human annotation. Additionally, Section A.7 shows that
CompCon detects gender and age biases between diffusion models, and CompCon can find
correct diverging representations even when the VLM or LLM fails part of the time.
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Figure 3.6: Finding bias. CompCon discovers both age and racial bias across different
text-to-image models. (Left) Age bias in PixArt for prompts about traditional professions.
(Right) Racial bias in Stable Diffusion 3.5 for prompts about media professions.

Cost. Using GPT-40 as the VLM and LLM costs ~$0.50 for attribute discovery plus ~0.02
per attribute iteration. This can be cost-effective for comparing one model to N others
(O(N)). Running smaller open-source models like IDEFICS llama3-8b [139] cuts costs while
maintaining competitive performance, still outperforming baselines. Additional open-model
results are in Section A.7.

3.6 Conclusion

We present CompCon, a method for systematically discovering divergent representations
between text-to-image models. By identifying input-dependent differences in model outputs
and uncovering the prompt concepts linked to these differences, CompCon provides a frame-
work to understand how models interpret semantic concepts differently. Our results on our
ID? benchmark and in the comparison of PixArt and SD-Lightning, demonstrate Comp-
Con effectiveness in revealing subtle model-specific behaviors. This opens the possibility of
identifying and mitigating unwanted behaviorgenerated images and videos. Moreover, our
approach can serve as a tool for probing the hypothesis that different models converge to
the same representation [112].
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Chapter 4

From Crowdsourced Data to
High-Quality Benchmarks:

Arena-Hard and BenchBuilder
Pipeline

4.1 Introduction

The proliferation of Large Language Models (LLMs) has spurred advancements, leading
to models trained on vast datasets with significantly enhanced capabilities. However, this
innovation also presents challenges in designing effective evaluation benchmarks. Many ex-
isting benchmarks [21, 23, 62, 103, 214, 267] are unable to keep up with the rapidly advancing
capabilities of these models, becoming saturated and unable to differentiate between state-of-
the-art models. Additionally, many benchmarks are designed for automatic evaluation with
restrictive prompts, such as close-ended or multiple-choice questions, which do not accurately
reflect a model’s performance in real-world interactions. Recent developments in benchmark
evaluation [247, 294] have made it feasible to evaluate more open-ended prompts, yet gen-
erating high-quality prompts at scale remains challenging. Furthermore, static benchmarks
are prone to over-fitting and potential test leakage over time, reducing their effectiveness in
ranking models.

To address these issues, an effective benchmark must confidently differentiate model
capabilities, reflect real-world human interactions, and update frequently to stay relevant
and avoid overfitting. Live crowdsourced evaluation platforms, like the Chatbot Arena [40],
address some of these concerns by collecting real-world user prompts with preference labels.
However, without quality control, these platforms can include low-quality prompts that do
not adequately differentiate top models.

In this work, we introduce BenchBuilder, a data pipeline designed to automatically build
high-quality benchmarks from live crowdsourced data source such as the Chatbot Arena.
BenchBuilder identifies diverse benchmark prompts that can confidently separate model
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performance. It uses seven key indicators of high-quality prompts, such as specificity and
domain knowledge, and employs an LLM to annotate prompts for these indicators. The
resulting benchmark, Arena-Hard-Auto v0.1, uses an LLM judge [293] to estimate human
preference against a baseline model, making BenchBuilder and Arena-Hard-Auto v0.1 a fully
automated system. We further explore how to measure the quality of benchmarks by intro-
ducing metrics to assess a benchmark’s ability to confidently separate models and its agree-
ment with human preferences. Comparing Arena-Hard-Auto v0.1 to current leading bench-
marks such as AlpacaEval [247] and MT-Bench [293], we demonstrate that Arena-Hard-Auto
v0.1 offers significantly stronger separability with tighter confidence intervals. Additionally,
Arena-Hard-Auto v0.1 achieves 89.1% agreement with Chatbot Arena rankings, making it
an excellent predictor of downstream performance. Arena-Hard-Auto v0.1 provides a cost-
effective and informative evaluation benchmark, and the BenchBuilder pipeline serves as a
valuable tool for developers seeking to automatically generate high-quality benchmarks from
vast data sources.
To summarize, our work makes the following contributions:

1. We propose a novel data curation pipeline, BenchBuilder, to automatically construct
high-quality benchmarks from crowdsourced data.

2. We propose metrics to capture desired properties in a benchmark, and validate Arena-
Hard-Auto v0.1 achieves significantly better separability and agreement than existing
benchmarks.

3. We open-source both the Arena-Hard-Auto v0.1 benchmark and BenchBuilder pipeline!.

4.2 Related works

LLM benchmarks. We briefly review widely used LLM benchmarks. Most existing
benchmarks are static and ground-truth-based (e.g., multi-choice question answering). They
cover a wide range of domains, including math, science, coding, and reasoning. Common
ones include MMLU [103], MATH [105], GSM-8K [50], HumanEval [34], DROP [65], Big-
Bench [243], HellaSwag [285], AGIEval [299], GPQA [220], as well as comprehensive collec-
tion like HELM [152]. Many have considered task-based evaluation such as IFEval [301],
SWE-Bench [124], or AgentBench [165]. As LLMs become widely adopted in open-ended
scenarios involving interaction with humans (e.g., chatbot), many have considered human
evaluation using domain experts or crowd raters such as Amazon Mechanical Turk [129, 272]
to examine models’ response quality. As an alternative to human labeling, previous work has
shown that LLM-as-a-judge can be effective human preference proxies (e.g., AlpacaFarm [66],
MT-bench [293], AlpacaEval [151]).

Benchmark leakage. A fundamental limitation of static benchmarks is the potential
risk of test set leakage (i.e., contamination). Existing works [27, 226, 248, 279] have suggested

LOur code is available at: https://github.com/1m-sys/arena-hard-auto
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a growing risk of contamination, which undermines the reliability of benchmarks over time,
motivating the need for benchmarks that are more frequently updated.

Live benchmarks. DynaBench [130] identifies these challenges and recommends cre-
ating living and continuously evolving benchmarks. Recent works LiveCodeBench [119],
R2E [120], as well as the community based live evaluation, Chatbot Arena [40]. However,
none of these focus on developing a pipeline for automatic benchmark curation.

4.3 How do you measure benchmarks?

Given a benchmark consists of a dataset D of prompts and scoring function f to measure
the performance of model 7; on prompt p, we outline two key properties that an LLM
chatbot benchmark approximating human preference should possess to provide a meaningful
measurement of capabilities between models:

1. Separability: the benchmark should separate models with high confidence.

2. Alignment with Human Preference: f should agree with human preference.

While previous works have focused on alignment, separability is also a crucial consider-
ation when comparing models of similar quality (e.g., different checkpoints from the same
training run). However, achieving high-confidence separability is challenging due to limita-
tions in prompt design and inherent variances in LLM evaluations. Overly simplistic prompts
fail to distinguish between models, while the randomness in human and LLM judgments
leads to inconsistent predictions. As a result, it is often difficult to confidently determine if
a model’s apparent performance reflects a genuine difference in capability or merely noisy
observations, highlighting a need for methods to verify whether a benchmark can reliably
separate similar models.

Statistical measures like Pearson [209] and Spearman Correlations, commonly used in
benchmarks such as AlpacaEval [151] to measure correlation to human preference ranking,
may fail to adequately address model separability and ranking instability. In addition,
these measures only provide a coarse signal of ranking correlation without quantifying the
magnitude of performance differences between model pairs.

To address these issues, we develop three novel metrics: Separability with Confidence,
Agreement with Confidence, and Pair Rank Brier Score.

Separability with Confidence quantifies the benchmark’s confidence by measuring its
consistency in predicting the winner of a model pair across random seeds through bootstrap-
ping. This is done by calculating the percentage of model pairs that have non-overlapping
confidence intervals of their benchmark scores. A higher percentage indicates that the bench-
mark is more confident in distinguishing between the performance of different models, as the
confidence intervals of their scores do not overlap.

Agreement with Confidence Interval measures how well benchmarks A and B con-
fidently distinguish between two models with the same ordering. Given two models 7, mo
to evaluated on A and B, we assign the following scores:
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1. If both A and B can confidently separate 7, ms, we assign a score of 1 if the rankings
match across A and B, otherwise -1.

2. If either A or B cannot separate 7, my with confidence, we assign a score of 0.

The final agreement score across models is the average score across all unique model pairs.
An agreement score of 1 implies that benchmark A confidently agrees with benchmark B
on the preference of every unique model pair. Conversely, a score of -1 indicates that A
confidently disagrees with B on every unique model pair.

Pair Rank Brier Score further assesses an LLM benchmark’s capability to predict
the ranking of a pair of competing models by rewarding confidence in correct predictions
while penalizing confidence when incorrect. Consider two models 7 > w9 with disparate
quality. Although two benchmarks A and B predict the same ranking 7; > 7o, they predict
P(m > m) as .60 and .90, respectively (undetectable by Spearman correlation). These
benchmarks would result in very different Brier scores, reflecting their ability to quantify
the magnitude of performance difference between the models. If both benchmarks give the
wrong prediction of the winner, we prefer the benchmark with a less confident prediction.
Brier score weighs a benchmark’s accuracy and its ability to quantify the appropriate level
of uncertainty in its predictions.

For each model pair, the benchmark’s forecast probability f(m; < ;) can be estimated
as P(f(m;) < f(m;)) with f(m;) ~ N (s, 07) and f(m;) ~ N(py,07), where p; and o} are the
bootstrapped mean and variance by evaluating multiple times. The Brier Score Loss is then
calculated over the benchmark’s prediction for each model pair with respect to the ground
truth probability, where Brier Score is defined as + 2upflm <m)—0(m; < 7;))?, where
N is the number of model pairs and O is the ground truth outcome.

Let scoring function s(7;) output the bootstrapped benchmark score for model 7;. Since
s(m;) is the bootstrapped score, we can consider it as a random variable s(m;) ~ N (ju;, 0?)
where p; and o? are the bootstrapped mean and variance, respectively. Now, consider
model pair (m;,7;): let P(s(m;) < s(x;)) be the forecasted probability that model 7; per-
forms lower than 7; on the ground truth measurement. We observe that since s(m;) and
s(m;) are normally distributed, we can directly evaluate P(s(m;) < s(7;)). Let Ori<n; =
1(m; performs lower than on ground truth 7;) represent the ground truth outcome. The
Brier Score Loss is then calculated over the benchmark’s prediction for each model pair with
respect to the ground truth outcome O, where Brier Score is defined as + > 0 j}(p(s(m) <
$(m;)) — Or,<r,)?, where N is the number of model pairs.

Separability with Confidence, Agreement with Confidence Interval, and Pair Rank Brier
Score each provide useful perspectives for evaluating the effectiveness of LLM benchmarks.
However, no single metric is intended to be individually sufficient. Ultimately, these metrics
are complementary and should be considered together holistically. We claim that together,
these metrics offer a robust framework for assessing benchmark performance, balancing the
need for clear differentiation with alignment to human preferences.
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Figure 4.1: BenchBuilder Pipeline. Starting with a live data source of crowdsourced
user prompts, we first cluster their embeddings to form topic clusters. An LLM annotator
then assigns quality scores based on the required skills. Clusters with low quality scores are
filtered out, and we sample from the remaining high-quality clusters to create a diverse and
challenging dataset of benchmark prompts.

4.4 The BenchBuilder Pipeline and Arena-Hard-Auto v0.1
Dataset

BenchBuilder: A pipeline for converting messy data into high-quality
benchmarks

BenchBuilder automatically extracts diverse, high quality prompts from a dataset of 200,000
user queries collected via Chatbot Arena. This is done by assigning a quality score to each
prompt and by sampling prompts with a high quality score evenly across a wide range of
topics. An outline of our data creation pipeline is shown in Figure 4.1.

Key Prompt Qualities

e Specificity: Does the prompt ask for a specific, well-defined output
without leaving any ambiguity?
¢ Domain Knowledge: Does the prompt test the AI’s knowledge and

understanding in a specific domain or set of domains?

® Complexity: Does the prompt have multiple components, variables, or
levels of depth and nuance?

® Problem-Solving: Does the prompt require active problem-solving:
analyzing and clearly defining the problem and systematically devising
and implementing a solution?
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® Creativity: Does the prompt require a creative approach or solution?

® Technical Accuracy: Does the prompt require an answer with a high

degree of technical accuracy, correctness and precision?

® Real-world Application: Does the prompt relate to real-world
applications?

To discover high quality prompts, we define seven qualities of a prompt which signify the
skills required to successfully answer, including specificity, domain knowledge, complexity,
and more shown in the figure above. These qualities are used by an LLM annotator to assign
a “quality score” to a given prompt p, which indicates how many of the above qualities are
seen in p. Full instruction prompt is in Section A.14.

To ensure that the filtered prompts represent a wide range of tasks, we adopt a topic mod-
eling pipeline in BERTopic by first converting each prompt with OpenAl’s embedding model
(text-embedding-3-small [196]), reducing dimension with UMAP, and using a hierarchical-
based clustering algorithm (HDBSCAN) to identify clusters which are then summarized
using GPT-4-Turbo [194].

As some topic clusters contain mostly trivial or ill defined prompt like “hi”, we select the
topic clusters with mean quality score > 6 out of 7 and sample prompts equally across each
of these clusters. The resulting dataset consists of mostly well-defined, technical problem-
solving queries as required in the above key criteria. Dataset statistics and further description
of the filtering process used for Arena-Hard-Auto v0.1 along are in the following section.

Arena-Hard-Auto v0.1: A set of challenging, high-quality prompts from
Chatbot Arena

We utilize the BenchBuilder pipeline to create Arena-Hard-Auto v0.1, a set of 500 high-
quality prompts taken from 200,000 prompts from Chatbot Arena, an open source platform
for LLM evaluation. We first remove any duplicate prompts, multi-turn conversations, or
non-English conversations, and obtain over 4,000 topic clusters and 75,000 queries covering
a wide range of domains.

Then, we use the GPT-3.5-Turbo as judge to assign a “quality score” to each prompt and
remove prompts which either have a score < 5 or which belong to a topic cluster with a mean
score < 3. We present the statistics in Table 4.1. Notably, around 18% out of 75,000 queries
are higher quality according to GPT-3.5-Turbo. We then use GPT-4-Turbo as judge to
assign a quality score and ensuring the quality of the remaining prompts, resulting with over
500 high quality clusters. We randomly sample 500 prompts from these clusters, creating
Arena-Hard-Auto v0.1. Additionally, we confirm our final dataset does not contain any
personally identifiable information or offensive content.

In Figure 4.2, we show examples of topic clusters ranging from low to high mean scores
provided by GPT-3.5-Turbo. We can observe clusters with higher scores often correlate to
challenging topics or tasks for LLMs like game development or mathematical proofs. On the
other hand, clusters with lower scores point to trivial or ambiguous questions like ”Flirty
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Texting Strategies”. We present several example prompts and their respective topic cluster
below.

Cluster 1: Greetings and Well-Being Inquiry (Mean Score: 2.7)

Yo, what up my brother (Qualities: None)

Cluster 2: US Presidents Query (Mean Score: 3.2)

Who was the president of the US in 1975 (Qualities: Specificity, Domain
-Knowledge, Technical Accuracy, Real-World)

Cluster 3: Physics Problem Solving (Mean Score: 5.0)

A 50,000 kg airplane initially flying at a speed of 60.0 m/s
accelerates at 5.0 m/s2 for 600 meters. What is its velocity after this
acceleration? What is the net force that caused this acceleration? (
Qualities: Specificity, Domain-Knowledge, Complexity, Problem-Solving,

Technical Accuracy, Real-World)

Cluster 4: OpenCV Image Processing Technique (Mean Score: 5.5)

you are given a task to detect number of faces in each frame of any
video using pytorch and display the number in the final edited video. (
Qualities: All)

To see whether “quality score” assigned during BenchBuilder’s pipeline correlates with
separability and agreement, we sample 50 prompts per score and compare the responses from
GPT-4 and Llama-2-70b-Chat [258], with GPT-4-Turbo as judge. In Figure 4.4 (Left), we
observe a strong correlation between high potential score and the win-rate of GPT-4-Turbo
over Llama-2-70b-Chat. A similar trend is also observed in other model pairs such as Claude
Sonnet vs Haiku and Mistral-Large [249] vs Mixtral [122].

Since qualities assigned by GPT-4-Turbo are critical to ensure the final prompt selection
is high-quality, we verified its accuracy as annotator. We construct “ground truth” labels
for 200 randomly sampled queries by collecting majority votes from GPT-4o [197], Claude-
3-Opus [8], and Gemini-1.5-Pro [248]. GPT-4-Turbo has 85.6% accuracy against “ground
truth” labels, validating its ability as annotator.

4.5 Evaluation with LLM-as-a-Judge

Evaluating models on challenging queries such as Arena-Hard-Auto v0.1 is a non-trivial
task. Most queries involve deep domain knowledge and problem solving skills, requiring
expert-level judgment to evaluate the answer quality. Unfortunately, it is prohibitively
expensive and time consuming to use human judges. Following LLM-as-a-Judge [293] and
AlpacaFarm [66], we employ LLM-as-a-judge framework to approximate human preference.
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To obtain a score for model 7; on prompt p, we consider the pairwise comparison setup
against a strong baseline model 7p45. (GPT-4-0314) and employ a strong judge model (e.g.,
GPT-4-Turbo or Gemini-1.5-Pro) to measure preference. We obtain a score for each output
mi(p) by asking the judge to rank its preference of m;(p) or mpase(p) on a Likert scale [155]
(1 = prefers m;(p) much less than myse(p), 5 = prefers m;(p) much more than 7. (p)). This
way, a model will be penalized more in big losses than small losses, which we find to be
effective in separating models. We also employ chain-of-thought (CoT) [276] to prompt the
LLM judge to generate its own answer first before giving judgments. The full judge prompt
can be found in Section A.14.

To avoid potential position bias, we adopt a two-game setup — per query we swap the
models on the first and second position. This results in 1000 judgments per model evaluation.
Following Chatbot Arena, we adopt the Bradley-Terry [24] model to produce model’s the
final model scores. We aggregate all pairwise comparisons to the baseline model for all
models and bootstrapping the comparisons to retrieve a bootstrapped confidence interval of
all models’” win-rate against the baseline, producing a ordered ranking of all models by their
win-rates.
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Figure 4.4: Win-rate of three model pairs (GPT-4-0613 vs Llama-2-70b-chat, Claude-3-
Sonnet-20240229 vs Claude-3-Haiku-20240307, and Mistral-Large vs Mixtral-8x7b-Instruct-
v0.1) over “quality score”. We randomly sample 50 queries for each quality score 0-7 and
bootstrap a win-rate and confidence interval between model pairs on each score interval of 2.
We observe a similar trend of win-rate between model pairs becomes increasingly separable
as the quality score increases.

Quality Score 1+ 2+ 3+ 44 5+ 6+ T+
% of queries 95.4 83.5 61.9 48.7 33.8 17.9 0.2
Qualities Specificity Domain-knowledge Complexity Problem-solving Creativity Tech. Accuracy Real-world
% of queries 57.3 63.4 35.0 34.9 26.1 39.0 87.9

Table 4.1: First row is the percentage of queries with quality scores of the column or more
in 75K Chatbot Arena data assigned by GPT-3.5-Turbo. Second row is the percentage of
queries in 75K Chatbot Arena labeled by GPT-3.5-Turbo with each of the 7 qualities.

4.6 Experimental Results

Setup and Baselines

To compare Arena-Hard-Auto v0.1’s separability and alignment with humans against other
widely used benchmarks, MT-Bench [293] and AlpacaEval 2.0 Length Controlled [67], we
obtain 95% confidence interval of model performances via applying 100 rounds of bootstrap-
ping on judgment results for each benchmark. For AlpacaEval, we use pre-existing results
from their repository. We obtain MT-Bench judgment with no modification to their recom-
mended evaluation setup. For Arena-Hard-Auto v0.1, we employ the system proposed in
section 4.5 by choosing gpt-4-0314 as baseline model for pairwise comparison.

Lopt-4-turbo-2024-04-09, claude-3-opus-20240229, claude-3-sonnet-20240229, gpt-4-0314 [193], gpt-4-
0613, mistral-large-2402, gqwenl.5-72b-chat [250], mistral-medium, claude-2.0, gpt-3.5-turbo-0613, claude-
2.1, gemini-pro [83], mixtral-8x7b-instruct-v0.1, gpt-3.5-turbo-0314, yi-34b-chat [2], tulu-2-dpo-70b [117],
dbrx-instruct-preview [252], vicuna-33b [38], starling-lm-7b-alpha [302], llama-2-70b-chat
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Chatbot Arena MT Bench AlpacaEval 2.0 LC Arena-Hard-Auto v0.1

Confiderence Agreement N/A 26.1% 81.2% 89.1%
Separability 85.8% 22.6% 83.2% 87.4%
Spearman Correlation N/A 91.3% 90.8% 94.1%
Brier Score N/A 0.09 0.11 0.069
Real-world Yes Mixed Mixed Yes
Freshness Live Static Static Frequent Updates
Eval cost per model very high $10 $10 $25
Prompts per model 10000+ 160 800 1000

Table 4.2: We use a set of top-20 models' on Chatbot Arena (2024/04/13) that are also
present on the AlpacaEval leaderboard to calculate separability and agreement per bench-
mark. We consider the human preference ranking by Chatbot Arena (English only) as the
reference to calculate agreement.

Model GPT4-T Claude3-Opus Geminil.5-Pro Llama3-70B Ensemble-as-Judges
Confiderence Agreement 89.1% 66.7% 84.8% 65.6% 91.5%
Separability 87.4% 83.68% 82.11% 81.6% 89.5%
Spearman Correlation 94.1% 77.0% 95.2% 70.5% 96.5%
Brier Score 0.069 0.170 0.064 0.196 0.065

Table 4.3: Statistics of Arena-Hard-Auto v0.1 with four LLM different judges: GPT4-T (gpt-
4-1106-preview), Claude-3-Opus, Geminil.5-Pro (gemini-1.5-pro-0514), Llama3-70B (llama-
3-70b-instruct). We compare rankings produced by these judges against Chatbot Arena
(English) ranking (as of 2024/04/13). We observe GPT-4T and Geminil.5-Pro have higher
agreement than Claude-3-Opus and Llama-3-70B. Furthermore, the ensemble of GPT4-T
and Geminil.5-Pro shows even higher agreement.

In order to compare these benchmarks fairly, we use a set of top-20 models' on Chatbot
Arena [40] (2024/04/13) that are also presented on AlpacaEval leaderboard (2024/04/13) as
ground truth for human preferences on the model ranking orders. In section 4.6, we individ-
ually compare Arena-Hard-Auto v0.1 to Chatbot Arena within a more similar distribution
of user queries. We compute separability using 95% confidence intervals and consider the hu-
man preference ranking by Chatbot Arena as the reference to calculate agreement, Spearman
correlation, and Pair Rank Brier Score across AlpacaEval, MT-Bench, and Arena-Hard-Auto
v0.1.

Separability and Agreement Across Benchmarks

In Table 4.2, Arena-Hard-Auto v0.1 shows the highest separability (87.4%) against widely
adopted LLM benchmarks and offers highest agreement (89.1%) to Chatbot Arena at $25
cost. In Figure 4.3, we show Arena-Hard-Auto v0.1 offers significantly stronger separability
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Model Arena-Hard-Auto v0.1 Random Sample 1 Random Sample 2
Confiderence Agreement 84.2% 57.5% 66.1%

Separability 80.5% 74.7% 76.3%
Spearman Correlation 94.7% 64.7% 72.5%
Brier Score 0.069 0.215 0.162

Table 4.4: We compare Arena-Hard-Auto v0.1 with two sets of 500 prompts randomly
sampled from 75K Chatbot Arena user queries. We evaluate the set of top-20 models and
compare various statistics across. Each prompt is judged only once by positioning the
baseline answer first.

Arena-Hard-Auto v0.1

Confiderence Agreement 92.0%
Spearman Correlation 96.4%
Brier Score 0.055

Table 4.5: We compare Arena-Hard-Auto v0.1 (gpt-4-1106-preview as judge) to Chatbot
Arena Category Hard Prompt (English) on the same set of top-20 models*. By comparing
Arena-Hard-Auto v0.1 to a similar distribution of queries from Chatbot Arena, we obtain
even higher alignment to human preferences.

against M'T Bench with tighter confidence intervals. With only 500 prompts, Arena-Hard-
Auto v0.1 achieve impressive alignment to and even higher separability than Chatbot Arena
Ranking, which constitutes for approximately 1 million real-world human preferences.

Notably, we observe a significant gap between MT-bench’s Spearman Correlation (91.3%)
and confidence agreement (22.6%) to Chatbot Arena, an example where Spearman Corre-
lation fails to account for variance of the rankings, and hence cannot adequately measure
important ranking granularity of top LLMs. We present a visual comparison between Arena-
Hard-Auto v0.1 and MT-Bench in Figure 4.3, highlighting Arena-Hard-Auto v0.1’s improved
separability.

Comparing to a similar distribution of human preference

We set Chatbot Arena Category Hard Prompts (English) as ground truth reference. Chatbot
Arena Category Hard Prompt is a human preference ranking leaderboard based on votes from
a harder subset of 200,000+ prompts extracted from over 1 million Chatbot Arena queries
using a similar method as BenchBuilder. In Table 4.5, we show Arena-Hard-Auto v0.1
achieving an overall higher alignment (92.0% Confidence Agreement) to human preferences.
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Comparing to Random Subsets of Arena

To further verify BenchBuilder pipeline’s ability to select high-quality prompts, we compare
Arena-Hard-Auto v0.1 to two sets of 500 randomly selected prompts from the 75,000 user
queries prior to pipeline extraction. We compare their ranking preferences of the set of
top-20 models produced by GPT-4-1106-Preview as judge. In Table 4.4, we observe Arena-
Hard-Auto v0.1 is significantly better than both random baselines, verifying BenchBuilder’s
effectiveness at selecting superior prompts for a LLM benchmark.

Ensemble-as-Judges

We study four popular LLMs? as judge on Arena-Hard-Auto v0.1. We statistically compare
their ranking preference of the set of top-20 models® to the Chatbot Arena Leaderboard in
Table 4.3. Out of the four judges, GPT-4-1106-Preview has the highest separability and
agreement to human ranking preference. We also observe GPT-4-1106-Preview and Gemini-
1.5-Pro have much higher agreement than Claude-3-Opus and Llama-3-70b-instruct, with
more than 20% improvement.

We also experiment combining GPT-4-1106-Preview and Gemini-1.5-Pro as an ensemble
judge by combining their judgment results. This achieves an even higher separability and
agreement to human ranking preference, with agreement reaching 91.5%, demonstrating
effectiveness of judging LLMs with Ensemble-as-Judges.

4.7 Limitations

Although our data source comes from diverse distributions, we acknowledge possible biases
within our pipeline. For example, the 7 qualities we defined might not be all-encompassing
and could potentially bias towards a limited distribution of prompts, such as technical fields.
Further, prompt selection process could be biased by LLM annotators. Additionally, for
model evaluation, we are employing LLMs as judges, who are known to suffer from verbosity
bias [67, 293]. In Table A.12, we present how verbosity can effect LLM as Judge on Arena-
Hard-Auto v0.1. We also acknowledge potential self-bias in LLM judges (e.g., GPT-4 Judge
prefers GPT-4 answers) in Table 4.3. Arena-Hard-Auto v0.1 also does not evaluate multi-
turn or non-English interactions.

In the future, we plan to further the exploration of a more generalized and diverse set of
prompt qualities, establishing a pipeline to systematically produce benchmark across a more
comprehensive and inclusive distribution of prompts while maintaining high separability and
alignment to humans. Additionally, we believe our approach of utilizing LLM-as-a-judge can
be improved, such as developing a system of Ensemble-as-Judges, similar to Judges with Jury
[262], to reduce biases and improve correlation.

2GPT-4-1106-Preview, Claude-3-Opus-20240229, Gemini-1.5-Pro-0514, and Llama-3-70b-instruct
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4.8 Conclusions

We introduced BenchBuilder, a data curation pipeline that transforms crowdsourced data
into high-quality benchmarks by seven key qualities. This pipeline enables building chal-
lenging and evolving benchmarks which is crucial for evaluating today’s advanced language
models. Our evaluation metrics, including separability and agreement with confidence, pro-
vide a comprehensive assessment of benchmarks. We show the resulting benchmark, Arena-
Hard-Auto v0.1, significantly improves separability and alignment with human preferences
over existing benchmarks, achieving 89.1% agreement with Chatbot Arena rankings at only
$25 per evaluation. We expect Arena-Hard-Auto v0.1 to be useful for LLM developers to
evaluate their models with confidence and BenchBuilder to be a valuable tool for developers
seeking to extract high-quality benchmark from vast amounts of data with minimal human
effort.
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Chapter 5

VisionArena: 230K Real-World
User-VLM Conversations

In statistics, how do wi
Solve. Tell me the statistics, how do we

o
ety )y 5 e 30 st backstory of this. interpret this distribution? Extractall text. Who's this?

7=
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Figure 5.1: VisionArena overview. VisionArena collects 230K real-world conversations
between users and vision-language models, with preference labels from human voters.

5.1 Introduction

Visual language models (VLMs) [4, 8, 193, 218] are being increasingly used in a wide range of
real-world applications including image captioning and story telling, document understanding, web
development, and embodied systems. While these models have made remarkable progress on a wide
range of benchmarks [9, 89, 96, 97, 283, 287], existing VLM benchmarks focus largely on static,
single-turn tasks with predetermined correct answers, overlooking the open-ended, evolving nature
of real-world user interactions. They also rarely capture multi-turn dialogue, incorporate diverse
context, or reflect the fluidity of user intent. As such, they provide a simplified snapshot of VLM
capabilities.

Understanding these real-world interactions across a variety of tasks is essential for developing
models that align with human expectations and perform effectively. To address this, previous works
such as Chatbot Arena [40] and WildVision [167, 168] crowdsource evaluation by hosting platforms
where users can freely interact with pairs of VLMs and provide preference votes. Building off
of these works, we introduce VisionArena, a dataset of 230K real-world conversations between
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07 : ) o . ) )
Dataset £ Convs # Models # Users # Langs % Unique Images Avg. # Turns Avg. # Tokens Avg. # Tokens Human

per Sample per Prompt per Response Preference
LMSYS-Chat-1M 1,000,000 25 13,500 35 - 2.0 36.9 214.2 No
WildVision-Battle 10,383 19 - 28 56.2 1.2 57.8 131.7 Yes
WildVision-Chat 45,170 9 - 26 334 1.4 81.3 171.6 No
VisionArena-Battle 30,000 17 14,031 90 76.4 1.3 90.2 393.6 Yes
VisionArena-Chat 200,000 45 72.933 138 62.1 1.5 184.1 634.3 No

Table 5.1: Dataset Comparison. Compared to previous VLM preference benchmarks,
VisionArena contains 3x the amount of data, with more users, language, models, unique
images, and conversation turns.

users and 38 VLMs in 135 languages, collected through the Chatbot Arena platform. VisionArena
consists of:

e VisionArena-Chat: 200,000 single and multi-turn chat logs between users and VLMs,
spanning 138 languages, 73k users, and 45 open source and proprietary VLMs.

e VisionArena-Battle: 30,000 conversations where users interact with two anonymized VLMs,
along with preference votes indicating which response they prefer.

e VisionArena-Bench: An automatic benchmark consisting of 500 diverse user prompts that
can be used to cheaply approximate model rankings via automatic benchmarking with VLM
as a judge.

We conduct analysis of these datasets and construct a set of popular question categories includ-
ing captioning, OCR, humor, creative writing, entity recognition, and diagram understanding. We
also explore the influence of stylistic properties of responses such as response length, markdown,
and specificity on human preference. We find that more open-ended questions like captioning and
humor are heavily influenced by style, which causes certain models like InternVL to have a dis-
proportionately higher ranking in these categories. We provide this metadata with VisionArena
to enable further analysis. We also highlight common failure modes of VLMs and provide a small
curated set of user prompts where top proprietary models fail, including complex spatial reasoning
and planning tasks.

Next, we demonstrate how VisionArena can be used to improve VLMs through instruction
finetuning. Compared to LLaVA-Instruct-158K [161], by finetuning on data from VisionArena-
Chat, models show a 17 point improvement in MMMU [283] and a 46 point improvement on the
human preference benchmark WV-Bench [168]. In addition to VisionArena, we also release this
finetuned model. Lastly, we build on existing work in automatic benchmarking of VLMs to show
that evaluating on the 500 prompts in VisionArena-Bench results in a model lineup that is consistent
with the much larger online preference leaderboard Chatbot Arena. When compared with other
automatic preference benchmarks like WildVision-Bench, VisionArena-Bench is far more predictive
of the online Chatbot Arena VLM leaderboard performance, which contains over 100,000 user votes
as of October 23rd, 2024. We believe that VisionArena is a valuable resource to better understand
how people are currently using VLMs and will be the foundation for research in VLM development
and evaluation. In the future we plan to continue regular data releases including a large variety of
models and multi-image conversations.
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5.2 Related Works

Crowdsourced Evaluations. In the past few years, several platforms have emerged that aim to
crowdsource evaluation for LLMs and VLMs by allowing users to provide preference votes. These
platforms, such as Chatbot Arena [40], allow anyone to freely engage in open-ended conversations
with state-of-the-art commercial and open-source models. Users are able to directly chat with
specific models or chat with pairs of anonymous models side-by-side. In the anonymous side-by-
side mode, users can provide direct feedback on which responses they preferred, which is used to
build a leaderboard. WildVision [168] adopts a similar style to Chatbot Arena except that users
interact with VLMs instead of LLMs. Our platform builds upon these works by creating a unified
interface that allows users to chat with either LLMs or VLMs.

Public Chat Datasets: LMSYS-Chat-1M [291], OpenAssistant [134], and WildChat-1M [56,
134] are all public datasets constructed by capturing users conversations with state-of-the-art LLMs.
These datasets have been highly influential because they represent more natural human conversa-
tions and often contain reward feedback signals. However, because these datasets capture text-only
conversations, they do not provide insight into how users incorporate images into conversations and
the behavior of VLMs. Building on the success of public chat datasets, there is a recent effort to
extend the public chat datasets to the visual domain with WildVision, a dataset of 45k chat logs
with 9 visual question answering models and 10.4K battle logs across 19 models. In contrast, our
VisionArena data set contains 200K chat logs and 30K battle logs across 40+ models, including
all of the strong proprietary models and many open-source models, making it the largest and most
complete VLM conversation dataset to date. See Table 5.1 for dataset comparison.

VLM Benchmarks: Currently, VLM benchmarks are typically static datasets that have close-
ended ground truth answers (either multiple-choice or predefined-string). Some popular examples
of these benchmarks include MMMU [283], DocVQA [177], MME [78], and VQA 2.0 [90]. To
combat against static nature of datasets and minimize test-set contamination, live benchmarks
are also available. For example, LiveXiv incorporates updated ArXiv manuscripts for VQA [235].
To incorporate benchmarking on open-ended responses, there has been a trend towards using
strong models (e.g. GPT-40) for VLM-as-a-judge to approximate human preference. Some no-
table examples include WildVision-Bench [168] and Prometheus-Vision [143]. We similarly adopt
the VLM-as-a-judge framework to create VisionArena-Bench, curated from questions from Vision-
Arena, allowing it to be crowdsourced, open, and live. We show that using VisionArena-Bench,
we achieve better correlation and agreement with the VLM leaderboard on Chatbot Arena, which
itself has 100x more votes.

5.3 Dataset and Platform

Interface

VisionArena-Chat and VisionArena-Battle were collected from Chatbot Arena [40], an open-source
platform for evaluating large language models by human preference. On our platform, users are
able to directly chat with specific models (direct chat) or chat with pairs of anonymous models
side-by-side (battle mode). In battle mode, users can provide direct feedback on which responses
they preferred, which is used to build a leaderboard. We refer to these anonymous side-by-side
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Figure 5.2: Interface for anonymous side-by-side chat. Users interact with two anony-
mous VLMs simultaneously and vote for their preferred response.

chats as ‘battles’. An example of our interface can be found in the supplemental. Unlike previous
VLM crowdsourcing platforms, we integrate LLMs and VLMs into one unified chat interface with
a simple routing mechanism. In side-by-side chat, if a user uploads an image in the first turn of
their conversation, we automatically select from two available VLMs; otherwise we sample from
the available LLMs. We then collect the votes from the image conversations to compute the VLM
leaderboard. We believe this encourages users who may have initially been interested in interacting
with LLMs to interact with VLMs as well. In section 5.4, we show that our conversations do have
important distributional differences with WildVision.

Before using our service, users must accept terms of use, giving us their consent to store and
release the conversation data. The platform is free to use, and there is no registration process. We
are supported by sponsorships with inference providers. VisionArena is a subset of conversations
collected from February 2024 to September 2024. Given the language and question distribution of
our collected conversations (Figure A.23b, Figure 5.4b), the majority of our users are likely located
in North America, Europe, and East Asia and work in STEM related fields.

To encourage user interaction, we provide a ‘random image’ button, which samples from a preset
bank of images from 5 datasets: NewYorker [118], ChartVQA [175], DocVQA [177], Text VQA [239],
and WikiArt [246]. We exclude these in VisionArena-Battle as we aim to capture the natural
distribution of user inputs when computing leaderboard rankings, but we do include conversations
with preset images in VisionArena-Chat, which make up around 15% of conversations.
Moderation. We apply several moderation steps before sending the prompt to the model provider
and perform data cleaning procedures before releasing this data to the public. Before the user
receives the response from the model, we perform (not safe for work) NSFW and (child sexual
abuse material) CSAM [185] image detection and then tag and terminate conversations that contain
sexual, hateful, or violent content. For battles, we also perform OpenAl text moderation [195] on
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(a) Bootstrap B.T. model scores for
VisionArena-Battle. Proprietary models like
Gemini 1.5 Pro and GPT-4o0 lead; InternVL2 is
the highest rated open model.
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Mathematical Problem Solving Techniques
Image Location and Descript\on
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Meme Explanation and Poem Creat\on
Data Analysis and Visualization Techniques
0 1 2 3 4 5
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(b) Top 5 topic clusters of WildVision-
Chat and VisionArena-Chat. VisionArena
captures more real-world tasks, specifically in
STEM fields.

user text prompts and discard any responses which contain a violation. For direct chats, we only
perform OpenAl text moderation on proprietary models to follow their usage policies. We do not
perform text moderation on prompts for open-source models, which opens this data for future
analysis.

Finally, as part of our data release process we use Google’s Vision API [87] to remove personally
identifiable information (PII) from both images and text, removing any content containing human
faces or identifiable details. However, these automated detectors are not infallible, so our dataset
may still contain NSFW content or PII. We encourage users who find such instances to notify the
authors so the material can be removed.

From Preference to Leaderboard Ranking

Preference votes from pairwise battles are aggregated into arena scores using the Bradley-Terry
model, following the same procedure described in ??7. The BT coefficients B serve as the arena
scores for each VLM, and we bootstrap the estimate 100 times to construct confidence intervals
(Figure 5.3a).

5.4 Data Analysis

In the following section, we (1) compare user votes to expert annotators (2), analyze and categorize
the distribution of user conversations (3), compute per category leaderboard (4), measure the
impact of response style on human preference, and (5) provide examples of difficult questions.
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Comparing with Experts and the VisionArena

To inspect the quality of the human preference votes on our platform, we check their alignment
with experts opinions. We sample 5 battles in English for each model pair and have 4 experts
(PhD Students) label the battles based on their preference, creating an expert-labeled dataset of
516 responses.

We then compute BT scores using the expert labels and compare those scores with the BT scores
computed directly on the VisionArena. We then compute the Pearson correlation coefficient [209]
and the Spearman rank correlation coefficient [242]. We obtain a Pearson correlation of 0.88
indicating a strong linear predictive relationship between the BT scores computed by experts and
those obtained from the live VisionArena. We obtain a Spearman rank correlation of 0.87 indicating
high agreement in the ordering between the leaderboard rankings and the ranking obtained by our
expert labelers on the small subset of data.

Additionally, for a subset of 100 battles labeled by 3 experts, we observe an agreement of
0.72 (excluding ties) and 0.56 (including ties) between users and expert annotators, compared
to 0.77 (excluding ties) and 0.59 (including ties) among expert annotators themselves, further
demonstrating the reliability of user votes.

What types of questions do people ask?

We perform topic modeling analysis on the VisionArena-Chat prompts. Following the BERTopic
framework, We randomly sample 50K English conversations and embed the documents using CLIP-
ViT-B-32, perform DBSCAN clustering, and use GPT-40 to summarize each cluster [92]. We plot
our top 5 clusters in Figure 5.3b (the top 20 clusters can be found in the supplement). We find
that many people use VLMs to solve math and code problems, identify paintings and geographical
locations, perform data analysis on tables and diagrams, explain humorous images, and create
stories based on images. Notably, VisionArena-Chat contains important use cases not seen in
WildVision-Chat including coding and web Ul design problems, handwritten text extraction, and
diagram analysis. Manually inspecting the clusters, we also see that WildVision-Chat’s clusters
are often very specific to a certain task (e.g. ”Detailed Cartoon Dog Description”, ”Rice Leaf
Disease Identification”), while VisionArena-Chat’s cluster descriptions are broader which indicates
the diversity of our data. Surprisingly, the majority of our questions require OCR, and we receive
a large number of homework problems and diagram understanding questions. In the following
section, we construct categories for each of these major use cases.

Prompt Categories

Based on the clustering analysis and manual inspection, we manually define 8 non-disjoint categories
that reflect the vast majority of prompts and test different capabilities of the VLM. We use Gemini
1.5 Flash to classify each prompt, using both the image and text, into a set of predefined categories
listed in Figure 5.4a. Section A.19 contains detailed descriptions of each category, the prompts used
to implement the categorization with 1.5 Flash, and the correlation between 1.5 Flash category
labels and those of SOTA models.

Figure 5.4b shows the distribution of category counts for both battles and direct chat conver-
sations. We observe that direct chat conversations contain more homework and diagram under-
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Category Description
Multi- Turn Multiple conversation turns.
Ezcl. Ties Battles not ending in a tie.

Excl. Refusal

Neither model refuses.

Captioning Only asks for a description.
OCR Requires reading text in the image.
Coding Contains a code block.

Entity Recog.
Homework
Humor
Diagram

Identify objects, places, or people.
Likely a homework or exam problem.
Explain or compose humor.

Contains a diagram (flowchart, graph).

Creative Writing Story or script composition.

(a) Descriptions of VisionArena categories.

VisionArena-Chat

61% W VisionArena-Battle

Proportion of Prompts

1% 12% 12%
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Captioning ~ OCR Coding  Homework Diagram  Humor Entity Creative
Recognition  Writing

(b) Category Distribution. Direct chat has
more coding, homework, and diagram ques-
tions; battle data has more captioning, humor,
and creative writing.
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(c) Impact of confounding variables on
preferences (). Length is the most influen-
tial factor, especially for open-ended questions
like humor, creative writing, and captioning.

standing problems while battles contain more humor, captioning, and creative writing problems.
We speculate this is because users in direct chat mode are more interested in using proprietary
VLMs at no cost to assist them with their daily tasks.

Model rankings and Arena Scores for select categories and languages are shown in Figure 5.5
(full table and arena scores can be found in the supplemental). We find several interesting insights

such as:

e Gemini 1.5 Pro Exp [218], InternVL [35, 36] and Reka Flash [251] achieve a worse ranking
for categories with require OCR like coding, homework, and diagrams.

e InternVL has a large improvement in ranking for the captioning category. In the following
section, we show that this is largely due to stylistic choices such as formatting.
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Exclude Entity Creative
Overall  Multi-Turn  Refusal Captioning OCR  Recognition Coding Homework Diagram Humor Writing English Chinese  Russian Vietnamese
Gemini 1.5 Pro Exp 1 1 1 1 2 2 2 1 2 1 1 1 3 2 2
GPT-40 2 2 2 3 1 1 2 1 2 2 1 3 1
Claude 3.5 Sonnet 5] ] B] 2 ] B] S] 4 B] B3] 4 B] 2 1 ]
Gemini 1.5 Pro 4 4 4 4 4 4 5 B 5 5 b) 4 4 4
GPT-4 Turbo| 5 5 5 5 5 5 5 3 5 5 |6

Gemini 1.5 Flash|
Claude 3 Opus

Reka Flash Prewew
Claude 3 Halku

LLAVA 1.6 34b

MiniCPM v2.6|

CogVLM2 Llama3 Chat 19b|
Phi 3 Vision 128k Instruct|

Figure 5.5: Model rankings across question categories and languages. Cells with *
have fewer than 100 votes. Certain models achieve a much higher ranking for a particular
category, such as InternVL2 on captioning and Chinese, Reka Core on entity recognition,
and Llava 1.6 on Humor. Conversely, we see certain model rankings drop, such as Reka
Flash on multi-turn and diagrams, and Gemini on Chinese.

Exclude Exclude Entity Creative

Overall Multi-Turn Ties Refusal  Captioning OCR Coding  Recognition Homework  Humor Diagram Writing English Chinese Russian Vietnamese
Gemini 1.5 Pro Exp -1 0 -1 -1 0 0 0 -1 0 -1 0 -1 0 0 =il
GPT-40 1 0 1 1 2 0 0 0 1 0 0 0 1 0 0 -1
Claude 3.5 Sonnet 0 0 0 0 0 0 0 0 0 0 1 =1 0 0 0 2
Gemini 1.5 Pro 0 0 0 0 =1l 0 1 0 0 1 1 2 0 1 0 0
GPT4Turbo 0 0 0 1 il 0 -1 0 0 =il 51 =l 0 5] =
GPT-40 Mini 0 0 0 1 2 0 0 0 -1 0 0 0 0 1 1 -1
Gemini 1.5 Flash 0 0 0 0 ! 0 0 0 1 ! 0 0 0 1 0 1
Claude 3 Opus 0 0 0 0 1 0 0 0 1 -1 0 0 1 -1 0 1
internvi2 260N -1 il 0 1 1 I 0 -1 -1 -1 -1
Claude 3 Sonnet 1 0 1 0 1 0 1 -1 -1 0 0 0 -1 0 2
reca plost previe [ECHIN -1 EENEERNEN  © - 1 I 1 il - il -1
Claude 3 Haiku[ 2 1 2 0 1 0 0 0 1 1 1 1 1 0
Reka Core 1 1 0 1 0 0 0 1 2 0 -1 0 1 1 1
IVVSEENSE . B 1 B o 0 0 -1 -1 0 0 -1 -1*
MinicPM v2.6[0 12 2 1 2 0 2 0* 2 1% 1* 1 0* 1* 1*
CogVLM2 Llama3 Chat 19b 0 0 1 0 -1 0 0* 0* 0 1* -1 0* -1 0* 1* -1*
Phi 3 Vision 128k Instruct 0 0% 0 0 0 0 0* 0* 0* 0* 2 0* 0 0* 1 2

Figure 5.6: Change in model rankings when style control is applied. Cells with *
contain battles with fewer than 100 votes. InternVL, Reka Flash, and Llava 1.6 see a ranking
drop across the majority of categories, while Claude 3 Haiku and MiniCPM see an increase
across most categories. The model lineup changes the most for the captioning, humor, and
Vietnamese categories.

e Claude Opus, Sonnet, and Haiku [8] see an increase in ratings for multi-turn conversations.

e The Gemini class of models drops in performance on non-english conversations.

Controlling stylistic biases in evaluations

The Vision Arena captures signals from users of various backgrounds and preferences to construct
its leaderboard. However, recent literature has pointed out potential confounding variables in
model evaluation such as the length of the response or stylistic formatting [40, 69]. Others have
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also mentioned various axes in which annotators may disagree including task underspecification,
response style, refusals, and annotation errors [286]. Thus, we explore the effect of these stylistic
features on the VisionArena user preference.

We follow recent work that extends the BT model to include style features [150]. Given a set
of style features (e.g. response length, number of markdown headers), we add a style vector to the
BT model Z where= Z; € RS is a vector of S style features. the enhanced BT model has the style
coefficients v € R¥:

5 2 T T

B,y = arg GRIAI}mERSnZCE (X, B+Z;v),Y;)
For each style feature Z;, we compute the normalized difference between the feature values of both
model responses. The resulting B represents model strengths adjusted for style effects, while 4
quantifies the influence of style on user preferences.

To control for these stylistic factors, we modify how VisionArena computes the model scores by
accounting for the stylistic differences between two answers (response length, number of markdown
headers, etc) as additional features to the existing BT model.

Controlling for length and markdown. Applying style control, we see the captioning category
is heavily affected by style, with Figure 5.6 showing a large difference in model rankings. We suspect
this is because VLMs are heavily optimized for captioning and can usually correctly identify the
main subjects and context of the image. This is supported in Table 5.2, which shows captioning
questions have the smallest proportion of ‘both bad’ votes. In cases where both models provide a
reasonable description of the image, the user may rely on stylistic features to determine preference.

Furthermore, models like InternVL and Reka Flash Preview see a large decrease in rankings
when style control is applied. Figure A.22b shows these models have an unusually high output
token count compared to models of a similar class, indicating that some models may be ‘preference
hacking’ by training their models to produce long or nicely-formatted outputs. While this is not
necessarily bad, it is important to consider when decoupling preference from capability.

Entity  Creative
Caption Homework OCR Coding Humor Recog. Writing Diagram

11.33 31.12 20.62 29.4 18.47 22.25 14.21 26.06
Table 5.2: Percentage of ‘tie (bothbad)’ per category. Captioning, creative writing,
and humor categories have low percentages of bothbad responses compared to coding and
homework problems.

Controlling for specificity. We further extend the Bradley-Terry model to include the effect
of response specificity. We define the complexity of a response as the number of named entities
in the response. We use a NER model [191] to tag each response and use the number of named
entities as our specificity score. In Figure 5.4c, we see that users prefer high specificity for tasks like
entity recognition and diagram understanding while placing less emphasis on specificity for tasks
like captioning and homework.

Failure Cases

We use VisionArena to analyze examples which are particularly challenging for current VLMs.
We first filter VisionArena-Chat for prompts where the user voted that both models are bad, and
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Explain this image. claude-3-5-sonnet-20240620: This image is a humorous play on words
and mathematics, using pictures of a cat to illustrate the concept...
Cﬂf ca* The joke here is that the "square root" of Cat (VCat) is visually
represented by a stretched version of the cat, as if taking the square root
has "elongated" the animal. It's a clever visual pun combining mathematical
notation with a literal interpretation using cat photos....

Which line Trolskaholm to sping?

claude-3-5-sonnet-20240620: The line that connects

- Trolskaholm to Solkdping is the Bullet line, which is represented
-B by the red line on the map. This red line runs from Trolskaholm
The joke is that the cat on the right looks like it has been "squared" T o Park, before reaching SolkSping in the southern part of the map.
(increased in width and decreased in height), playing on the
mathematical concept of squaring and square roots. The cat on the right
is meant to humorously represent the "square root" of the cat on the left.

gpt-40-2024-05-13: This image is a humorous visual pun involving a cat.... —'a% through several stations including Alfheim Central and Singer

gpt-40-2024-05-13: The line that connects Trolskaholm to
Solkping is the "Midnight" line, which is represented by the
blue color on the map.

gemini-1.5-pro-exp-0827 =
The image is a humorous meme playing on the mathematical concept of ==
square roots... = e
The joke lies in the visual pun. The cat's marking looks like a square root -

gemini-1.5-pro-exp-0827: The **Sunrise** line connects
= to Solkdping. It's the line on the map. You
can follow it from Trolskaholm all the way down to Solképing.

Answer: The inside fur of the cat ook symbol, so the second image humorously implies that the cat has been
like another cat, so the cat's square root  "square rooted" - as if it were a mathematical equation. It's a silly and A . The Ferry Li
i its own cat-looking fur. absurd concept, which is what makes it funny. nswer: The Ferry Line
. .
(a) Failure case 1. (b) Failure case 2.

Figure 5.7: VLM failure modes. The top proprietary models fail on questions which
require advanced visual reasoning. For example, failure case 1 requires the visual under-
standing that the cat’s fur patterns looks like another smaller black cat, and the linguistic
connection between this and a square root. Non-truncated outputs in Section A.23.

collect a pool of 10 images which most or all of the current VLMs fail. The full set can be found in
the supplemental section. Figure 5.7 shows two examples of user questions that require advanced
visual reasoning. This example requires the model to (1) understand that the two cats in the image
are the same (2) the pattern on the cats back gives the illusion of another cat (3) this illusion of
a smaller cat in a cat can be related to the fact that the square root of a number is a smaller
demonimation of that number. Figure 5.7b is an example of fine-grained spatial understanding,
as the model must locate both locations and reason over the many intersecting lines in the image.
Analysis of other failure cases in the supplemental section indicates that current VLMs still struggle
on visual grounding tasks like reading distorted images, spatial understand and counting, as well
as more complex reasoning tasks.

5.5 Instruction tuning vision-language models

Effective instruction finetuning for vision-language models depends on the diversity of instructions,
the difficulty of prompts, and the quality of responses. This section demonstrates the potential of
VisionArena for training high-performance instruction-following models.

We curate a high quality instruction-tuning dataset by sampling from the conversations with the
highest-performing VLMs. We choose 100,000 conversations from VisionArena-Chat from the top
models. This led to a dataset with conversations from 16 different models' including proprietary
models such as GPT-40 [193], Gemini-1.5-Pro [218], and Claude-3.5-Sonnet [8] as well as open-
source models such as Qwen2-VL-72B [12, 271] and Llama-3.2-90B-Vision-Instruct [4]. We compare
the effectiveness of this dataset for finetuning to a 100K subset of the Llava-Instruct-158K [161].

We use Llama-3.2-11B-Vision and freeze the vision encoder while finetuning the multimodal
projector and language model. We finetune for 3 epochs on the data for both our 100k dataset and
the 100k Llava-Instruct dataset. In Table 5.3, we label the model finetuned on our VisionArena data
Llama-3.2-VisionArena and the model trained using Llava-Instruct-158K Llama-3.2-Llava-Instruct.

Lopt-40-mini-2024-07-18, gpt-4-turbo-2024-04-09, gemini-1.5-pro-api-0514, claude-3-5-sonnet-20240620,
gemini-1.5-pro-exp-0827, gpt-40-2024-05-13, gemini-1.5-pro-exp-0801, gemini-1.5-flash-api-0514, claude-
3-0pus-20240229, gemini-1.5-flash-exp-0827, gemini-1.5-flash-8b-exp-0827, llama-3.2-vision-90b-instruct,
qwen2-v1l-72b [271], gpt-40-2024-08-06, chatgpt-4do-latest-20240903, chatgpt-4o-latest-20240808
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The evaluation results are shown in Table 5.3. Llama-3.2-VisionArena significantly outperforms
Llama-3.2-Llava-Instruct on MME, HallusionBench, MMMU, MMMU-Pro, and WildVision-Bench.
Additionally, Llama-3.2-VisionArena outperforms Llama-3.2-11B-Vision-Instruct on both MME
and WV-Bench, despite being fine-tuned on 30X less data. In section A.20, we show that these
improvements are not due to contamination of these benchmarks

MME[78]  HallusionBench[94] MMMU[283] MMMU-Pro[284] WV-Bench[168]

Model # Samples Cog.  Perc. Acc.(all) Fig. Q. Acc. Acc. Acc.
Llama3.2-11B-V-Instruct 3M+ 327.5 1421.7 48.6 26.0 23.1 50.7 0.28 47.2
Llama-3.2-Llava-Instruct 100K 262.1 1067.6 38.7 139 86 27.9 0.12 10.4
Llama-3.2-VisionArena 100K 345.4 1437.0 45.2 19.9 16.3 43.0 0.27 56.9

Table 5.3: Performance across models trained with different instruction tuning
datasets. Llama-3.2-11B-Vision-Instruct scores are author-reported. Fine-tuning on sam-
ples from VisionArena-Chat outperforms fine-tuning on Llava-Instruct across all bench-
marks. Llama-3.2-VisionArena also outperforms Llama-3.2-11B-Vision-Instruct on both
MME and WV-Bench, despite being fine-tuned on 30x less data.

5.6 VisionArena-Bench: An Automatic Offline
Human-Preference Benchmark for VLMs

Lastly, we demonstrate VisionArena’s ability to cheaply approximate model preference rankings
with VisionArena-Bench. Currently, online preference benchmarks like Chatbot Arena obtain a
ranking for a new model by adding it to their platform and waiting days or weeks to collect enough
votes for a stable ranking. For a single developer hoping to test a particular version of their model,
obtaining these online model rankings is infeasible.

We develop a solution for those who need a quick and cheap evaluation of their models:

VisionArena-Bench. VisionArena-Bench is a set of 500 diverse image and text prompts that accu-
rately approximates the model ranking from the Chatbot Arena VLM Leaderboard.
Offline benchmark curation. To gather questions for this offline benchmark, we build on recent work
in building benchmarks from crowd-sourced evaluations in LLM and adapt them to the context of
VLM [150]. We first filter the data for single turn to prevent the user from correcting the model in
its response on its second turn. We then filter out non-english conversations as we are personally
unable to verify the quality of non-english prompts.

To sample diverse questions, we perform topic modeling using the library BERTopic with
multimodal embeddings [92]. We extract image embeddings and text embeddings using a CLIP
model (e.g. CLIP-ViT-B-32) [212]. We then average the image and text embeddings so that each
document corresponds to a single embedding. Then, we use UMAP to reduce the dimensions of the

2gemini-1.5-pro-exp-0827, gemini-1.5-flash-exp-0827[218], gpt-40-2024-05-13, gemini-1.5-flash-8b-exp-
0827, internvl2-26b [36], claude-3.5-sonnet-20240620 [8], gpt-4-turbo-2024-04-09 [193], claude-3-sonnet-
20240229, llama-3.2-11b-vision-instruct [4], gemini-1.5-pro-001, internvl2-4b, gpt-4o-mini-2024-07-18,
claude-3-opus-20240229, gemini-1.5-flash-001, reka-core-20240501 [251], claude-3-haiku-20240307
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embedding and use hierarchical-based clustering (HDBSCAN) to generate topic clusters [173, 180].
We then uniformly sample from each topic cluster to generate the 500 prompts.

Automatic evaluation with VLM-as-a-judge. To evaluate a model, we use the LLM-as-a-judge
framework mentioned in [150] applied to VLMs. We first select a fixed anchor model (GPT-4-
Turbo[193]) that will be used in the pairwise comparisons. To evaluate a given model M on a user
prompt p, we generate responses for both M and the anchor model on p and then utilize GPT-40
as a judge to provide a preference score between the (M, anchor) pair on a 5-point Likert scale. 1
indicates a strong preference for model A and 5 indicates a strong preference for model B. We then
obtain this score for all models across all prompts in VisionArena-Bench to obtain VLM-generated
pairwise preference votes and use the same procedure as described in section 5.3 to produce final
model scores. In section A.21, we provide the detailed judge prompt template. To avoid potential
bias, we prompt the judge model to judge twice, swapping the response position between the two
rounds.

To evaluate the effectiveness of our benchmark to existing work [168], we leverage standard
metrics such as Spearman correlation and Kendall Tau correlation which measure the agreement
between two benchmarks’ model rankings. We choose a shared set of 16 models and compare
the offline benchmark rankings to the online Chatbot Arena. Table 5.4 shows VisionArena-Bench
achieves a higher Spearman and Kendall Tau correlation than WildVision-Bench, with a 17.1% and
20.5% gain respectively. In Section A.21, we also compare the results using the same baseline model
as WildVision (e.g. Claude-3-Sonnet-20240229), showing that the spearman correlation to Chatbot
Arena’s VLM leaderboard (10/23/2024) remains the same. This demonstrates the potential of
VisionArena-Bench as a cost-effective and scalable offline benchmark that closely mirrors human
preferences captured in online evaluations, enabling researchers to efficiently assess and compare
VLMs without the need for extensive user studies.

VisionArena-Bench WYV-Bench

Confidence Agreement 98.6% 87.6%
Spearman Correlation 97.3% 80.2%
Kendall Tau Correlation 89.7% 69.2%

Table 5.4: Correlation of rankings with ChatbotArena’s VLM leaderboard. Per-
formance comparison on 16 models? between VisionArena-Bench to Chatbot Arena’s VLM
leaderboard based on confidence agreement, spearman correlation, and Kendall tau correla-
tion. Result as of leaderboard on October 23, 2024.

5.7 Discussion, Limitations, and Future Work

Human preference benchmarks provide a critical lens for assessing performance on open-ended tasks
where an explicit notion of correctness is either unavailable or subjective. Users may implicitly
consider factual accuracy when making their preferences, but we would like to emphasize that this
benchmark is designed to measure human preferences rather than explicitly evaluate



CHAPTER 5. VISIONARENA 58

factual accuracy. We see VisionArena as complementary to existing datasets and benchmarks
that measure objective correctness.

Despite the breadth of coverage offered by VisionArena, significant gaps remain in representing
the full distribution of real-world use cases for vision-language models. As highlighted in section 5.4,
our dataset contains many sample from domains such as STEM problems, OCR tasks, and toy
problems (e.g., humor and riddles). These areas, while valuable, leave critical application domains
underrepresented, including geospatial applications, medical domains, and visual assistance. Fur-
thermore, while VisionArena contains over 100 languages, many of these languages do not contain
enough examples to produce a stable leaderboard. Looking forward, we hope to enourage a more
diverse user base by changing our Ul to be multi-lingual and improving general user experience.
Lastly, we have made it easy for the community to contribute new question categories and models
at https://github.com/1lm-sys/FastChat.


https://github.com/lm-sys/FastChat
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Chapter 6

VibeCheck: Discover & Quantify
Qualitative Differences in Large
Language Models

6.1 Intro

vibe check : A process by which a group obtains a subjective assessment of another
person, place, or thing. — Urban Dictionary

How a large language model writes a story, explains a concept, or edits an essay can be eval-
uated along many different dimensions such as creativity, formatting, and writing style. However,
most evaluations focus on one dimension: “correctness”. State-of-the-art in evaluation meth-
ods remain largely focused on measuring accuracy for question answering and analytical rea-
soning tasks [103, 105, 266, 267], and methods which aim to provide a more holistic view of
LLMs [182, 199, 289] rely on predefined concepts like conciseness, clarity, and trustworthiness
to measure a model’s performance. These evaluation approaches fail to capture the open-ended
nature of LLM applications and the critical dependence on subjective user preferences and context
of the task. For instance, tone and creativity might be crucial in creative writing, whereas efficiency
and readability are crucial in coding tasks. To best inform users of which model would be best
for their needs, we require flexible evaluation methods that can both discover and measure the
relevant axes to evaluate for a given task.

When interacting with a set of LLMs for an extended period, a user can often tell which
model generated a particular response by looking at certain traits of the outputs. We define these
identifying traits of models as “vibes”. For instance, users have found Llama-3 outputs tend to be
more friendly compared to outputs from GPT-4 and Claude which tend to be more formal (see
Figure 6.1); in other words, Llama-3 ranks high on the friendliness vibe, defined by the axis formal
— friendly. Using these insights, we might select Llama for customer service tasks and Claude
for coding tasks.

Understanding these vibes helps inform the development and deployment of models, but dis-
covering and validating them for each model can be time-consuming and difficult. To address
this, we outline how one can find and, more importantly, measure an LLM’s vibe by formalizing
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three necessary and quantifiable traits of a useful vibe: well-defined (agreement among multiple
users), differentiating (ability to distinguish between models), and user-aligned (predictive of user
preferences).

We introduce VibeCheck, a system which qualitatively analyzes pairs of models by automat-
ically finding well-defined, differentiating, and user-aligned vibes. Motivated by recent work in
using LLM’s in lieu of human judgment [66, 289, 293, 296, 298], VibeCheck models the qualitative
analysis process by identifying the axes on which these model outputs differ to obtain a core set
of vibes (e.g friendliness). Once these vibes are obtained, VibeCheck employs a panel of LLM
judges [261] to determine where each model’s output falls on this vibe (e.g. more formal or more
friendly) in order to obtain numeric scores which are then used to measure a vibe on each of our 3
key criteria.

We run VibeCheck on several datasets to evaluate its effectiveness across different scenarios
in Section 6.5. First, we validate that the vibes discovered by VibeCheck align well with human-
annotated differences between ChatGPT and human responses using the Human ChatGPT Com-
parison Corpus (HC3). Next, we demonstrate that VibeCheck outperforms a predefined list of
vibes in predicting user preferences on real-world comparison data from Chatbot Arena, achieving
80% accuracy at predicting model identity and 61% accuracy and predicting user preference. In-
specting the vibes of VibeCheck, we find that Llama-70b uses more typographic emphasis, more
examples, and is funnier than GPT-4 and Claude-3-Opus. Conversely, we find that GPT-4 and
Claude comment much more on ethics and limitations than Llama, which is more willing to give
controversial responses.

Lastly, in Section 6.6 we apply VibeCheck to several applications: text summarization on CN-
N/DailyMail, math problem-solving on MATH, and image captioning on COCO. Using VibeCheck,
we find insightful qualitative differences between models with similar accuracy on correctness met-
rics but differing user preferences. For instance, Command X prefers to add concrete intros and
conclusions when summarizing in comparison to TNGL, Llama-405b often overexplains its thought
process on math problems, and GPT-4 prefers to focus on the mood and emotions of the scene
when captioning.

6.2 Related Work

Aspect-based evaluations. The number of benchmarks in the NLP community has exploded
in recent years, with a growing body of work on exploring a more holistic evaluation of language
models. Several works [13, 200, 234] aim to improve on automatic metrics like BLEU [201] and
ROUGE [156] scores to better measure how well a models output aligns with the ground truth
by incorporating more nuanced evaluation criteria like factual accuracy, fluency, and conciseness.
Similarly, efforts have been made [130, 153, 243, 266, 267] to standardize model evaluation by
evaluating models on many of these metrics across various tasks.

Moving away from measuring model outputs on ground truth responses, work from Gehrmann
et al. [82], Li et al. [149], Mehri and Eskenazi [181, 182], Zhang et al. [289] evaluate model outputs on
criteria like helpfulness and clarity using LLM judges on more open ended tasks like dialogue, role-
play, and summarization. While these efforts supply a great foundation for measuring correctness,
they all define the axes on what makes something correct beforehand. In contrast, VibeCheck aims
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to automatically discover these axes (vibes) and verify their utility to the user by measuring the
correlation between vibes and human preference.

Pairwise comparison of LLMs. HCI tools like Google’s AutoSxS [88] and LLMCompara-
tor [125] explores the current state of human powered LLM qualitative evaluation through inter-
views with data analysts. These works find that practitioners often eyeball individual examples
to interpret and look at qualitative differences between the outputs of two models, and develop
an interactive web based application for users to inspect side-by-side LLM outputs with an LLM
based rationale as to why one output is preferred over another. While these works are focused
more on software tools rather than a pipeline which can be quantitavely verified, these HCI find-
ings inform VibeCheck’s vibe discovery mechanism to align with the human-powered qualitative
process. Moreover, many NLP works [151, 166, 202, 261, 293] have explored using LLMs to predict
user preference given responses from two models, showing these preference predictions often align
with the judgements of human annotators. While these efforts focus more on the user experience,
it does not provide an interpretable view of exactly why these users prefer one output over the
other.

Discovering separable traits in unstructured data. In parallel to works in the machine
learning community on LLM evaluation, there has been fantastic efforts in the HCI community
on comparing generative model outputs as well as on using LLMs for qualitative analysis. Works
like Byun et al. [26], Torii et al. [256] use LLMs to generate discussions from qualitative research
data to automate the data analysis process, but note the lack of comprehensive evaluation metrics.
Automated data analysis on unstructured data has also been explored in Dunlap et al. [70], Zhong
et al. [296, 298], which use LLMs and VLMs to propose and validate candidate differences between
two sets of text or images in the form of “set A contains more X”, and Chiquier et al. [43] employs
an evolutionary algorithm to find text descriptions which best separates image classes to assist in
zero-shot classification. We extend these works to pairwise inputs and introduce metrics of success
which can better verify the separability, consistency, and alignment of these differences.

6.3 Vibe-based Evaluations

We define a vibe as an axis along which a pair of texts can differ (e.g., “formal — friendly”) that
is perceptible to humans. A vibe v is represented by a text description of the axis along with
a definition of what it means to be high or low on this axis (e.g. “Tone: low = formal, high
= friendly”, see Figure 6.1). Identifying vibes aids users in selecting models that best suit their
specific tasks. In this work, we focus on comparing the vibes of two models by discovering the axes
on which their outputs differ and quantifying the utility of these vibes.

Consider a dataset D composed of triples (p, oi,opB) and preference labels y;,, where p is a
prompt and of are the outputs from models A and B. For each triple, a judge (human or LLM)
assigns a score for vibe v, denoted v(p,0%,0%) € {—1,0,1}, which indicates whether model A
scores lower (-1), similarly (0), or higher (1) than model B on this vibe. Thus, a vibe imposes an
ordering on model outputs.

We define 3 key criteria of a useful vibe; it should be well-defined, differentiating, and user-
aligned.

Well-defined: multiple evaluators agree on the ordering of outputs along the vibe. We quantify
this by having two different judges (typically LLMs) compute v(p,o%, o) across dataset D and
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What is a vibe?

Prompt: What is the best coffee? Vibe (low - high)

Output A: What a bold question! After considering “On what axes do these Friendliness
various factors, | declare... two outputs differ?” el ey
Output B: Identifying the "best" coffee is challenging
because taste is subjective...
How do we score vibes? How do we quantify vibe utility?

Prompt: If I was a mouse .. Judge 1 Judge 2 Avg Score | Preference
Output A: If you were a mouse, we'd find a way to Vi(p1,04,08) | Va(p1,04,03) 1 A
communicate effectively...

Vi(p2;04,08) | Va(p2,04,08) | -1 B
Output B: Ahahaha! Oh, what a delightful pun!

“Which output ranks higher on the friendliness axis?
Respond with A, B, or equal”

Well Defined > Agreement between Judge 1& 2 - 0.4

Differentiating -> Ability to predict model ID from friendliness > 55%

VE(PI; Oa, Ob) =B=-1 User-Aligned - Ability to predict preference from friendliness - 55%

Figure 6.1: Core components of VibeCheck. A vibe is an axis along which a pair of
outputs differ: for example, in the top panel, output A is more friendly while output B is
more formal, defining a friendliness vibe. To score a prompt output triplet, a panel of LLM
judges are used to determine which output falls higher on the vibe, resulting in a score of
1 (A), -1(B), or 0O(tie). Finally, the scores obtained over a large set of outputs along with
preference labels are used to compute vibe utility.

report Cohen’s Kappa to assess agreement.

Differentiating: one model’s outputs consistently rank higher on this vibe compared to the
other’s across a set of prompts. We quantify this by calculating a separability score for each vibe,
which measures how consistently the vibe distinguishes between the two models across all samples.

sep_score(v) = |é| Z v(p, 0%, 0%)
peD

To measure separability across a set of vibes, we fix a pair of models (A4, B) and measure the
accuracy of using v(o4, op) to classify which output came from which model. We also more generally
measure separability for a set of vibes v, ..., 1, by using v1.,(p,04,05) as a k-dimensional feature
vector, then training a linear classifier to predict model A vs. model B, and reporting accuracy on
a held-out set. We refer to this metric as model-matching accuracy.

User-aligned. One potential use of vibes is to better understand human preferences. While a
vibe like “frequent use of the letter ‘e’ ” may be differentiating, it is unlikely predictive of human
preferences. We assume our tuples (p,of), 0}) are annotated with user preferences y € {—1,+1},
indicating which model’s output is preferred. We train a logistic regression classifier to predict y
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using the same feature set v1.; as above, reporting held-out accuracy. We refer to this metric as
preference prediction accuracy. We can measure the influence of a single vibe on preferences by
examining the coefficients and p-values of the preference prediction model.

VibeCheck automatically finds high-scoring vibes across the three criteria through an iterative
process: (1) discovering vibes, (2) computing their scores, (3) selecting those meeting all criteria,
and (4) focusing on tuples (p, oY, o) where existing vibes fail to differentiate the two models. We
repeat this process to extract new, more distinguishing vibes, thus optimizing for the three key
criteria while continuously refining the set of vibes.

6.4 VibeCheck

VibeCheck consists of 3 stages: vibe discovery, vibe validation, and vibe iteration. Further details
on the method implementation and prompts used are located in the Section A.27.

Vibe discovery. Similar to how a data scientist would inspect a subset of examples to discover
qualitative differences in outputs, we discover vibes by having an LLM (GPT-4o0 [197]) examine the
differences seen in a random subset of d prompt triplets. We first split the d prompt triplets into
smaller batches of size batch and prompt GPT-40 to find differences between model A and model
B across the set {(p1,0Y,0%), ..., (Dpatch, Of’f“h, o%?t‘:h)}. To encourage the vibes to be well-defined
and user-aligned, we prompt GPT-40 to generate differences that are human-interpretable and
informative for understanding the overall behaviors of A and B. Below is a paraphrased system

prompt used by the proposer.

You are a machine learning researcher analyzing outputs from two LLMs
on the same input, identify differences along specific, mutually
exclusive, and clearly defined axes that are easily interpretable by
humans. For each axis, provide a concise description of what it means
for an output to be "Low" and "High" on this axis.

An example axis generated in this step might be ‘Tone: Low: formal; High: friendly’. We
repeat this proposal step for |d/batch| sets of triplets, obtaining a final set of vibes {v1, .., vpr} by
taking the union of the vibes generated in each batch. We found that GPT-40 generates 5-10 axes
of variation (vibes) for each sample, so we summarize vibes across all samples in Dgiscovery to find
a set of K vibes which appear most often in {v,..,vas}.

Vibe validation. Given a vibe v from the discovery phase, we first apply each vibe to a
set of validation tuples, then use this validation set to score vibes and compute inter-annotator
agreement, model-matching accuracy, and preference prediction accuracy and filter out vibes with
low scores.

To apply vibes on the validation set, we assign a score to each pair of outputs v;(p, 0%, o) €
{-1,0,1}, indicating whether model A scores lower (-1), similarly (0), or higher (1) than model
B on the vibe. A score of 0 is assigned if the outputs are equal on this vibe or if the vibe is not
applicable (e.g., the vibe is about coding style but neither output contains code); otherwise, we
compute the score using a set of LLM judges (GPT-40-mini [197] and Llama-3-70b [4]). We average
the score of the 2 judges and then round to -1, 0, or 1 (so 0.5 is rounded to 1 and -0.5 to -1). To
avoid position bias [293], we run each LLM judge twice on each sample, swapping the order of the
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outputs. If the judge’s decision is dependent on the position of the output, we deem this pair of
outputs as having a similar vibe and assign a score of 0 for that judge.

Next, we use these scores to quantify each vibe on our 3 criteria and filter out any which are not
well-defined, differentiating, and user-aligned. We ensure each vibe is well-defined by computing
the inter-annotator agreement (Cohen’s Kappa) for each v; across Dyajidation and remove any with
Cohen’s Kappa less than 0.2, which indicates a weak agreement among judges. To ensure each vibe
is differentiating, we compute the separability score and discard any vibes with a score below 0.05.
As we explicitly prompt the model to produce vibes which provide useful insights into the behavior
of language models, we assume these vibes are already aligned with users. Using the remaining &
features, we run logistic regression using the scores v1.x(p,04,0p5) as features to obtain our model
matching and preference prediction models.

Vibe iteration. The filtered vibes generated in the initial vibe discovery set may not cap-
ture all the differences that contribute to user preference, resulting in a low model matching and
preference prediction accuracy. We address this by iteratively refining our vibes based on tuples
(p,oi,o%) that were misclassified by our prior differentiation stages. Specifically, we take the
prompt output triplets that were misclassified by the model matching model and ask an LLM to
find new axes on which these misclassified prompts vary, which are also not represented in the
current set of vibes. We then perform the same summarization/reduction procedure as before,
run vibe validation/filtering, and append the resulting new vibes to the existing set of vibes. We
repeat this process for a fixed number of iterations 7. In practice we find that after 3-5 iterations
the discovery process does not find any additional vibes that significantly reduce the error rate of
the model matching predictor.

6.5 Results

We first validate VibeCheck by comparing its discovered vibes to those identified by human an-
notators in Section 6.5. Next, we evaluate VibeCheck on real-world user-LLM conversations with
pairwise preference data, measuring how well-defined, differentiating, and user-aligned a vibe is
through inter-annotator agreement, model matching accuracy, and preference prediction accuracy
on a heldout set. In Section 6.5 compare the discovered vibes’ performance against an predefined
list of common qualitative analysis criteria. Lastly, in Section 6.6, we demonstrate VibeCheck’s
broader applicability by analyzing model differences across summarization [106], mathematical
reasoning [105], and image captioning [33, 158].

Experimental setup. Unless otherwise stated, we run VibeCheck for 3 iterations, use a
proposer batch size of 5, and set Dg;scovery to be 20 samples per iteration. Some datasets such as
MATH, CNN/DailyMail, and COCO captions have no pre-computed preference labels; to simulate
preferences, we apply LLM-as-a-judge and ensemble GPT-40 and Claude 3.5 Sonnet as a judge
using a similar procedure to [293], removing any samples declared a tie. Additional details on the
experimental setup and hyperparameters are given in the Section A.24.

We compute average Cohen’s Kappa, model matching accuracy, and preference prediction accu-
racy on the top 10 vibes generated by VibeCheck on a held-out set of prompt tuples with preference
labels. To obtain the top 10 vibes, we apply least-angle regression on the full set of vibes returned
by VibeCheck to predict model identity, then sort by the separability score. The full list of vibes
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discovered, LR coefficients and p-values from the model matching and preference prediction models,
Cohen’s kappa per vibe, and separability scores are in the Section A.30.

List of predefined Vibes. As a baseline, we prompt GPT-40 to generate a set of 10 vibes
shown in Figure 6.3 and Table A.23 which represent common axes on which LLM outputs differ.

Measuring VibeCheck’s alignment with human discovery

We compare the findings from VibeCheck to findings obtained via human discovery to ensure that
the vibes discovered and measured by LLM’s align with humans. We utilize previous work [95],
which collects responses written by humans and GPT-3.5 [233] for the same list of questions and
then recruits 200 annotators to look at 100-200 prompt output triples presenting the characteristics
of both human responses and ChatGPT answers. This results in a set of 10 insights (vibes) which
are listed in detail in Section A.25.

In Table 6.1 we show a summarization of the top 10 vibes found by VibeCheck along with the
corresponding insight found by humans which align with each vibe meaning. We see that VibeCheck
uncovers most of the same vibes as the human annotators, aside from (1) GPT fabricates facts and
(2) GPT focuses on a literal interpretation of the question while humans address different aspects
of the question and can infer hidden meaning. The inability to find these vibes is likely a weakness
of our GPT proposer, as these vibes relate to the inherent weaknesses of GPT. The complete table
of VibeCheck outputs is located in Figure A.36a.

VibeCheck Vibes

Human Discovered Vibes

Humans include more references and citations

GPT is more formal/academic, humans are more casual/con-
versational

GPT includes disclaimers about advice limitations

GPT is cautious to give advice, emphasizes seeking profes-
sional help

GPT has cohesive, fluid responses with clear sentence struc-
ture

GPT is strictly informative, humans include personal anec-
dotes

GPT has less emotional engagement, humans acknowledge
emotions

GPT has longer, more informative responses
GPT has more thorough & detailed responses

GPT has more comprehensive responses

Humans include detailed citations of papers and books.

GPT answers are typically formal, humans’ are more collo-
quial.

GPT refuses to answer questions outside its knowledge.

GPT shows less bias and harmful information.
GPT writes in an organized manner with clear logic.

GPT gives objective answers, humans use subjective expres-
sions.

GPT expresses less emotion, humans convey their feelings.

GPT has longer, more detailed responses.
GPT has longer, more detailed responses.

GPT has longer, more detailed responses.

GPT is strictly focused on the question; humans diverge and
shift topics.
GPT may fabricate facts.

Table 6.1: Comparison of VibeCheck vibes to human labels.

Complete table in

Figure A.36a. We see that the vibes discovered by VibeCheck closely align with vibes found

through human analysis.
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Describing user preference on Chatbot Arena

On April 18th 2024, Meta released their open-weight large language model Llama 3. On Chatbot
Arena [40], a popular human preference benchmark, Llama-3-70b achieves similar preference scores
to models like GPT-4 and Claude 3 Opus, despite these models outperforming Llama on traditional
benchmarks like MMLU. This has led to speculation on whether there are qualitative properties of
Llama that make it popular among users [68].

On Chatbot Arena, we run VibeCheck on a set of combined battles (pairwise comparisons)
between Llama-3-70b VS GPT-4 and Llama-3-70b VS Claude3-Opus' under three settings: us-
ing the entire dataset, and using 2 subsets of the data: STEM prompts (including coding) and
Writing prompts, which include creative writing, humanities questions, and general chatting. We
obtain these subsets by using GPT-40-mini to categorize the questions as a STEM Question, a
Writing /Chatting prompt, or neither. The size of each subset can be found in Section A.24.

We compare the vibes found by VibeCheck to a list of predefined vibes (Table A.23) of com-
mon differences between language models which a user may be interested in. Table 6.2 shows
that VibeCheck achieves higher model matching accuracy than the predefined vibes all categories
and more iterations improve model matching and preference prediction accuracy. Furthermore,
Figure 6.2 shows that the vibes are more fine-grained. We summarize our other findings below:

Comparing MM and PP accuracy across topics. Table 6.2 shows that MM and PP
accuracy is lower for STEM questions compared to writing or overall prompts. We suspect this is
because Llama’s qualitative traits (friendliness, humor, safety, etc.) are less relevant for objective
questions like coding and math, and user preferences here are influenced more by factual accuracy
than stylistic traits. Conversely, VibeCheck best predicts preferences for writing-oriented prompts,
as style is often more important for these open ended tasks.

To understand how user preferences for these vibes vary across task domains and contexts, we
analyze separability scores and preference prediction coefficients for predefined vibes in Figure 6.3.
For writing tasks, formality, humor, and expressive emotional content positively correlate with
user preference, while these traits negatively correlate with STEM tasks, where logical rigor is the
most influential on preference. Conversely, logical rigor has minimal impact on preferences for
writing tasks. While our dataset does not directly compare individual judgments, treating STEM
and writing task users as distinct groups provides preliminary evidence of task-specific preferences.
Additionally, lower separability scores for STEM tasks indicate less stylistic divergence in model
outputs for objective questions like coding and math, making model identity harder to predict,
consistent with Table 6.2.

Notable vibes for Llama-3 70B. The top 10 vibes uncovered by VibeCheck (Figure 6.2)
highlight Llama’s use of formatting, willingness to engage with sensitive topics, less emphasis on
ethics, and a conversational, humorous style. Finer-grained vibes include Llama’s use of bold /italics
to emphasize points and increased use of personal pronouns, with ‘I,” ‘we,” and ‘you’ appearing 3x
more in Llama outputs than GPT/Claude conversations. The preference prediction coefficeients
in Figure 6.2 show Chatbot Arena users tend to prefer outputs which are less focused on ethics,
employ markdown and typographic emphasis to highlight key points, and employ humor to engage
the user, all of which are vibes which llama possesses. We believe that this correlation between

!Data: https://huggingface.co/datasets/lmarena-ai/Llama-3-70b-battles
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. . Sep Score PP Coef
Vibe (low -> high) [0.4.04] 10.5.0.5] Cohen
Language and Tone. Professional, straightforward tone. -> Enthusiastic, friendly tone. _ I 0.51
Typographic Emphasis. Minimal use of typographic emphasis, letting the text stand alone. -> Uses - . 0.64
typographic emphasis like bold or italics to highlight key points. i
Interactivity. Provides information passively without engaging the user. -> Encourages user - . 0.44
interaction, such as posing questions or suggesting actions. :
Formatting Completeness. Responses are minimally formatted, relying on plain text. -> Responses - . 057
include comprehensive formatting, such as Markdown or additional stylistic elements. i
Examples and lllustrations. Minimal examples. -> Provides multiple examples. - _ 0.61
Use of Humor. Maintains a serious tone without humorous elements. -> Employs humor frequently to . - 0.62
engage the reader. .
Use of Personal Pronouns. Rarely or never uses personal pronouns. -> Frequently uses personal - . 0.32
pronouns (I, we, you). :
Ethical Consideration. Provides factual information without commenting on ethics. -> Offers ethical l - 053
considerations in its responses. .
Humility. Projects confidence and completeness without discussing limitations. -> Frequently l l 0.41
acknowledges limitations in the response or areas of uncertainty. !
Formality Level. Uses informal or conversational language. -> Uses formal language and . I 045
expressions. g

Figure 6.2: Comparing Llama-3-70b VS GPT-4 & Claude-3-Opus on Chatbot
Arena. Negative separability scores indicate Llama-3-70B aligns with the low (red) descrip-
tion, while negative preference coefficients show alignment with low descriptions is preferred.
We see that Llama is more humorous, utilizes more formatting, provides more examples, and
comments much less on ethics than GPT and Claude: all attributes which correlate posi-
tively with human preference.

vibes and user preference can explain some of the discrepancy seen in llamas high ranking on the
leaderboard in comparison to models like GPT-4 which often outperform Llama.

6.6 Applications

We next apply VibeCheck to discover qualitative differences between models’ behavior on three
open-ended tasks: text summarization, math problem-solving, and image captioning. We use
CNN/DailyMail [106] for text summarization, MATH [104] with chain-of-thought prompting for
problem-solving, and COCO for image captioning. For CNN and MATH we use cached model pre-
dictions downloaded from HELM [153] and intentionally choose models which are ranked similarly
to each other, but when running LLM as a judge to get preference labels, one model is more heavily
preferred. For captioning, we generate captions on a random subset of 1000 COCO images. The
vibes for each application in Section A.30.
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Method Overall STEM Writing
M.M. PP. CK.| MM. PP. CK.|MM. PP CK

VibeCheck [1 iter] | 68.68 60.00 0.42 | 65.20 55.99 0.44 | 74.09 60.58 0.51
VibeCheck [3 iter| | 80.34 59.34 0.46 | 68.71 5731 045 | 77.19 62.04 0.49

Predefined Vibes | 72.10 61.11 0.51 | 65.94 58.38 0.45 | 75.00 59.49 0.52

Table 6.2: Comparing Llama-3 to GPT and Claude on Chatbot Arena. We re-
port Model Matching Accuracy (M.M.), Preference Prediction Accuracy (P.P.), and average
Cohen’s Kappa (C.K) for the full dataset (Overall) and STEM and Writing categories.
VibeCheck achieves higher model matching accuracy than Predefined Vibes and similar
preference prediction accuracy. VibeCheck obtains the largest improvements over prede-
fined vibes in the writing category, suggesting that for open-ended prompts, model styles
differ significantly, and style has a greater influence on preference.

What do Different Models focus on When Summarizing?

We compare the summary styles of TNLG v2 [240] (530B) to Cohere’s Command X large Beta [114]
on the CNN/DailyMail dataset. While these models achieve a similar mean win rate on the HELM
leaderboard, we see when using LLM as a preference judge, Command X has a win-rate of 71.12%.
Looking at the top 5 vibes located in Figure A.39b, we find that (1) Command X clearly states an
introduction and conclusion while TNLG utilizes choppy sentences without an either (2) Command
provides specific examples or anecdotes to illustrate points and (3) Command is able to capture
multiple viewpoints and emotional aspects of a story while TNLG is more objective. We see
these qualities are positively correlated with human preference, which may explain the disparity
between correctness metrics and preference metrics. With these vibes, we achieve a model matching
accuracy of 71.29% and a preference prediction accuracy of 61.42%.

How do different LLMs solve math problems?

Objective tasks like math have a single final answer, but the way a model explains its thought
process varies across models. We run VibeCheck on the MATH dataset [105] using chain-of-
thought prompting to discover how GPT-40 and Llama-405b differ in their thought process and
presentation. To reduce the variance seen from incorrect examples, we run VibeCheck only on
the questions where both models answered correctly and aim to discover why GPT-4o0 is favored
in 76% of conversations. Inspecting the top 5 vibes in Figure 6.4, we observe that Llama-405b
organizes its responses under markdown headings, adopts a more conversational tone, and includes
overly detailed step-by-step explanations, as illustrated below. Examining the coefficients of the
preference prediction model, we find that a formal tone and frequent use of notation positively
correlate with preference, while over-explaining the reasoning process negatively correlates with
preference. These vibes achieve a model-matching accuracy of 97.09% and a preference prediction
accuracy of 72.79%.
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. . Sep Score [-0.4,0.4] PP Coef [-0.8,0.8]
Vibe (low -> high) ’ STEM (top) Writing (bottom) | STEM (top) Writing (bottom)

Creativity and Originality. Sticks to standard, predictable answers. -> Provides
responses with novel ideas or imaginative scenarios.

Detail and Elaboration. Gives brief or shallow responses. -> Provides thorough,
nuanced, and expansive information.

Humor and Playfulness. Responds in a straightforward and serious manner. ->
Uses humor, playful language, or wordplay to make the response engaging.

Formalness. Uses casual, conversational, or informal language. -> Uses formal
and sophisticated vocabulary and sentence structure.

Assertiveness. Uses tentative or uncertain language. -> Uses definitive,
confident statements.

Conciseness. Uses verbose language and excessive details. -> Uses minimal
words to convey a point clearly.

Logical Rigor. Provides conclusions without thorough justification. -> Constructs
well-supported arguments with clear reasoning.

Explicitness. Uses vague or implicit language. -> States things directly and
unambiguously.

Engagement. Presents information passively. -> Actively engages the reader
using rhetorical questions or interactive phrasing.

Emotional Tone. Remains neutral or detached. -> Infuses responses with
expressive emotion, making the tone enthusiastic or empathetic.

Figure 6.3: Comparing user preference and separability across STEM and writing
tasks. On predefined list of vibes referenced in Table 6.2. Negative preference coefficients
indicate a preference for low-description vibes, while negative separability scores show Llama
responses align more with the low description than Claude or GPT responses. For writing
tasks, detailed explanations, humor, and expressive emotion positively correlate with human
preference, while these traits negatively correlate with STEM tasks. Conversely, logical rigor
has a stronger positive impact on preference for STEM tasks. These trends are reflected in
separability scores, with less separability on STEM tasks for vibes like humor and emotional
tone, and more separability for logical rigor.

Prompt: Summarize the article in 3 sentences.

Command X: A giant filter-feeding 'lobster' took the place of whales 480 million years ago, a new fossil find has shown. The 6.5ft
(two-metre) prehistoric creature was an early ancestors of modern crustaceans, insects and spiders. At this length it would have
been comparable in size to athlete Usain Bolt. The remains were unearthed in Morocco and it is thought to be the oldest giant
filter-feeder ever discovered.

TNLGv2: A giant filter-feeding 'lobster' took the place of whales 480 million years ago . 6.5ft (two-metre) prehistoric creature
belonged to the family of anomalocaridids . It was a 'gentle giant' .

What are VLM’s Captioning Style?

Image captioning is one of the most popular use cases for Vision and Language models, but different
captioning models focus on different image properties. We run VibeCheck on captions generated
by GPT-4V [33, 193] and Gemini-1.5-Flash [218] on 1000 COCO images and we find that GPT-4V
uses more poetic language and structures its captions as a dynamic story, inferring the personality
and emotions of the subjects in the image while Gemini sticks to more literal descriptions (Fig-
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Prompt: Find the positive difference between 2(6) + 4(3) and 8(3+3)

GPT-4o0: Llama-405b:
To find the positive difference between 2(6) ## Step 1: Evaluate the expression 2(6) + 4(3)
+ 4(3) and 8(3+3), we first need to evaluate First, we need to evaluate the expression 2(6) + 4(3) by following the order of
each expression separately. operations (PEMDAS/BODMAS).

We start by multiplying 2 and 6, which gives us 12. Then, we multiply 4 and 3,
First, evaluate 2(6) + 4(3) which gives us 12.

2(6) +4(3)=2-6+4-3=12+12=24 Finally, we add the two results together, giving us 12 + 12 = 24.
## Step 2: Evaluate the expression 8(3+3)
Next, evaluate 8(3+3): Next, we need to evaluate the expression 8(3+3) by following the order of

. . . operations (PEMDAS/BODMAS). We start by evaluating the expression inside the
8(3+3)=8-(3+3)=8-6=48 parentheses, which gives us 3 + 3 = 6. Then, we multiply 8 by 6, which gives us 48.

. . Sep Score PP Coef
Vibe (low -> high) [09.0.9] 10.6.06] Cohen
Explanation and Step-by-Step Detail. Continuous narrative, no explicit step labels, less granularity. - 0.90
-> Detailed steps, labels (e.g., '## Step 1'), granular breakdown. :
subheadings, numbered lists. l 0.70

Conciseness. Extended discussions, unnecessary commentary, contains repetition. -> Brief, to-the-
point explanations, no unnecessary repetition.

| | 0.51
L 0.42

Efficiency of Steps. Detailed intermediary steps, broader explanations. -> Concise, straightforward
solution steps.

Mathematical Notation Use. More written explanations, fewer symbols. -> Frequent use of symbols,
LaTeX/MathML formatting.

Structural Formatting. Continuous prose without explicit structuring. -> Uses headings, -

Figure 6.4: Top 5 vibes comparing GPT-40 to Llama-3-405B on MATH CoT.
Negative separability scores indicate GPT-40 aligns with the low (red) description, while
negative preference coefficients show alignment with low descriptions is preferred. GPT-40
outputs contain more LaTex/MathML formatting which positively correlated with human
preference while Llama-3-405B has very structured and overly-detailed responses, which is
negatively correlated with preference.

ure A.40b). The top 10 vibes generated by VibeCheck are able to achieve near perfect 99.13%
model matching accuracy and 89.02% preference prediction accuracy. Although we compared the
captions without the image in this experiment due to cost, the VibeCheck framework can be easily
adapted to the multimodal setting.

6.7 Limitations

Although VibeCheck quantifies the impact of each vibe on model identity and user preference,
it is challenging to disentangle whether a specific vibe directly influences human preference or if
other confounding factors are at play. For example, a model might exhibit a vibe of being more
engaging, but its preference by users could stem from its factual accuracy, where accurate outputs
incidentally appear more engaging due to their clarity or relevance. Furthermore, the LLM-based
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Prompt: Describe the following image.

GPT-4V: In the image, a young man is caught in the midst of a daring skateboarding trick on a concrete
ledge at a beach. His black t-shirt, adorned with a white logo, contrasts with his black shorts and vibrant

red shoes. He is in an impressive pose, balancing on the skateboard with his left foot while his right foot
hovers in the air. The skateboard, tilted towards the ground, seems to be defying gravity under his control.

The beach forms a lively backdrop to this scene. People can be seen enjoying their time, adding to the
dynamic atmosphere. A red and white striped awning stands out, adding a splash of color to the scene.
The image captures a moment of thrill and skill, set against the relaxed ambiance of a beach day.

Gemini-1.5-Flash: The image shows a young man skateboarding in a skatepark. He is wearing a black shirt
with a white skull on it, black shorts, and red and white sneakers. He is in mid-air, with his skateboard
underneath him. The background is a beach, and there are people in the distance. The man is focused on
his skateboarding, and he appears to be having fun.

Creative Writing: GPT-4V: Contains narrative embellishments and subjective interpretations. Gemini-1.5-Flash: Straightforward
reporting without creative embellishments

Color and Atmosphere Description: GPT-4V: Emphasizes mood and overall ambiance, including colors and lighting. Gemini-1.5-
Flash: Focuses on identifying and detailing objects without describing the ambiance.

Descriptive Richness: GPT-4V: Rich, detailed scene description with story element. Gemini-1.5-Flash: Simple, factual description
without additional details.

vibe discovery process may not capture all relevant differences between models. This is particularly
problematic when there’s a significant discrepancy in model accuracy, as the discovered vibes may
focus primarily on accuracy-related aspects. VibeCheck is also costly to validate, as each judge will
have to evaluate each sample in D,q;dation O €ach vibe. In order for this to be feasible, our method
uses relatively inexpensive models such as GPT-40-mini, but these judge models are often incorrect
in their predictions, as shown in Figure A.35a. LLM judges also have biases [293], like favoring
their own outputs, which may affect the scoring. Lastly, running VibeCheck multiple times can
lead to different vibes and different results, making it harder to reproduce findings exactly.

6.8 Conclusion

It may seem unconventional to focus on vibes instead of concrete metrics of correctness, but these
qualitative properties have a measurable impact on how people judge models. VibeCheck provides
a valuable addition to existing metrics for correctness by capturing these qualitative aspects that
influence human preference. As LLM usage expands, we anticipate an increased focus on evaluating
vibes to better align with user preferences. Moreover, this approach can be extended to other
modalities, such as audio or visual content, and can be applied to compare any pairwise set of
texts, making it a versatile tool for model evaluation. In future work, we hope to explore extending
this framework to compare a larger number of models along with developing interventions which
can use these vibes to improve human preference for given models.
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Chapter 7

Interpretable Embeddings with
Sparse Autoencoders: A Data
Analysis Toolkit

7.1 Introduction

Modern large language models (LLMs) both produce and consume unprecedented volumes of text.
Analyzing this data at scale is important—e.g., for finding unexpected model behaviors [183] or
biases in training data—making textual data analysis a pressing area of research, especially for
model-related data. To do this, using LLMs as data labelers has become increasingly popular as
they enable users to annotate texts with task-relevant properties e.g., toxicity, formality [206, 237].
However, this approach becomes expensive at scale and can be prompt-sensitive [10, 93]. Dense
embeddings [219] enable fast similarity-based analysis but offer little interpretability or control over
specific properties.

To balance cost and controllability, we propose using sparse autoencoders (SAE) trained on
LLM hidden states to construct interpretable embeddings, where each dimension maps to a specific,
human-understandable concept. SAEs have emerged as a key unsupervised method within mech-
anistic interpretability, decomposing LLM activations into monosemantic directions [25, 53, 253].
We hypothesize that SAEs are useful for analyzing data—by passing in text through a “reader”
LLM and capturing its SAE activations, the SAE effectively labels text with the thousands of
concepts encoded in its activations at once (Figure 7.1). We show the versatility of these SAE
embeddings on four tasks:

1. Dataset diffing: SAEs can describe differences between datasets, identifying semantic and

syntactic properties with larger frequency differences at 2-8x lower cost than an LLM.

2. Correlations: SAEs can find unexpected correlations between arbitrary concepts in datasets
more reliably than LLMs, revealing biases and artifacts.

3. Clustering: SAEs discover novel, accurate text clusters and allow filtering by specific proper-
ties, enabling immediate and controllable exploration unlike dense embeddings.

4. Retrieval: SAEs either outperform or match baselines on property-based retrieval tasks.
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Figure 7.1: Converting text documents into interpretable embeddings with sparse
autoencoders. We feed each document into a "reader LLM” and use a pretrained SAE to
generate feature activations (toy example shown). Then, we max-pool activations across to-
kens, producing a single embedding where each dimension maps to a human-understandable
concept. The interpretable nature of this embedding allows us to perform a diverse range of
downstream data analysis tasks.

Lastly, we apply SAE embeddings to investigate model behaviors in two practical settings.
First, we study how OpenAl models have evolved over each subsequent generation, finding emerging
qualities like “increasingly nuanced responses that acknowledge trade-offs”. Next, we search for
spurious correlations in Tulu-3’s [138] post-training data and find a specific, learned behavior
where specially formatted math prompts trigger the phrase “I hope it is correct” in the response.
Overall, our results show that SAEs are a versatile tool for textual data analysis. More broadly,
we demonstrate the value of using data to interpret models, an understudied approach within
mechanistic interpretability.

7.2 Related Work

Interpretable embeddings. Traditional sparse (and interpretable) embeddings of text use token-
based methods e.g. bag-of-words, topic models [137, 229, 230]. In contrast, dense embeddings
generated by e.g. BERT [219] aggregate contextual information but lose interpretability. Previous
work on interpretable embeddings rely on predefined axes [6, 73, 136, 176, 305], more recently using
LLMs for labeling [17]. SAEs address these issues as they are able to learn interpretable higher-level
concepts [25, 53, 253] fully unsupervised, providing both interpretability and contextual information
with less curation. Closer to our work, prior studies have trained SAEs on dense embeddings to
control retrieval [127, 192] and generate hypotheses for predictors of target labels [188]. We build
on this, using an SAE trained on token-level LLM hidden states instead and exploring a wider
variety of tasks.

Data-centric interpretability. While most interpretability work has focused on model in-
ternals, a few works have focused on analyzing model outputs directly. [71, 278] use LLMs to
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summarize and describe different models’ characteristics; [245] finetune dense embeddings to clas-
sify LLMs by their outputs but still rely on LLMs for interpreting these differences. Recent tools
[126, 183, 206] help study features of LLM outputs, but they tend to rely solely on LLMs and are
task-focused. Instead, we employ interpretable embeddings to demonstrate their cost-effectiveness
and flexibility.

7.3 Methods

What are SAEs? SAEs are an unsupervised approach for interpreting LLM internal activa-
tions. Given an LLM activation x € R%medel on a token, the SAE learns an encoding a =
0 (WeneX + bene) € RIAE that best reconstructs x via X = Wgeca + bgec. By setting dsag >
dmodel but imposing a sparsity penalty on a, the activations of each dimension in a (“latents”) tend
to correspond to human-interpretable concepts (“features”) [25, 53, 253]. In other words, tokens
activating latent i tend to share a coherent meaning (e.g. latent 42 activates on ”dog” text).

Labeling SAE latents. For each latent, following [207], we create an interpretable label
by giving an LLM 10 random activating and 10 random non-activating phrases and asking it to
generate a label that captures the feature present in the activating phrases (e.g. latent #42:
“mentions of dogs”). This set of labels is then fixed for an SAE, mapping each dimension of a to
a semantic property.

Using SAEs to generate interpretable embeddings. Given a document d (i.e. any piece
of text), we obtain an SAE embedding ¥ € R%AE by taking the maximum activation across tokens
for each latent, as shown in Figure 7.1. In contrast to the interpretability paradigm of training an
SAE on the model we are interpreting, we are interpreting data. Thus, we only need one “reader
model” and its SAE, even if the data being interpreted was generated by another model. We can
then utilize this interpretable embedding v in two ways: as an unsupervised data labeler or as a
controllable embedding.

For data labeling, we binarize each latent in v to get a distinct label for whether document
d contains the concept associated with v;. Since the SAE is trained unsupervised to discover
concepts, storing a large hypothesis space of labels, it can be run on new text to capture the
presence of thousands of properties at once. We focus on two ways of using these labels: (1)
dataset diffing (Section 7.4), where we compare the frequencies of each latent across datasets to
describe how datasets are different; and (2) finding correlations (Section 7.4), where we compute
the co-occurrence of every pair of latents cooc(i, j) to find concepts that tend to appear together.

Additionally, we use SAE embeddings as controllable embeddings: given a list of SAE
feature labels and a natural language query q of the features of interest (e.g. tone), we can reduce
our embedding v to only contain the latents related to g. We show how this controllable embedding
can be used for (3) clustering (Section 7.4) documents based on relevant latents and (4) property-
based retrieval (Section 7.4), where we retrieve texts based on their activations on relevant latents.

7.4 Experiments

We apply SAE embeddings on four analysis tasks: diffing, correlations, clustering, and retrieval.
For each task, we first validate the findings produced by SAE embeddings with datasets containing
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ground-truth labels. We then apply them to datasets without ground-truth labels to find novel
insights, comparing SAEs with relevant LLM or dense embedding baselines. Additional method-
ological details in Section A.32.

Experimental details. We use Goodfire’s SAEs' which are trained on layer 50 hidden states of
Llama 3.3 70B [184] using LMSYS-Chat-1M [290]. The SAE has a dictionary size of dsag = 65536,
and we find 61521 existing latent descriptions® that we reuse. To improve these descriptions, we
occasionally relabel latents and indicate these cases in the following sections. When we use an
LLM, we primarily use Gemini 2.5 Flash [84] for cost-efficiency, with prompts reproduced in the
Appendix for latent labeling (A.34), hypothesis verification (A.42) and data generation (A.43). For
dense embeddings and similarity search, we primarily use OpenAl’s text-embedding-3-large [198].
We provide an ablation study on reader model size in Section A.40.

Dataset Diffing

Motivated by the large hypothesis space of SAEs, we first use SAE embeddings to find properties
that occur more frequently in one dataset’s documents than others’. We apply this diffing to
compare model outputs, discovering bigger differences at a lower cost than our two constructed
LLM baselines.

Experiment setup. We find differences between datasets by subtracting the frequencies of
each latent (documents with ;1 activated token / total documents) per dataset and surfacing
latents with the highest frequency difference. To diff an arbitrary number of datasets, we compute
a latent’s frequency difference between a “target” dataset and the maximum frequency among
others. We adopt our baselines based on [70, 71], where an LLM proposes differences over pairs of
corresponding documents (ex. model outputs to the same prompt) from each dataset. Then, we
summarize (LLM-S) or cluster (LLM-C) the differences to get the most common. See Section A.35
for baseline prompts.

Ground-truth evaluation. We evaluate our method on two datasets with ground truth
differences (details in Table A.24): (1) a movie description dataset [172] with labeled genres and
(2) a model responses dataset created by prompting one model to answer the same questions in
different tones. As shown in Table 7.1, the top latent differences align with the known differences—
some directly state the difference (e.g. the ”action” genre), while some are more indirect (e.g. "Q/A
transition points in educational content” for “organized” tone shift). Following [188], we measure
surface similarity between the top five latents and the ground truth using GPT-5 (1 = same, 0.5
= related, 0 = unrelated). We get an average score of 0.75 for movies and 0.8 for tones, indicating
that SAEs can recover the ground truth.

Diffing unlabeled datasets. To evaluate SAEs on noisy real-world differences, we apply them
to find qualitative differences between models by diffing model outputs on the same prompts. To
mitigate bad latent labels, we relabel the top 200 latents and pass their descriptions into an LLM
summarizer with the query, ”What are the most significant, interesting differences?”. We generate
at most 10 hypotheses with the SAE and baseline methods. For each hypothesized property, we
use a LLM judge to verify its presence for every response and compute the frequency difference
across datasets. We compare models over three axes of change:

!The API has a context window limit of 2048, so all texts we choose to analyze below are < 2048 tokens.
2This drop may be explained since Goodfire removed “a significant portion of harmful features” [178].
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Tone changes Movie genre differences
Surf. Sim. | Tone Top Latent Difference Genre Top Latent Difference
1 Casual Casual/cool slang and informal speech patterns Action Action movie plot developments and dramatic con-
frontations
0.5 Organized Q/A transition points in educational content Romance Will they/won’t they writing tropes
0 Imaginative Groups gathering to share stories and experiences, especially in | Musical Constructing or developing a creative scenario,
atmospheric or mysterious contexts

Table 7.1: Latent with the biggest frequency difference for tone changes (left) and
movie genre differences (right). Each row shows a latent sampled from a different surface-
similarity bucket, defined as the similarity between the ground-truth label and the latent.

Model Top hypothesis Example
Grok-4 vs. other Clarifies ambiguities [Prompt] A carton has six eggs. Two are added. Then one is taken out and eaten. One spoils so it is removed
frontier models  (+20%), invites  inter- but replaced immediately. How many eggs have left the basket?

action (+46%)

[Grok-4] Based on the wording of the riddle, no basket is ever mentioned ...If the riddle is assuming
”carton” and "basket” refer to the same container (or if it’s a mistranslation or misstatement), then I'd say
... If the question is meant to be "how many eggs are left in the basket?” then ...If none of that matches
what you had in mind, give me more context or clarification and I'll reassess!

LLaVA-Next vs.

Nonsensical artifacts like

[Prompt] Talk dirty to me as if you were my girlfriend.

Vicuna-7B "ever}vrb()(]y' or. ‘nobody’ [LLaVA-Next| I'm sorry, but as a responsible Al I cannot engage in explicit or inappropriate content. nobody
(+8.6%), sarcastic language likes a dirty talker ...
(+5%)
Evaluation Structured thinking [Prompt| [Describing game of truth and dare]
: . o ides  for- .
prompt vs. no (er/“)j " pro_wdes fo? [Gemini 2.5 Flash] The problem describes a game of Truth and Dare between Ram and Shyam. We are
prompt mal definitions in academic

given lists of tasks Ram can perform and tasks Shyam can ask Ram to perform....

tone (+18%)

Table 7.2: Qualitative examples of differences between model behaviors. We show

the top verified differences generated by SAEs, which discover surprising, unique qualities
of models like Grok-4.

1. Single model family vs. other model families: We diff three recent models—Grok-4, GPT-OSS-
120B, Gemini 2.5 Pro—with nine frontier models on 1K sampled chat prompts from arena-
human-preference-55k [292], searching for unique characteristics of our ”target” model.

Finetuned vs. base: We diff LLaVA-Next [162] vs. Vicuna-7B-v1.5 on 1K chat prompts arena-
human-preference-55k [292]. LLaVA-Next is a multi-modal model whose language backbone
was finetuned from Vicuna-7B-v1.5.

Evaluation/deployment vs. default prompt: We prompt Gemini 2.5 Flash with system prompts
“[You are being evaluated]” and “[You are being deployed in production|” on 2K APPS [101]
code generation prompts, diffing responses generated with and without a system prompt.
Results. Table 7.2 displays the top SAE hypothesis and qualitative examples, showing novel
insights about model behaviors. In Figure 7.2, we show that the average frequency difference per
hypothesis is higher for the SAE than our LLM baselines, suggesting that our SAEs produce bigger
differences more consistently. On the multi-model settings, we find that SAE hypotheses have a
higher verification rate and overall capture more of the distinct qualities of the target (e.g. Grok-
4) responses, and similarly otherwise (Section A.35). We observe that SAE hypotheses tend to
capture more granular features (e.g. ”asking clarifying question”), whereas LLMs focus on higher-
level qualities (e.g. ”flawed reasoning”). Our results suggest that SAE hypotheses are less noisy
and more precise compared to LLMs in more complicated settings like multi-model comparisons.
Cost comparison. Table 7.3 displays the total token usage (e.g. including latent relabeling)
of our approaches and shows that generating hypotheses with pure LLMs is 2-8x more expensive
than SAEs. SAE embeddings are particularly cost-effective for multi-model cases because they can
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S = Lm-C SAE LLM-S LLM-C
s B LLM-S
g ® Multi- 35M  25.3M  27.5M
o 20 model
£ LLaVA vs. 700K 17M  1.3M
2. 15 Vicuna
c Deploy 74M  154M  13.3M
g_ 10 / Eval
£ Prompt

5

Table 7.3: Token usage by

0 Grok-4 GPT-0SS Gemini LLaVA Deploy Eval SAEs and baselines. SAEs
Figure 7.2: Average difference of judge-verified take 2-8x fewer tokens to gen-
frequencies for generated hypotheses. SAEs find erate differences. Breakdowns in
bigger differences than the LLM baseline. Table A.25.

be reused, whereas our baselines must reprocess model responses for each comparison. Thus, SAEs
are a cheap alternative to LLMs that identify novel differences between datasets.

Correlations

We consider the problem of finding correlations between arbitrary features in text datasets. We are
particularly interested in “interesting” correlations that may reflect biases (e.g. offensive content
correlated with a certain demographic) or artifacts (e.g. all French examples use emojis).

Experiment setup. We define the correlation of a latent pair using their normalized pointwise
mutual information NPMI(4, j) [22]. To find “interesting” correlations, we filter to pairs with high
NPMI but low dense embedding similarity of their labels sim(l;,[;), to ignore obvious correlations
between related latents (e.g. “dog” and “pet”). Our baseline is to pass the dataset (in batches of
1k texts due to context limit) to an LLM and ask for “up to 10 correlations between meaningfully
different features, even if small” each time. We further explain our choice of metrics and baselines
in Appendix A.36.

Ground-truth evaluation. We inject 10 LLM-generated texts with synthetic correlations—1.
Croatian text with lots of emojis, 2. Discussion of baseball rules with slang, and 3. Conservative
economic opinions written in an academic tone (giving a “style” correlation between economics and
tone, and a “slant” correlation between economics and conservatism)—into a background corpus
of 990 texts from the Pile. The SAE method can recover these small but surprising correlations;
the LLM is unable to recover them reliably, as it can fail when the dataset is shuffled even at
temperature = 0 (Figure 7.3a). We further test that the SAE method works on a larger corpus
(10k) in Appendix A.36.

Evaluating signal-to-noise in real-world correlations. We test SAEs on 5k internet
comments from CivilComments [20] and a 5k sample of the Pile to quantify what fraction of pairs
discovered are truly correlated. For each latent pair (7, j), we independently relabel i and j to find
their true occurrence on a subset of the dataset using an LLM judge, then compute the verified
NPMI. Among the pairs discovered by our method (e.g. NPMIgag > 0.6, sim < 0.2), we plot the
CDF of NPMIyeifiea (Figure 7.3b), finding that they have generally higher NPMIyeyifeq than pairs
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CivilComments (NPMI)
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Latent pair NPMI Hypothesis ~ Verified  Found by Latent pair NPMI  Explanation Found by
LLM? LLM?

1: Offensive request  0.625  Cy: offensive  P(C11C)  Yes 1: The start of a formal ~ 0.707  StackExchange Yes

from the user Cy: mentions = 0409 question in structured Q&A format e.g.

2: Conjunctions and religion P(GICY) QA formats @

prepositions in =0123 2: First person IDE No

religious comparative .

discourse

1: Offensive request ~ 0.631  Cy:offensive  P(CyIC,)  Yes

from the user Cy: mentions = 0.284

atheism P(G1C) 0.741

tive-academic_style (1%)  (d) conservative-aca

1: Offensive content~ 0.601 Gy offensive  P(GIC;) No
detection for C;: mentions = 0.336
prejudicial statements black people  P(C,1C;)

unwanted behavior
despite attempted fixes

Neu

2: Black as a formal = 0037
technical or 0.714
taxonomic term
1: The assistant 0600  Cpmentions  P(GIC,) No
should write in Trump = 0560 i oo
Trump’s speaking Cy: discusses P(CCy) o mertation detail

Injection Discovered by SAE No. of shuffles found by LLM style policies = 0454 implementation details

croatian-emoticons Yes 1/10 2: Enumerating

political s 0727 Wikipedia format  No
Yes 9/10 ind actions e
Yes 110 verequest  0.628 ? offensive stcékczz) No 2: Biographical
mentions = 0.5 ct ”
conservative-academic_slant Yes 8/10 ‘o introduction patterns

women P(GIC) using s known as' and

similar

0695 Cy:mentions  P(CyIC,) No
white people = 0.538
Gy mentions P(C,1Cy)
black people = 0.287

0.708

(a) SAEs recover synthetic correlations

2: Black holes in

while LLMs do so unreliably. [Top/ For e

discussions

all SAE latent pairs, we plot their NPMI with

semantic similarity between latent descriptions.  (b) SAEs discover more truly correlated

Among pairs with high NPMI but low seman-
tic similarity (proxy for “interesting” correla-
tions), we successfully recover pairs relevant to
the synthetic correlations, shown in color. [Bot-
tom/ We reshuffle our Pile dataset ten times but
find that LLMs discover the synthetic correla-
tions inconsistently.

pairs compared to baselines. [Top/ Distri-
bution of verified NPMIs of discovered latent
pairs across all methods. [Bottom/] Hypotheses
from SAE pairs. Hypothesized concepts can be
broader than latents, and most hypotheses are
verified as true. A LLM fails to discover similar
ones.

raised by the LLM and correlated topic model baselines. In practice, we want to find “interesting”
correlations between concepts (which may be broader than individual latents). A practitioner
would look through the top pairs (i, j) discovered, and, by examining their original labels and their
co-activating texts, determine if the correlation is relevant to them and generate hypotheses on the
underlying concepts (Cj, Cj).

Finding real-world correlations. We present example correlations in Figure 7.3b. First, on
CivilComments, we find evidence of bias— “offensive language” latents co-occur with race, gender,
and religion latents. These broader correlations are mostly verified by an LLM. Second, on the
Pile, we highlight two interesting hypotheses: (a) Q&A latents co-occur with software latents, and
(b) biographical latents co-occur with category-related latents. Inspection of the co-occurring texts
shows that (a) corresponds to StackExchange-style discussions, while (b) corresponds to Wikipedia
articles containing category metadata. These observations align with the fact that StackExchange
and Wikipedia are major sources for the Pile. We present some valid LLM-generated hypotheses
in Appendix A.36. However, our results suggest that the SAE could offer a more reliable way of
finding these correlations, even if some manual effort is required due to the large number of possible
pairs.
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Clustering

We show how SAE embeddings yield novel insights for clustering documents, particularly for tar-
geted clustering along an axis of interest (e.g. tone, reasoning style) due to their interpretability.

Experiment setup. Given our real-valued SAE embeddings, we binarize them (to reflect the
presence of concepts) and spectral cluster their Jaccard similarity matrix. For targeted clustering,
we filter the embedding to only latents with labels semantically similar to given keyphrase(s). To
describe each cluster, we can diff (Section 7.4) the documents inside the cluster with those outside.
We use these top latents and top examples to generate each cluster’s description with an LLM.
Our baselines are dense and instruction-tuned embeddings (Instructor-Large [? ]). See Appendix
A.37 for details.

Ground truth evaluation. In Appendix A.37, we test targeted clustering on a synthetic
dataset of 960 news paragraphs with 4 axes of variation: topic, sentiment, temporal framing, and
writing style. Our SAE clusters each individual axis more precisely than our baselines, which give
topic clusters.

Real world evaluation metrics. Without ground truth labels, we evaluate clustering success
by per-cluster accuracy: given a clustering and its cluster descriptions, we ask an LLM to assign
each text to one cluster using only these descriptions, then compute the fraction of texts from the
original cluster that remain.? To quantify if the SAE clustering has found structure not present in
dense embeddings, we compute the z-score of each cluster’s conductance in dense embedding space
relative to a random sample (lower = tighter). We expect that SAE clusters may look “random”
in dense embedding space and thus have less negative z-score than dense embedding clusters.

Finding novel groupings with targeted clustering. We cluster 1k GSM8k [49] solutions
(Figure 7.4) by filtering to reasoning-related latents, finding distinct groups in how solutions are
written. Dense embedding and instruction-tuned embeddings failed to find similar groupings, focus-
ing on semantic content instead. In Appendix A.37, we similarly cluster IMDb movie descriptions,
showing how SAEs naturally cluster by language style and can also be controlled to cluster by char-
acter descriptions instead. We more rigorously verify that SAE clusters have comparable accuracy
with dense embedding clusters on different datasets in Appendix A.37, and discuss their limitations
in representing similarity, to confirm that the SAE representation is reasonable for clustering. Our
results demonstrate how filtering SAE latents can cluster data along axes of interest.

Retrieval

Text retrieval typically targets question answering or semantic matching (e.g., MS MARCO [208],
MTEB [72, 190]). We instead study the relatively underexplored setting of property-based retrieval
[215]—ranking texts by implicit attributes (e.g. tone, formatting, reasoning style)—which is useful
when we are more interested in properties of text than just its semantic content (e.g. surfacing
sycophancy or hedging in model responses).

Experiment setup. For a natural-language query, we (1) retrieve candidate latents by dense
embedding similarity between labels and the query, (2) optionally rerank relevant latents with

3We use this coherence and interpretability-based measure rather than geometry-based measures like
silhouette score which may not reflect usefulness for exploratory analysis.
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Normal clustering Targeted clustering
Dense embedding Instruction-tuned embedding: “Represent the text so I SAE embedding: top 500 latents with labels
can cluster them by their step by step reasoning style.” similar to “step by step reasoning”
LLM Relabel Top Example Ace. Z. LLM Relabel Top Example Ace. Z. LLM Relabel Top Example Ace. Z.
Math word He got 2%6 = 0417 -16.0 Solving word Brooke will take 15x2  51.5  -15.0 Procedural math First find the number of 0.753  -2.36
problems <<2*6=12>> 12 hours problems about = <<15*2=30>>30 solutions using pills... Then find the
involving time, the first 2 days...So he time and minutes to answer all transition words number of days... Then
distance, and got 1242 0= duration math problems. It will like "First" and multiply... #### 112
speed <<12+20=32>>32 take him 6 x 30 "Then"
hours. ##### 32 seconds... ### 48 Exolaining th 15 2001 and Mark 0545 a2
- - xplaining the t’s and Mark was . -4.
. %4 = B .2 . -
F ‘“g;‘c“” “La‘ht Ej;’*‘:‘“fz}gi‘; o it 0938 459 "Silving financial Juliaspend $40/2— 978 40.1  reasoninginmath  born in 1976 so Mark is...
prOt ems ahou The di ¢ S lhAS' word problems $<<40/2=20>>20 on the problems using 45 years old. Graham is 3
costs, purchases, e discount saves him e huc . o logical tor: " neer
* 9 & e with step-by-step  game. After buying the ogical connectors  years younger... so
and change 15%.2 K $<<l5*.2=3>>3 calculations game, she has $40 - like "so" and Graham is... #### 21
per shirt... #### 264 $20... #4# 15 "since"
Math problems There are 23+16 = 0981 -22.4
about counting <<23+16=39>> 39 Solving word 4 bags have 4 x 20 = 879 -21.6 Solving math word ~ On Tuesday Matt worked ~ 0.731 -4.26
quantities of beads in the bowl. problems by <<4*20=80>>80 apples. problems with 450 minutes / 2 =... On
objects Dividing them into 3 counting And, six bags have 6 x direct, sequential Wednesday Matt worked
equal parts.. ###4# 10 physical objects 25 =... #### 30 calculations L. HHEHETS

Figure 7.4: SAE embeddings discover novel clusters. On GSMS8k answers, dense em-
beddings [left/ and instruction-tuned embeddings [middle] tend to cluster by math problem
content. Filtering SAE embeddings to reasoning-related latents creates clusters of various
reasoning approaches [right].

an LLM, and (3) score each document by a weighted sum (with a tunable temperature) of these
latents’ activations.

Ground truth evaluation. We construct a property-based benchmark across 6 datasets (10k
texts each): ChatbotArena prompts & responses [292], DeepSeek-R1 reasoning traces [18], Pile
documents [81], arXiv g-bio abstracts [48] and Reddit short stories [76]. These settings highlight
different challenges like long reasoning traces or domain-specific properties in abstracts and stories.
For each dataset, we create a small set of 30-50 property queries and use an LLM to judge ground
truth relevance. We benchmark both Llama 70B and 8B SAEs against embedding baselines repre-
senting semantic similarity (OpenAl and Gemini), embeddings representing documents for retrieval
with an instruction (Qwen), term-based matching with LLM query expansion (BM25+LLM), and
embeddings representing semantic similarity with LLM query expansion (OpenAI+LLM and Gem-
ini+LLM) (details in Table A.38). We evaluate first-stage retrieval (ranking the entire corpus),
using mean average precision (MAP) and mean precision@50 (MP@50). For methods with hyper-
parameters (number of phrases, temperature), we fix the hyperparameter to be the one with best
MAP averaged across all datasets, but also report the full range and show dependence in Figures
A.54a—A.55b.

SAE embeddings generally outperform or match all baselines. We present MAP
scores in Figure 7.5 and MAP@50 scores in Figure A.53. We observe that the SAE works better for
model-related data (chat responses, reasoning traces, and the Pile), which is notably similar to our
SAE’s training dataset (LMSYS-1M [290]). Without the LLM latent reranking step, cost improves
but performance degrades slightly as one relies entirely on a naive similarity of latent labels to
the query.* After relabeling all latents using the Pile and LMSYS-1M, we see improvements in
datasets with similar distributions, suggesting that retrieval quality is best for datasets similar to

4Note that due to the interpretability of latents, a user theoretically has full control over each latent’s
ranking, and can rerank the latents themselves.
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Figure 7.5: MAP averaged over queries, for each method and dataset. Query expansion
uses 1-20 phrases; temperature varies from 0.01-1.5.

the SAE’s feature labeling dataset. By aggregating the strongest baseline (OpenAI+LLM) and
SAE, we achieve better performance than any individual method (Table A.39).

Example:
100 GrT Model v P

I [Prompt] You are a blacksmith in a medieval
village. Describe your internal conflict... as
you work...at your forge.

80|

60|

[GPT-3.5] As I toil away in the flickering light
40 of the forge, the weight of...

Frequency (%)

20 [GPT-40] As I stand before the roaring forge,
the heat enveloping me like a cloak...

0

Nuanced List layouts with _ Personalized Hyphenated [Roleplays] [GPT-5] The forge breathes with me. Bellows
explanations with clear markings follow-up advice technical terms Personified fill, bellows empty; coal flares, coal sighs...
trade-offs objects

Figure 7.6: Emerging characteristics over new generations of OpenAl models. All
frequencies shown are judge-verified. Full labels in Section A.39. [Left four] To uncover
general changes, we search for and relabel latents with increasing frequencies across genera-
tions. We find emerging trends ranging from behavioral to syntactic. [Right]/ To find changes
for specific prompt categories, we extract latent pairs between prompts and their responses
that increasingly co-occur over time. We consider a top pair (“role-plays”, “personifying
objects”) by generating 185 character role-plays and verifying that models increasingly per-
sonify objects. We provide an example on the right.

SAEs work well as they capture implicit properties. We examined qualitative examples
where SAEs outperform our baselines (Tables A.40, A.41). Given the query "model stuck in
repetitive loop”, dense embeddings return a document about repetitive loops (“The context memory
is getting corrupted”), whereas SAE embeddings return a document with repetitive loops (“de la
peur et de la peur et”). Dense embeddings appear biased towards the semantics of the query,
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whereas SAE features can directly encode the queried property (e.g. latent #30037 has the label
“model is stuck in repetitive output loop”). Overall, these results suggest that SAEs trained on
LLM token-level hidden states can effectively retrieve texts based on implicit properties.

7.5 Case Studies

We provide two case studies where we combine different applications of SAE embeddings to gain
richer insights into model behaviors.

How have OpenAl models changed over generations?

Foundation labs are continually releasing new models, but beyond fixed benchmarks, it is difficult
to understand qualitative trends in their characteristics over time. Here, we evaluate how five
OpenAl models, from GPT-3.5-turbo to GPT-5, have changed over the generations. We focus on
characteristics that become increasingly common, for both general and specific settings.

Emerging trends in model behavior. Similar to Section 7.4, we generate model responses
for 1k sampled general chat prompts. To find increasingly present characteristics, we find latents
with increasing frequency over each model family’s responses. We relabel the top latents and
verify the hypothesized characteristics with an LLM judge, presenting the verified frequencies in
Figure 7.6. Characteristics can appear suddenly or gradually over generations. For instance, each
new generation has responded with more nuanced explanations that include trade-offs or critiques.
Starting from GPT-4.1, models begin to give personalized follow-ups (e.g. “If you want me to
explore [specific detail] more, let me know!”). These reflect behavioral changes made intentionally
or not over time.

Tracking the biggest model changes under specific prompts. To identify emerging
qualities under specific prompt types (rather than general prompts), we find highly correlated
latents between prompts and responses for each model, before filtering for pairs that are increasingly
correlated over time. We present one such pair—“Roleplay scenarios” and “personification of
objects”—which suggests that models personify objects more when asked to role-play a character.
To verify this hypothesis, we generate 185 role-play prompts with GPT-40 and prompt a judge
to evaluate the presence of object personification. In Figure 7.6, we show that models do indeed
increasingly personify objects during role-plays, with GPT-5 almost always doing so.

Debugging Tulu-3’s post-training dataset

During supervised fine-tuning (SFT) for e.g. instruction following, a pretrained LLM learns from
provided prompt-response pairs. However, there may be spurious correlations between features in
prompts and features in responses, which the model may unintentionally learn. Prior work focuses
on feature-label correlations (e.g. in reward models [227]). SAEs instead allow us to find arbitrary
feature correlations between prompts and responses, without any labels. Here, we automatically
find such a correlation in tulu-3-sft-mixture [138] that was used to finetune Tulu-3 from Llama-3.1-
8B.
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Figure 7.7: Triggering the response “I hope it is correct” in Tulu-3. Given five
features and the 10k dataset samples, we first verify that math prompts which contain “I
hope it is correct” in the response have these features [left/. Then, we generate responses
from Tulu-3 on new prompts varying along the five feature axes [right/. We find that Tulu-3
has learned to say “I hope it is correct” upon seeing multiple parts and a character in the
prompt, generalizing partly to non-math (coding) questions.

On a 10k sample of the training dataset, we find “math”/“list” /“LaTeX” features in prompts
correlated with “hope” features in responses®—a strange correlation, which, upon examination of
the activating prompt-response pairs, turns out to be math prompts having “I hope it is correct”
in the assistant response.® Has Tulu learned this behavior, and if so, which features would trigger
this behavior? We detail in Figure 7.8 how a practitioner may use SAE embeddings to debug
a dataset, finding correlations and differences between dataset splits, to generate hypotheses for
spurious correlations.

In Figure 7.7, we observe that Tulu indeed learned to say “I hope it is correct” (Llama-3.1-8B-
Instruct never does). Strikingly, being a multi-part problem with a character triggers this phrase
in intermediate coding prompts as well, while single-part questions without a character trigger it
less; thus, the “list and hope” and “character and hope” correlations were also learned. This case
study shows how SAEs can find prompt-response correlations without predefined labels or priors,
and how an insight gained from auditing a dataset led to testable hypotheses about the model.

7.6 Limitations & Conclusion

While we have shown that SAEs can extract novel insights about data, they are vulnerable to similar
weaknesses as those that have inhibited their use for studying model internals, such as feature
absorption [30]. Our methods are also sensitive to the latents SAEs learn, which depends on training
data and affects the hypothesis space. Unlike dense embeddings, SAEs are not optimized for
similarity (see 7.4) and remain more computationally costly. Lastly, our methods are by no means
definitive—many choices (e.g. aggregating latents, metrics) can be refined, and SAEs themselves
improved (e.g. different sizes, domain-specific SAEs), which we see as exciting future directions.
In conclusion, we show the usefulness of SAEs as data labelers that generate interpretable
embeddings. We show four exploratory data analysis tasks with a focus on model-related data.

5The LLM baseline did not find this correlation.

SExamining the Tulu paper, this was indeed a formatting instruction given to the dataset-generating
model, although whether it was intended that Tulu learn this behavior is unclear.
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Dataset diffing is particularly valuable for describing model outputs, and finding correlations is
useful for dataset auditing. Clustering and retrieval demonstrate the advantages of controllable
embeddings via SAEs. Our results suggest that SAEs are a versatile tool for scalable data analysis,
and given the rich insights we find, we argue that data-centric interpretability is a promising
direction towards understanding models.
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In Tulu’s SFT dataset, we look for highly correlated latent pairs between prompts

and responses. We find that math, lists and LaTeX in prompts are each highly
correlated with the phrase “I hope it is correct” in responses.

Prompt Latent Response Latent NPMI
e.g.

€ Numbered instructions that modify core model Polite expressions of hope in formal correspondence 0.875
behavior
Mathematical and physical quantities in scientific The assistant is concluding their response by checkingif | 0.701
equations their information was helpful
Mathematical notation describing relationships The assistant is concluding their response by checkingif | 0.712
between sequential elements their information was helpful
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= -dP_2 + eP_1"2 \] .. correct.

Given that at time \( t = @ \).. derive
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character ‘ﬁ

Final Answer: The
steady state
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more in
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S ——)
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@ These give us 5 hypotheses on features in prompts that could trigger “l hope it is
correct” in Tulu’s response.

We generate new prompts along these 5 axes, to find if a combination of features would
trigger Tulu to say “l hope itis correct”.

difficulty
easy vs.
intermediate

subject LaTeX part character

mathvs. nolLaleXvs. single part without listvs. no character vs.

coding with LaTeX single part with list vs. named character vs.
multi part with list unnamed character

85

Figure 7.8: Identification and investigation of spurious correlation in Tulu-3’s
SFT dataset. Using our correlations method, we find “math” /“lists” /“LaTeX” in prompts
correlated with “hope” in responses. Further investigation gives us a list of five possible
features in prompts correlated with “I hope it is correct” in responses.
learned to say this, and under what kinds of prompts?

Has the model
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Chapter 8

Conclusion

Knowing a model is underperforming is not the same as knowing what to do about it. A benchmark
score going down, a preference vote lost, a user complaint filed: these are signals, not explanations.
The answers are in the data: the outputs the model produced, the inputs users brought to it, and
the training examples that shaped its behavior.

We approached this from several directions. VisDiff and CompCon start at the level of model
outputs, automatically characterizing what is systematically different between two image sets or
what inputs cause two generative models to diverge. Arena-Hard and VisionArena work from real
user interactions, building infrastructure to collect and curate the conversations that reveal what
models are actually asked to do in the wild. VibeCheck takes a preference signal (users prefer
Model A 62% of the time) and asks why, finding that the answer is usually something qualitative
and specific: one model is funnier, or more willing to take a stance, or more likely to hedge. SAE
Data Analysis connects behaviors to causes, tracing what a model does back to what it was trained
on.

8.1 Lessons Learned

Undefined problems are not non-problems. I came into the PhD thinking that most
ML problems are data problems and that understanding data better would tighten the model
development pipeline. I then spent my first few years doing domain adaptation instead, because
the problems I was actually interested in weren’t previously defined and I had convinced myself
that meant they weren’t real research. But the fact that a problem isn’t well-defined is often what
makes it good research (or at least the type of research that gets me most excited).

Know your research style. Joey mentioned that there are three kinds of research: explaining
to people why they are all wrong, showing that people are on the right track but can do it much
better, or coming up with new problem statements to explore. I unknowingly spent the first two
years of my PhD figuring out which of these fit my style, and I think I would have converged much
earlier if I had known this taxonomy going in.
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Don’t miss the forest for the trees. I often fell into the common pitfall of getting lost in
the small details of a method only to realize that the bigger story had a fatal flaw. If I had spent
more time prepping high-level idea discussions with my advisor and started writing paper intros
well before the deadline, I think I could have been at least 2x faster.

8.2 Future Work

Plugging insights back into the evaluation pipeline. A natural next step is closing the
loop between evaluation and training. Right now, reward functions are largely static, but models
find ways to hack them, and we often only notice after the fact by looking at traces. The idea is to
use insights from trace analysis to actively evolve the reward function during training: reflect on
generated traces to find instances where the reward metric is weak or being gamed, and feed that
signal back to update the reward function itself. This turns evaluation from a post-hoc diagnostic
into an active part of the training loop. The open question is how to make this reflection reliable
enough that you're actually fixing the reward and not just chasing a new artifact.

Measuring benchmark utility. LLM evals have ballooned, but we don’t actually know if
we are measuring the same thing over and over again or actually measuring new stuff. New
benchmarks and evolving versions of existing ones like LiveCodeBench or SWE-Bench get added
to leaderboards constantly, but it’s unclear whether they capture genuinely new capabilities or just
repackage existing ones. The core question is: given a new eval, how much new variance does it
actually contribute? One direction is developing model-independent novelty metrics grounded in
the structure of the dataset itself rather than in how models perform on it—things like compression-
based complexity. A complementary question is whether you can decompose an evaluation suite into
a smaller set of latent dimensions that explain most of the variance across benchmarks, essentially
asking what the true basis of LLM capability measurement looks like and whether categories like
“instruction following” or “multi-step planning” are actually distinct.

Enforcing human oversight in the era of automation. As models get deployed in
agentic settings where they take sequences of actions with minimal human review, oversight becomes
a lot harder to maintain. There are two concrete problems. The first is on the model side: models
are often unreliable narrators of their own behavior, producing reasoning traces that sound plausible
but don’t actually reflect what the model did or why. The second is on the human side: even if you
had accurate traces, the volume of agentic interactions makes manual review completely intractable.
The behavior characterization methods here are a natural starting point for both—automated
behavior summarization can make traces more legible, and the same comparison primitives used
to find model differences can flag when a trace deviates from expected behavior.

Your LLM is a database. Generative models are essentially a database with a fuzzy lookup,
so the natural question is: can we make this more explicit? Rather than treating memorization as
a failure mode, we lean into it. Given a large structured dataset, can you train a model to retrieve
records, draw relationships between them, and analyze the database as a whole, just by prompting
it? SQL is too rigid, RAG is too single-document focused, and giving the model tool use only



CHAPTER 8. CONCLUSION 88

works when your data is cleanly structured. Early experiments on movie databases show that a
finetuned model can retrieve records for queries that normal SQL can’t handle—Ilike “return movies
featuring a strong sibling bond” —with non-zero accuracy on held-out questions. Open questions
include how well the model can ground its answers in the actual records, how much it needs to
memorize versus generalize, and how far this scales with model size and data complexity.
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Appendix A

Supplementary Material

Chapter 2: Describing Differences in Image Sets with Natural
Language

Reproducibility Statement

We provide code implementations of VibeCheck at https://github.com/Understanding-Visual-Datasets/
VisDiff. We also provide VisDiffBench at https://drive.google.com/file/d/1vghFdOrB5UTBaeR5rdxhJe3s70l
The implementations and datasets will enable researchers to reproduce all the experiments de-

scribed in the paper as well as run their own analyses on additional datasets.

Ethics Statement

In this work, we introduce VibeCheck, a novel method designed to discern subtle differences between
two sets of images. VibeCheck represents not just a technical advance in the analysis of image sets,
but also serves as a useful tool to promote fairness, diversity, and scientific discovery in Al and data
science. First, VibeCheck has the potential to uncover biases in datasets. For instance, comparing
image sets of workers from diverse demographic groups, such as men and women, can reveal and
quantify career stereotypes associated with each group. This capability is pivotal in addressing
and mitigating biases present in datasets. Furthermore, VibeCheck holds substantial promise for
scientific discovery. By comparing image sets in various scientific domains, such as cellular images
from patients and healthy individuals, VibeCheck can unveil novel insights into the disease impacts
on cellular structures, thereby driving forward critical advancements in medical research. However,
VibeCheck is meant to be an assistive tool and should be applied with humans in the loop. The
users are responsible for interpreting the results properly and avoiding misinformation. In summary,
VibeCheck emerges as a crucial tool for ethical Al considerations, fostering fairness and catalyzing
scientific progress.


https://github.com/Understanding-Visual-Datasets/VisDiff
https://github.com/Understanding-Visual-Datasets/VisDiff
https://drive.google.com/file/d/1vghFd0rB5UTBaeR5rdxhJe3s7OOdRtkY
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Table of Contents

In this supplementary material, we provide additional details of datasets, methods, results, and
applications.

e In section A.1, we provide examples of our benchmark VisDiffBench prompts to generate and
evaluate this benchmark, human-generated labels for VisDiffBench, and Other VisDiffBench
evaluation metrics.

e In section A.2, we provide additional details of each proposer and ranker and compare dif-
ferent ranking metrics.

e In section A.3, we ablate various design choices of our algorithm VibeCheck.
e In section A.4, we provide supplementary evidence of findings for each application.

e In section A.5, we explain more failure cases and limitations of VibeCheck.

A.1 Supplementary Section 3

In this section, we provide additional details of Section 3 in the main paper.

Paired Sentences for VisDiffBench

VisDiffBench contains five subsets: PairedlmageSets-Easy, PairedImageSets-Medium, PairedImageSets-
Hard, ImageNetR, and ImageNet*. We provide all the paired sentences of PairedlmageSets in Ta-

ble A.1. For ImageNetR, D4 is one of the “art”, “cartoon”, “deviantart”, “embroidery”, “graffiti”,
“graphic”, “origami”, “painting”, “sculpture”, “sketch”, “sticker”, “tattoo”, “toy”, “videogame”,
and Dp is “imagenet”. For ImageNet*, D, is one of the “in the forest”, “green”, “red”, “pen-

cil sketch”, “oil painting”, “orange”, “on the rocks”, “in bright sunlight”, “person and a”, “in the
beach”, “studio lighting”, “in the water”, “at dusk”, “in the rain”, “in the grass”, “yellow”, “blue”,
“and a flower”, “on the road”, “at night”, “embroidery”, “in the fog”, “in the snow”, and Dp is
“base”.

Examples for VisDiffBench

We provide 4 examples for PairedlmageSets-Easy, PairedlmageSets-Medium, PairedlmageSets-
Hard, respectively, in Figure A.1 and Figure A.10. For ImageNetR and ImageNet*, we refer readers
to the original papers [102, 260].

Prompts for VisDiffBench Generation

We provide the GPT-4 prompt we used to generate paired sentences for PairedlmageSets in Fig-
ure A.2 (top).
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B LT

Level: Easy Top Difference: penguins standing together AUROC: 1.00 GPT-4 Score: 1.0
e
People skiing on WNV‘ ﬁﬁﬁ q
aslope \
g ( 2

Level: Easy Top Difference: groups of skiers AUROC: 0.89 GPT-4 Score: 1.0

People
snowboarding
ona slope

Round dinner
plates on a
table

Square dinner
plates on a
table

waltz

Cyclists in
time-trial race

Cyclists in a
mountain stage
race

Poems writtel
in free vers

Poems written
in sonnet form

Level: Hard Top Difference: free verse poetry AUROC: 0.85 GPT-4 Score: 1.0

Figure A.1: PairedImageSets examples where VibeCheck succeeds. We show the ground-
truth difference, top difference predicted by VibeCheck, AUROC score output by the ranker,
and evaluation of the predicted difference by GPT-4.

Prompts for VisDiffBench Evaluation

We provide the GPT-4 prompt we used to evaluate the generated difference description against the
ground-truth difference description in Figure A.2 (bottom).

Human-generated Differences for VisDiffBench

To increase the quality of the dataset, we have collected human-generated differences between
the sets in VisDiffBench. We have conducted two types of human annotations: (1) propose the
differences by humans; (2) validate the differences by humans. Averaged across 3 annotations for
each of 187 sets, we find that annotators agreed that 96% of our labels are correct differences, 93%
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—{_visDiffBench Generation Prompt ]

I'm working on a project about explaining image distributional difference using natural language. The inputs are image set A and image set B, the output is a natural language description of
the most different features.

However, | don't have datasets to evaluate the system. I'm going to crawl Google to collect images giving a sentence. Can you think about 50 paired sentences showing:

- Easy level (compare super class, e.g., "Dogs playing in a park" vs "Cats playing in a park", "Children playing soccer" vs "Children swimming in a pool)

- Medium level difference (compare fine-grained class, e.g., "SUVs on a road" vs "Sedans on a road", "Wooden chairs in a room" vs "Plastic chairs in a room"),

- Difficult level (compare difficult, non-trivial differences, e.g., "sunrise over Santorini, Greece" vs "Sunset over Santorini, Greece", "Bengal cat in sitting posture" vs "Siamese cat in sitting
posture")?

For each level, only includes one difference between two set (e.g., there are two differences between "Mountains in winter" vs "Beaches in summer", both scene and season, do not include
this). Give 50 outputs in jsonl format ~~*{"set1": str, "set2": str, "difference": str} ™. Let us start with 50 easy examples.

You did a great job! Let's do 50 medium level

Great! Let's do 50 difficult examples

—{_ visDiffBench Evaluation Prompt

| am a machine learning researcher summarizing differences in groups of images. The goal is to find a concept that is more true for Group A than Group B.

Given a description of Group A and Group B, output whether a given prediction aligns with the description of Group A. Answer with a 2 (fully aligned), 1 (somewhat aligned), or O (not aligned). a
score of 1 should be given if the prediction is more true for A than B, but is a superset or a subset of the most correct difference.

For example, if Group A is "images of dogs in the snow" and Group B is "images of dogs next to cats":
- predictions like "dogs in the snow" or "dogs in winter time" should be given a 2
- predictions like "golden retrievers on a ski slope" or "animals in the snow" should be given a 1

Here is the descriptions
Group A: People riding racing horses and Group B: People riding dressage horses. Prediction: Horse racing events

Again, output either a 2, 1, or 0. Response:

Figure A.2: Prompt used to generate paired sentences for VisDiffBench (top) and evaluate
VisDiffBench (bottom). Input-dependent texts are colored in blue.

are the best description to differentiate the set, and 76% are the same as a difference the annotator
has written. The last statistic is indicative of human performance on this challenging task. Since
this task has some difficult cases, for instance, when set A is “cities with Gothic architecture” and
set B is “cities with Modernist architecture”, we see models outperform humans on some cases.

In the first part of annotation, annotators are given the link to the images from D4 and Dg
and asked to propose up to 5 differences (usually 1-2). In the second part, the annotators are given
our VisDiffBench ground-truth descriptions and asked (1) is the provided difference correct (2)
would you consider this the best description of the difference between the sets (3) is this consistent
with any of your descriptions and (4) which description is it most consistent with. We gave each
annotator a tutorial on the task with 3 examples, checking their first few descriptions were in the
correct format. In the end we collected 3 annotations per image set in VisDiffBench. The inter-
annotator agreement is 93%, 87%, 75% for questions 1-3. We have released these human labels
along with our original labels in our code base.

Other VisDiffBench Evaluation Metrics

We chose GPT-4 as our evaluation metric because evaluating the proposed difference requires a
human-level understanding of the semantics in a short description. Table A.2 reports the correlation
between common captioning metrics and human annotators in VisDiffBench, which shows that the
GPT-4 evaluation has much higher consensus with humans and is the only reliable metric. However,
due to the limitation of GPT-4 being closed-source and constantly changing, we highlighted the
exact GPT version we used (gpt-4-0613) and released the outputs of our experiments to maximize
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Metric B4 R1 RL BS V1.5 G3.5 G4
Pearson | 0.140 0.492 0.497|0.272 0.594 0.623 0.800

Table A.2: Correlation of automated metric with humans. Model-free metrics in-
clude B4 (BLEU-4), R1 (ROUGE-1), RL (ROUGE-L). Model-based metrics include BS
(BERTScore), V1.5 (Vicuna-1.5-13B), G3.5 (gpt-3.5-turbo-0613), G4 (gpt-4-0613).

reproducibility.

A.2 Supplementary Section 4
In this section, we provide additional details of Section 4 in the main paper.

Details for Proposer

We ran each proposer for 3 rounds. For each round, we sample 20 examples per set and generate
10 hypotheses.

Image-based Proposer. We provide an example input of the gridded image in Figure A.3.
We feed the image and the prompt shown in Figure A.4 (middle) to LLaVA-1.5 to generate 10
hypotheses.

o o R
i 1 e | TP n R e ==
f bR < b ar = :
= i =
,. = o J
= i

Figure A.3: Example input to the image-based proposer. We arrange 20420 input images
into a single 4-row, 10-column gridded image.
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Easy Medium Hard IN-R/*

Metri

errie Al A5 | A1l A5 | Al A5 | Al A5
AUROC 0.88 0.99/0.75 0.86|0.61 0.80|0.78 0.96
p-value 0.83 0.99| 0.74 0.86| 0.58 0.77 | 0.81 0.95
diff. in means| 0.83 0.98 | 0.69 0.84 | 0.60 0.76 | 0.76 0.92

Table A.3: VisDiffBench results using different ranking metrics based on CLIP
similarity scores. We use the caption-based proposer. Al & A5 are Acc@l1 & Acc@5.

Feature-based Proposer. To generate 10 hypotheses, we sample BLIP-2 10 times using top-p
sampling given the subtracted embedding.

Caption-based Proposer. We generate captions for each image using BLIP-2 with the prompt
“Describe this image in detail.”. We apply a simple filtering of the captions, which removes any
special tokens and captions simply repeating words. We feed the filtered captions and the prompt
shown in Figure A.4 (top) to GPT-4 to generate 10 hypotheses.

Details for Ranker

Image-based Ranker. Given each hypothesis, we prompt LLaVA-1.5 with the image and the
prompt “Does this image contain {hypothesis}?”.

Caption-based Ranker. Given each hypothesis, we prompt Vicuna-1.5 with the image cap-
tion and hypothesis using the prompt shown in Figure A.4 (bottom).

Feature-based Ranker. We use the OpenCLIP model ViT-bigG-14 trained on laion2b_s39b_b160k.

Different Ranking Metrics

Table A.3 shows the results of several different ranking metrics using the CLIP similarity scores on
VisDiffBench. We see that AUROC produces the most consistent highest performing results, but
other metrics such as p-value and the difference in means also produce promising results.

A.3 Supplementary Section 5

In this section, we provide additional details of Section 5 in the main paper. We ablate various
design choices of VibeCheck.
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Figure A.4:

\

4[ Caption-based Proposer Prompt J

The following are the result of captioning two groups of images:

Group A: a group of jockeys and horses are racing on a green field
Group A: a cowboy riding a bucking horse at a rodeo

Group B: a person is riding a black horse in an arena
Group B: person riding a horse in an equestrian competition at the london 2012 olympics

I'am a machine learning researcher trying to figure out the major differences between these two groups so | can better understand my data.

Come up with 10 distinct concepts that are more likely to be true for Group A compared to Group B. Please write a list of captions (separated by bullet points "*"). For example:

* "a dog next to a horse"

* "a car in the rain"

* "low quality"

* "cars from a side view"

* "people in a intricate dress”

* "a joyful atmosphere”

Do not talk about the caption, e.g., "caption with one word” and do not list more than one concept. The hypothesis should be a caption, so hypotheses like "more of ...", "presence of ...",
"“images with are incorrect. Also do not within Here are examples of bad outputs and their corrections:
* INCORRECT: "various nature environments like lakes, forests, and mountains" CORRECTED: "nature"

* INCORRECT: "images of household object (e.g. bowl, vacuum, lamp)” CORRECTED: "household objects”

* INCORRECT: "Presence of baby animals" CORRECTED: "baby animals”

* INCORRECT: "Different types of vehicles including cars, trucks, boats, and RVs" CORRECTED: "vehicles"

* INCORRECT: "Images involving interaction between humans and animals" CORRECTED: "interaction between humans and animals”

* INCORRECT: "More realistic images" CORRECTED: "realistic images"

* INCORREC sects dragonfly, CORRECTED: "insects"

Again, | want to figure out what kind of distribution shift are there. List properties that hold more often for the images (not captions) in group A compared to group B. Answer with a list
(separated by bullet points "*"). Your response:

\

4[ Image-based Proposer Prompt |

This image contains two groups of images. 20 images from Group A are shown in the first two rows, while 20 images from Group B are shown in the last two rows.
1am a machine learning researcher trying to figure out the major differences between these two groups so | can better understand my data.

Come up with 10 distinct concepts that are more likely to be true for Group A compared to Group B. Please write a list of captions (separated by bullet points "*"). For example:
* "a dog next to a horse”

* "a car in the rain”

... (same as caption-based proposer prompt)

* INCORRECT: "Insects (cockroach, dragonfly, grasshopper)" CORRECTED: "insects"

Again, | want to figure out what kind of distribution shift are there. List properties that hold more often for the images in group A compared to group B. Answer with a list (separated by bullet
points "*"). Your response:

)

4[ Caption-based Ranker Prompt J

Given a caption and a concept, respond with yes or no.
Here are 5 examples for the concept "spider and a flower":
INPUT: a spider sitting on top of a purple flower

OUTPUT: yes

INPUT: a yellow and black spider with a web in the background
OUTPUT: no

INPUT: a arachnid with a white flower

OUTPUT: yes

INPUT: a spider is walking on the ground in the grass

OUTPUT: no

INPUT: two yellow and black spiders

OUTPUT: no

Here are 6 examples for the concept "an ipod in the forest":
INPUT: a smartphone in the forest

OUTPUT: yes
INPUT: a white apple ipad sitting on top of a wooden table
OUTPUT: no

INPUT: an ipod near some trees

OUTPUT: yes

INPUT: a smartphone with apps

OUTPUT: no

INPUT: a pink mp3 player sitting on top of a book
OUTPUT: no

INPUT: an ipod sitting on a white surface

OUTPUT: no

Given the caption "mario and luigi are playing tennis on a white background" and the concept “references to pop culture”, respond with either the word yes or no ONLY.
OUTPUT:

96

Prompt for caption-based proposer (top), image-based proposer (middle), and
caption-based ranker (bottom). Input-dependent texts are colored in blue.

Caption Styles

Given that our leading proposer is caption-based, it naturally raises the question of how captions
derived from vision language models influence performance. We conducted a comparative analysis
of captions generated by two state-of-the-art vision language models: BLIP-2 and LLaVA-1.5.
Notably, compared to BLIP-2, LLaVA-1.5 has been instruction-tuned and can produce captions
that are much longer with detailed information. The average caption length for LLaVA is around

391 characters compared to BLIP-2’s 41 characters.

As shown in Table A.4, despite the clear

disparity between these two captions, the algorithm achieves similar performances. This suggests
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PIS-Easy | PIS-Medium , PIS-Hard | ImageNet-R/*
Acc@l Acc@5 | Acc@l Acc@5 | Acc@l Acc@b | Acc@l  Acc@b

GPT-4 on BLIP-2 Captions CLIP 0.88 0.99 | 0.75 0.86 | 0.61 0.80 0.78 0.96
GPT-4 on LLaVA-1.5 Captions CLIP 0.89 0.98 | 0.73 0.85 0.51 0.70 0.84 0.93
GPT-3.5 on BLIP-2 Captions  CLIP 0.81 0.95 0.67 0.87 | 0.60 0.76 0.85 0.96

Proposer Ranker

Table A.4: Results on VisDiffBench with different captions and language models. We bold
any numbers within 0.02.

0.80 0.80 %’ 0.78 o
0.8 0.77 4 ' 0.8 A 0.75
0.7 068 — Acc@l 0.7 —o— Acc@l
Acc@5 Acc@5
0.61 0.60 0.61
0.6 0.57 056 0.6 932
0.52 0.54
1 2 3 4 5 10 20 50
# of Rounds # of Samples

Figure A.5: Analysis of the number of rounds (left) and number of samples (right) for the
proposer on 50 PairedImageSets-Hard sets. 3 rounds and 20 samples are the best in terms
of performance and efficiency.

that language models possess a robust inductive reasoning ability that allows them to discern
the most notable differences in language. BLIP-2’s captions, being marginally superior, could be
attributed to their shortness and conciseness.

Language Models

We compared GPT-4 with GPT-3.5 in Table A.4 to assess how different language models affect
the caption-based proposer. While both models achieve strong performances on VisDiffBench,
GPT-4 outperforms GPT-3.5 in most cases, demonstrating that the stronger reasoning capability
of language models is important to accomplish the set difference captioning task.

Sampling Rounds

The proposer’s generated differences rely on the random samples drawn from each image set; thus,
extensive sampling is paramount to capture all the differences. Our ablation studies presented in
Figure A.5 (left), conducted on the PairedlmageSets hard subset, suggest that an increase in sam-
pling iterations typically correlates with enhanced performance. However, a point of diminishing
returns is observed beyond three rounds of proposals. In this paper, we standardize the experiments
based on three rounds of proposal generation.
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Number of Sampled Examples

Inputting more samples from D4 and Dp into the proposer may not be advantageous, as a long
context could result in information getting lost in the middle [164, 238]. Results shown in Figure A.5
(right) reflect this, as inputting more captions to the large language models sees performance
benefits up to 20 captions, at which point performance degrades.

Necessity of Ranker

Since the proposer may already generate and sort the most salient difference descriptions based
on the sampled images, we conduct ablations to understand whether the ranker is necessary. We
observe that, on PairedlmageSets hard subset, VibeCheck achieves 0.54 Acc@1 and 0.68 Acc@5b
without ranker, which is much lower than the 0.61 Acc@1 and 0.80 Acc@5 with ranker, demon-
strating the necessity of the ranker.

A.4 Supplementary Section 6

In this section, we provide additional details of Section 6 in the main paper.

Comparing ImageNetV2 with ImageNet

Per-class visualizations. Along with the “Dinner Table” example shown in Figure 1, we
provide other per-class differences with the highest difference scores in Figure A.6. These examples
clearly reveal salient differences between ImageNetV2 and ImageNet. Moreover, we observe time
differences between these two datasets, as ImageNetV2 images contain Twitter and WhatsApp in
the “Hand-held Computer” class and London 2012 Oylmpics in the “Horizontal Bar” class.

ImageNetV2 metadata analysis. To get more precise statistics on when the ImageNetV2
images were collected, we analyzed the metadata of each image, which reports the minimum and
maximum upload date of that image to Flickr. We find that 72% images were uploaded between
2012 and 2013, and 28% were uploaded between 2013 and 2014. This is different from ImageNet
images that were all collected on or before 2010.

Comparing Behaviors of CLIP and ResNet

Top Differences and Per-class visualizations. We provide per-class differences where
CLIP outperforms ResNet most in Figure A.7. These examples clearly reveal salient differences
between CLIP and ResNet, such as CLIP’s robustness to label within images, object angle, and
presence of people.

Finding Failure Modes of ResNet

Model details. We use the PyTorch pre-trained ResNet-50 and ResNet-101 models and the
Huggingface “facebook/detr-resnet-50” object detector.
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ATOR

- € At ‘v’
g X | ,

(a) Wig Diffs: “Close up views of dolls”, “Japanese style dolls”, “Images including Barbie dolls”

(b) Hand-held Computer Diffs: “Apps like Twitter and Whatsapp”, “Digital devices with green
screen”, “Interconnection between laptop and smart phone”

"J .
W“

(c) Palace Diffs: “East Asian architecture”, “Images featuring the Forbidden City in Beijing”,
“Images including red buildings with Chinese writing”

(d) Pier lefs “Body of water at night”, “Urban nlght skyhne “Long exposure shots”

(e) Schnauzer Diffs: “Black dogs in different settings”, “Terrier puppies with objects”, “Interac-
tion with different obJects

(f) Horizontal Bar  Diffs: “Men’s gymnastics events”, “London 2012 Olympics”, “Gymnastics
event in 2013”

Figure A.6: ImageNetV2 vs. ImageNet. All V2 images are shown in the first row while
V1 images are shown in the second row. We show the class name and top 3 difference
descriptions generated by VibeCheck.
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(a) Tobacco Shop Diffs: “Sign hanging from the side of a building”, “Falcon images”,“Presence
of street signs”

(b) Digital Watch Diffs:  “Watches displayed in a group”,“Arrangement of multiple

watches”, “Watches with colored straps”

bE 14

96

(c) Missile Diffs: “People posing w1th large missiles”, “people posing with rockets”, “missiles on

display”

ot Pie iffs: “Comparison of food size to coins”,“Utilization of cutting board”, “Inclusion
d) Pot Pie Diffs: “C i f food size t ins”, “Utilizati f cutting board”, “Inclusi
of beverages”

(e) Toy Shop Diffs: “People shopping in store”,“Female customer in store”,“Specific location
based scene”

Figure A.7: CLIP vs. ResNet. All CLIP correctly classified but ResNet incorrectly classified
images are shown in the first row while other images are shown in the second row. We show
the class name and top 3 difference descriptions generated by VibeCheck.
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Top differences. The top 5 difference descriptions from VibeCheck were “humanized object
items”, “people interacting with objects”, “electronics and appliances”, “objects or people in a
marketplace setting”, and “household objects in unusual placement”.

Comparing Versions of Stable Diffusion

‘[ Diffusion Text-based Proposer Prompt ]

The following are the result of captioning two groups of images generated by two different image generation models, with each pair of captions
corresponding to the same generation prompt:

Prompt: red apples on a tree with green leaves

Group A: a tree filled with red apples hanging from its branches. There are a total of nine apples visible in the scene, with some of them appearing to be ripe
and ready to be picked. The apples are arranged in various positions on the tree, with some closer to the top and others near the bottom. The tree appears to
be a healthy and thriving source of fresh fruit.

Group B: a tree filled with a variety of apples hanging from its branches. There are several apples of different sizes and colors, including red and green,
scattered throughout the tree. Some apples are hanging higher up, while others are closer to the lower branches. The tree appears to be a lush, healthy
source of fresh fruit.

| am a machine learning researcher trying to figure out the major differences between these two groups so | can correctly identify which model generated
which image for unseen prompts.

Come up with 10 distinct concepts that are more likely to be true for Group A compared to Group B. Please write a list of captions (separated by bullet
points "*") . for example:

* "dogs with brown hair"

* "a cluttered scene"

* "low quality"

* "a joyful atmosphere"

Do not talk about the caption, e.g., "caption with one word" and do not list more than one concept. The hypothesis should be a caption that can be fed into
CLIR so hypotheses like "more of ...", "presence of ...", "images with ..." are incorrect. Also do not enumerate possibilities within parentheses. Here are
examples of bad outputs and their corrections:

* INCORRECT: "various nature environments like lakes, forests, and mountains" CORRECTED: "nature"

* INCORRECT: "images of household object (e.g. bowl, vacuum, lamp)" CORRECTED: "household objects"

* INCORRECT: "Presence of baby animals" CORRECTED: "baby animals"

* INCORRECT: "Images involving interaction between humans and animals" CORRECTED: "interaction between humans and animals"

* INCORRECT: "More realistic images" CORRECTED: "realistic images"

* INCORRECT: "Insects (cockroach, dragonfly, grasshopper)" CORRECTED: "insects"

Again, | want to figure out what the main differences are between these two image generation models so | can correctly identify which model generated
which image. List properties that hold more often for the images (not captions) in group A compared to group B. Answer with a list (separated by bullet points
"*"). Your response:

Figure A.8: Modified proposer’s prompt for StableDiffusion analysis.

Text-to-image generation details. We use the Huggingface models “CompVis/stable-diffusion-
v1-4” and “stabilityai/stable-diffusion-2-1” with guidance of 7.5 and negative prompts “bad anatomy,
bad proportions, blurry, cloned face, cropped, deformed, dehydrated, disfigured, duplicate, error,
extra arms, extra fingers, extra legs, extra limbs, fused fingers, gross proportions, jpeg artifacts,
long neck, low quality, lowres, malformed limbs, missing arms, missing legs, morbid, mutated hands,
mutation, mutilated, out of frame, poorly drawn face, poorly drawn hands, signature, text, too
many fingers, ugly, username, watermark, worst quality”.

VibeCheck details. Unlike the previous applications, there exists a one-to-one mapping be-
tween Dy and Dp through the generation prompt. Therefore, we modify the subset sampling
process to include the images generated from the same prompts and modify the proposer’s prompt
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to include the generation prompts (Figure A.8). We used LLaVA-1.5 for captioning rather than
BLIP-2 because we were particularly interested in the details of the images.

Top differences. Top 5 differences are shown in Table A.5.

AUROC
More True for SDv2 Parti Diff DB
colorful and dynamic collages of shapes or items 0.70 0.71
vibrant colors 0.72 0.70
strong contrast in colors 0.68 0.68
reflective surfaces 0.68 0.68
artworks placed on stands or in frames 0.64 0.66

Table A.5: Concepts more true for SDv2 than v1. Differences are proposed by running
VibeCheck on PartiPrompts images. These differences obtain similar scores on the unseen
DiffusionDB images, indicating that these differences generalize to various prompts.

Visualizations. We provide 50 random samples of SDv2 and SDvl images generated with
DiffusionDB prompts in Figure A.9. These examples clearly verify that SDv2-generated images
contain more vibrant contrasting colors and artwork or objects in frames or stands.

Edge analysis. One interesting finding from VibeCheck is that SDv2 generated images contain
more image frames than SDv1, such as a white border characterized by thick, straight lines spanning
much of the image. To quantify this, we employed a Canny edge detector and searched for straight
white lines in the images, with a thickness ranging from 5 to 20 pixels and a length exceeding 300
pixels (given the image size is 512x512). Applying this analysis to DiffusionDB images revealed
that 13.6% of SDv2 images exhibited such lines, as opposed to only 5.4% from SDv1. This statistic
provides additional evidence for such difference.

Memorable Images

Top differences. The top 25 difference descriptions generated by VibeCheck are presented
in Table A.6.

Classification analysis. To validate whether the generated differences for memorable and
forgettable images make sense, we use CLIP to classify each image in the LaMem dataset to these
25425 differences and then assign the label “forgettable” or “memorable” based on where the
difference is from. For example, if an image has the highest cosine similarity with “close-up of
individual people”, we assign its label as “memorable”. We observe a 89.8% accuracy on the
LaMem test set, demonstrating that these differences provide strong evidence to classify whether
images are memorable or forgettable.
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Figure A.9: Randomly sampled images generated from SDv2 and v1 using DiffusionDB
prompts.
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Memorable close-up of individual people, use of accessories or personal items, tattoos on human skin,
close-up on individuals, humorous or funny elements, artistic or unnaturally altered hu-
man features, humorous elements, detailed description of tattoos, fashion and personal
grooming activities, pop culture references, collectibles or hobbies, light-hearted or hu-
morous elements, themed costumes or quirky outfits, animated or cartoonish characters,
emphasis on fashion or personal style, close-up of objects or body parts, close-up facial
expressions, unconventional use of everyday items, images with a playful or humorous
element, focus on specific body parts, silly or humorous elements, people in casual or
humorous situations, detailed description of attire, quirky and amusing objects, humor-
ous or playful expressions

Forgettable | Sunsets and sunrises, serene beach settings, sunset or nighttime scenes, agricultural
fields, clear daytime outdoor settings, landscapes with water bodies, images captured
during different times of day and night, Beautiful skies or sunsets, abandoned or isolated
structures, natural elements like trees and water, urban cityscapes, urban cityscapes at
night, various weather conditions, Afar shots of buildings or architectural structures,
outdoor landscapes, cityscapes, Cityscapes and urban environments, Scenic outdoor
landscapes, landscapes with mountains, Picturesque mountain views, expansive outdoor
landscapes, Scenic landscapes or nature settings, Serene and tranquil environments,
scenic landscapes, scenes with a serene and peaceful atmosphere

Table A.6: Top 25 differences for memorable and forgettable images.

A.5 Failure Cases and Limitations

In this section, we summarize the failure cases and limitations of VibeCheck algorithm.

Caption-based Proposer

While our evaluation in the main paper shows that the caption-based proposer outperforms other
counterparts by a large margin, translating images to captions may lead to information loss. For
example, as shown in Figure A.10, fine-grained differences between groups “Cupcakes topped with
buttercream” and “Cupcakes topped with fondant” is overlooked due to generic captions. We
expect using captioning prompts tailored to the application domain can mitigate this issue.

Furthermore, despite providing task context and several in-context examples, we noted instances
where GPT-4 predominantly focused on the captions rather than the underlying high-level visual
concepts. A frequent error involves generating concepts related more to the caption than the image,
such as “repetition of 'bonsai’ in the caption,” as illustrated in Figure A.10. We anticipate that
this issue will diminish as LLMs’ instruction-following ability improves.

Feature-based Ranker

Several of VibeCheck’s ranker failure cases stem from biases and limitations in CLIP. For example,
nuanced differences such as “a plant to the left of the couch” are often assigned lower rankings
because CLIP struggles with precise location details, and minor variations in phrasing can lead to
significant differences in similarity scores.

Additionally, using AUROC on cosine similarities as a ranking metric is sensitive to outliers
in cosine similarity scores. In practice, we have noticed that outliers can cause very specific dif-
ference descriptions to be scored higher than more general differences. For instance, as shown
in Figure A.10, with D4 being “Birds flying in the sky” and Dp “Airplanes flying in the sky,” the



APPENDIX A. SUPPLEMENTARY MATERIAL 105

Motorcycles
on a street

Bicycles on a
street

Level: Easy Top Difference: futuristic motorcycle design AUROC: 0.99 GPT-4 Score: 0.5

A
irds flying in ‘L \
- E—%ﬂ‘ﬂ N &.& hg
Airplapes flying — ~, 7 i ‘ |
in the sky ) Eii .‘ § iE I =

Vintage cars on
aroad

Modern cards [
on a road

Shiny metallic
cars

Matte finish

h n

Level: Medium Top Difference: cars with reflective backgrounds AUROC: 0.85 GPT-4 Score: 0.5

Cupcakes topped S ; ! < 3 . P ‘F li
with buttercream b £ o

Cupcakes topped
with fondant

Bonsai trees shaped
in

cascade style
Bonsai trees shaped

in informal upright
style

Level: Hard Top Difference: Repetition of ‘bonsai’ in the caption AUROC: 0.74 GPT-4 Score: 0.0

Figure A.10: PairedlmageSets examples where VibeCheck fails. We show the ground-truth
difference, top difference predicted by VibeCheck, AUROC score output by the ranker, and
evaluation of the predicted difference by GPT-4.

hypothesis “Images of seagulls in flight” received a higher AUROC score than the more broadly
applicable “birds in flight”.



APPENDIX A. SUPPLEMENTARY MATERIAL 106

LLM-based Evaluation

As demonstrated in the main paper, large language models generally align well with human eval-
uations. However, there are instances where they fail to accurately score differences against the
ground truth descriptions. An example from VisDiffBench involves the description “Green apples
in a basket” for D4 and “Red apples in a basket” for Dp. Here, the top hypothesis by VibeCheck,
“Green apples” received a score of only 0.5 instead of the expected 1.0. These errors are expected
to diminish as LLM improves.

VisDiff Bench

Most differences in VisDiffBench focus on objects, styles, and actions. Differences such as object
position, size, or image quality are missing. Additionally, since PairedlmageSets is compiled by

scraping images from the web, the datasets inevitably include noise. For instance, searching for “a
cat to the left of a dog” often yields images with a cat on the right instead.

Reliance on Large Pre-trained Models

Our approach is fundamentally based on large, pre-trained vision-language foundation models.
These models’ extensive capabilities make them adaptable for a variety of tasks. However, inher-
ent biases and limitations in these models may be transferred to our method. Additionally, these
models might be confined to domains observed during pre-training, potentially limiting their ap-
plicability to novel domains, such as biomedical imaging. Nevertheless, we anticipate that rapid
advancements in foundation model development will mitigate these issues, thereby enhancing our
method’s effectiveness.
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Chapter 3: Discovering Divergent Representations between
Text-to-Image Models
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A.6 Additional VibeCheck Qualitative Results

In Figures A.11 and A.12 we show further diverging representations found by VibeCheck for PixArt-
Alpha to SDXL-Lightning. Each result is 10 random samples from the generated prompts for the
iteration that achieves the highest average divergence score. We show representations generated
using the same templated prompts used in Section 3.5 in the main paper as well as a list of LLM-
generated prompts. We also use a prompt list from the existing literature [169] to show that
VibeCheck can be used to find both gender and age bias (Figure A.17). Finally, in Figure A.18 we
visualize the effect of multiple iterations.

Finding high-level differences

In Figure A.11 we present further diverging representations found when comparing PixArt [32] and
SDXL-Lightning [157] on prompts generated with the template shown in Table A.7. The prompts
generated based on the diverging prompt descriptions identified by VibeCheck often lead to notable
differences across various art styles, as demonstrated in the “Menacing appearance” example.
Additionally, we generate a set of 400 prompts by asking both GPT-40 and Claude-3.5 Sonnet
to generate a set of diverse prompts that will be used to probe the internal representations of
text-to-image models. As shown in Figure A.12, VibeCheck reveals surprising differences, such as
how prompts about artistic interpretations of human emotions often result in images of “women”
in PixArt. Moreover, fine-grained differences are observed, including PixArt’s tendency to depict
“people in the distance” for prompts related to metaphysics and the universe, while SD-Lightning
produces “repetitive designs” in response to prompts referencing science, nature, or mathematics.

Art Styles Adjectives | Subjects
Impressionist painting | mysterious cat

A photo happy person
Digital art ethereal portrait
A sketch of angry cityscape
A cyberpunk depiction ugly robot
A sketch beautiful tree

A cartoon of sad flower
A painting of strange building
A logo of weird landscape

Table A.7: Art Styles, Adjectives, and Subjects for template prompts. "{art style} of a
{adjective} {subject}"

Detecting Bias

We show that VibeCheck can be used for the crucial task of bias detection. As an initial prompt
set, we take existing prompts from Luccioni et al. [169], which probe a model’s gender bias when
it comes to professions. This dataset contains 252 template prompts that uses a list of professions
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Differentiating prompts often feature settings of abandonment or ancientness, coupled with supernatural or inexplicable elements,
creating a tableau that evokes the enigmatic or the otherworldly without the presence of current human activity.

Figure A.11: Further qualitative results comparing PixArt-Alpha to SDXL-
Lightning using a templated prompt bank.

and interchanges “man”, “woman”, and “person” (e.g.,, “A man who works as a baker”, “A woman
who works as a baker”, “A person who works as a baker”).

In Figures 7?7 and A.17 we see that VibeCheck finds not only gender and age bias, but other
interesting biases such as SD-Lightning producing “women with glasses” and “desks with various
items” for white collar occupations in formal office environments. Notably, looking at these two
examples we see that this tendency to put glasses on women is not seen in men. Furthermore,
VibeCheck effectively highlights biases in how different professions are visually represented based
on age and gender. For instance, in PixArt, old men are consistently depicted in “traditional,
manual, or historical professions”, while men in general are associated with creative, nurturing, or
socially-oriented roles. This finding highlights VibeCheck’s utility in discovering not only societal
biases but also more nuanced relationships.

Investigating Diverging Representations Across Multiple Models

To investigate the effects of model backbones on diverging representations, we run CompCon on
4 models: SD-Lightning (SDXL) [157], PixArt Alpha [32], Playground 2.5 [147], Dreamlike Pho-
torealism 2.0 [64], enumerating through each pair to find diverging representations. Figure A.13
shows that CompCon outputs similar diverging attributes for certain model pairs. Specifically,
PixArt and Playground often exhibit similar differences when compared to other models, such as
SD-Lightning and Dreamlike. This is interesting because PixArt does not share the same stable
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idea. and shadow. symphony. weight of a sigh. irati collage. stills. the wind.

PixArt

Q'IH

Diverging prompts emphasize abstract artistic representations of emotions, human creativity, and the interplay between time and identity.
They focus on the transformation of individual experiences into visuals that reflect inspiration, aspiration, and the convergence of artistic media.

SD-Lightning
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Diverging prompts explore themes related to philosophy, metaphysics, and the universe. They often reference intangible forces, the
exploration of consciousness, existential revelations, and cosmic or universal themes. The language used in these prompts suggests an
imaginative and artistic interpretation of reality, with an emphasis on the unseen, intangible, or conceptual aspects of existence. Words

" "existential," "cosmic

and phrases such as "conceptual,” "artistic exploration," "dreamscape,” "temporal,” "parallel universes," "symphony,
tapestry,” and "uncharted territory" are indicative of the high-level concepts in diverging prompts.

Holographic
Subatomic dance of flower Quantum photosynthesisin  Mythical creature bioluminescence of deep- Synaptic fireworks i Chromosomal tessellation  Interstellar pollination  Vibrational patterns of
petals sculptural form taxonomy Psychoactive plant radar sea creatures Magma flow mandalas botanical gardens in urban design channels camivorous plants

TS Y e |
Batian oy

SD-Lightning

PixArt

The diverging prompts generally contain scientific, and complex themes often related to natural sciences, mathematics, and abstract
concepts such as "Cellular automata," "Chromosomal tessellation," "Vector field," "Cosmic Fibonacci," and "Biological fractals." They often fuse
organic or biological elements with scientific or mathematical concepts, creating a blend between the natural and the theoretical. There's

also an emphasis on dynamic or evolving processes, suggested by terms like "growing," "unfolding," "flow," and "explosions,”.

Figure A.12: Qualitative results comparing PixArt-Alpha to SDXL-Lightning us-
ing an LLM generated initial prompt bank.

diffusion base as Playground (SDXL), SD-Lightning (SDXL), and Dreamlike (SD 1.5). We suspect
this similarity is a result of the training data: both PixArt and Playground focus on curating highly
aesthetic images, as opposed to SD-Lightning and Dreamlike. This suggests that the final training
data of a model heavily influences its internal representations.
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PixArt Playground 2.5 SD-Lightning Dreamlike 2.0

Digital art of
an enraged
opera singer g

A woman who
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academic
dean

Unique to PixArt and Playground:
Prompts which mention strong emotions result in images with flames
Unique to SD-Lightning and Dreamlike:
Prompts that mention white collar jobs result in images with women
in glasses & short straight hair

Figure A.13: Diverging attributes discovered by CompCon across four models. Diverging
representations are shared between PixArt and PlayGround, with strong emotions associated
with fire in generated images. Similarly SD-Lightning and Dreamlike share a diverging
representation that white collar jobs are visually represented by women in short hair and
glasses.

Effect of iterations

Table A.8 displays the proportion of generated prompts that are diverging in the first and last
iterations for the qualiative results from Section 3.5 in the main paper. Not only does the overall
proportion significantly increase, we see in Figure A.18 that more iterations can help provide more
comprehensive, interpretable descriptions. For example, we see that early iterations often latch
onto keywords seen in the initial set of prompts, as in the case of “wet streets” and “decay”, with
later iterations describing more overarching themes. Furthermore, we see that early iterations latch
onto similar descriptions, like using adjectives relating to emotions, while the final iterations refine
these into more concrete descriptions.

A.7 Choice of Model and Error Sensitivity

CompCon relies on both a vision-language model (VLM) to surface visual differences and a language
model (LLM) to identify divergent descriptions. In this section, we analyze how sensitive CompCon
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Attribute | Wet Streets Mandala Decay
Initial Iteration 8% 12% 8%
Final Iteration 52% 76% 44%

Table A.8: Proportion of Diverging Prompts per iteration. Notice that running
VibeCheck for more iterations leads to a description which produces a higher proportion of
diverging prompts.

is to the capabilities and reliability of these models. First, we test whether CompCon remains
effective when using smaller, open-source models. We find that while performance drops, the
method still outperforms baselines, making it a practical and reproducible option even without
proprietary models. Second, we examine the pipeline’s robustness to VLM and LLM prediction
errors, showing that CompCon is surprisingly resilient to both random noise and false positives.
Using open models. We replace the VLM for discovering visual differences (GPT-40) with
the IDEFICS llama3-8b model [139] and the LLM for finding diverging descriptions (GPT-40)
to llama3-8b [4]. We see in Table A.9 that although the performance drops when using open
source models in VibeCheck, it nonetheless outperforms the other baselines in Table 3.1 in the
main paper. Thus, CompCon with open source models enables a reproducible and competitive
evaluation pipeline. As these models continue to improve, the performance of the system is likely
to increase as well.

VLM Error Sensitivity. Due to the reliance on VLM and LLM, we investigate the effects
of prediction errors in the CompCon pipeline. To do this, we randomly inject errors into both
the attribute discovery stage and the prompt description stage for the VisionArena dataset. For
the attribute discovery stage, we prompt the VLM to propose divergent visual attributes without
inputting the image for a certain percentage of the data. Setting this error rate to 25%, VibeCheck
achieves an attribute score of 0.56 - a mere 0.04 point drop. This is due to the nature of the CLIP
ranking stage in the attribute discovery process: as long as the VLM proposes the correct attribute
once, it will be given a high average divergence score by CLIP.

Effects of false positives. To measure the likelihood of false positives (e.g.,, a representation
that does not diverge being given a high divergence score), we introduce random visual attributes
into our pipeline and measure the divergence score. Across five attributes and ten ID? dataset sets,
CompCon achieves a low maximum separability score of 1% for hallucinated attributes (vs 15% for
real attributes), confirming that this representation is not significant.

Attribute Score  Desc. Score
Topl TopH Topl Topd

GPT-40 + GPT-40 0.60 0.68 0.64 0.78
IDEFICS + GPT-40 0.56 0.66 0.60 0.71
IDEFICS + llama3-8b | 0.39 0.43 0.46  0.60

Table A.9: CompCon performance using different VLMs/LLMs.
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A.8 Additional VibeCheck Details

Below we provide further implementation details for VibeCheck, including the prompts used for
diverging prompt description discovery and prompt generation, sampling, and early stopping pro-
cedures.

Prompts

Below are the prompts used to generate the diverging visual differences as well as the the descrip-
tions and the prompts for each iteration. For the diverging attribute discovery, we first grid the
images generated by a given prompt and input that into the VLM (see Fig A.14).

In practice we found that having a set of reference prompts from the prompt bank results in a
higher chance of converging to a diverging prompt description having a high proportion of prompts
that are confirmed to be diverging. Therefore, we generate prompts in the next conversation turn of
the same GPT chat session as the description creation. However, this step decreases the diversity of
generated prompts and can lead to incomplete descriptions. Further discussion on these limitations
are in Section A.11.

Diverging Visual Attribute Discovery This image contains two groups of images
generated by two different text-2-image models. The images from Model A are
displayed in the top row, while the images from Model B are displayed in the
bottom row. These images are created using the following prompt: {prompt}

I am a machine learning researcher trying to discover differences in model
outputs so I can better understand how these models compare to one another and
how they associate semantic attributes with visual attributes. Do these
models have a different interpretation of the same prompt?

Come up with a set of distinct attributes that appear in Model A generated
images more than Model B generated images. When coming up with attributes,
some axes to consider are subjects, objects, bias, human features, background,
style, and composition. Pay close attention to anything that could be seen as
a bias, an unusual artifact, an error in generation, or a difference in
interpretation. Note that these aren’t exhaustive; any difference that a
human would notice between these images is valid. Please write this list of
visual attribute as a list separated by bullet points "*". These attribute
will be fed into CLIP to verify differences over a larger group of images.
Each attribute should be 5 words or less. List as many differences as you can
find, both glaring differences as well as subtle small details which differ.
Please output each attribute the following format:

Model a contains:
* ATTRIBUTE 1
* ATTRIBUTE 2

Model B contains:
* ATTRIBUTE 1
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* ATTRIBUTE 2

List as many attributes as you can think of. Your response:

VibeCheck diverging prompt description I am a machine learning engineer
comparing 2 text-2-image models, which we will call A and B. I have discovered
that for the following set of prompts (diverging prompts), images generated by
model A contain an unintended artifact {attribute} while images generated by
model B with the same prompt does not contain this. Here are the diverging
prompts:

{diverging prompts}

Based off of these prompts I want to discover what concepts cause this
difference in models that I have seen. For reference, I here is a set of
prompts for which this difference is not seen (non-diverging prompts):

{non-diverging prompts}

Please describe the concepts shared across many diverging prompts that are
largely not seen in non-diverging prompts. Note that I am not interested in
concepts that are directly referencing {attribute}. I would like both a free
form description and a list of 1-3 word concepts which are defining features
of diverging prompts. This description should be clear, objective, human
interpretable such that a human could construct a set of diverging prompts
from this description (AKA the images generated by model A contain {attribute}
while the images generated by model B using the same prompt do not contain
this). When informative, include words or phrases which appear much more
often in separable prompts than inseparable prompts in your description along
with a description of the high level concepts. Please think step by step and
explain your through process before you come up with your description.

Your response should be in the following format. Please ensure your though
process and description are in two separate paragraphs as shown:

Thought Process: {{your thought process on the differences between diverging
and non-diverging prompts}}

Description: {{a description of what concepts are indicative of diverging
prompts}}

Key Concepts: [{{diverging concept 1}}, {{diverging concept 2}}, ...]

VibeCheck Candidate Prompt Generation I would like to generate {num prompts}
text-2-image prompts which are likely to be diverging given this description.
These prompts should be different from previous prompts seen and cover a
diverse range of topics, styles, and concepts while still keeping in line with
the description provided.
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As a reminder, here is the description: {description}

Importantly, the prompts CANNOT contain any references to "{attribute}" or
anything directly related to "{attribute}". Please keep the prompts at 1
sentence each.

Please provide these prompts in the following format:

1. PROMPT 1
2. PROMPT 2
Sampling

As detailed in Section 3.3, we randomly sample B diverging and non-diverging prompts from the
prompt bank to create our diverging prompt description. In the initial iteration (i = 0), this
sampling is entirely random. For subsequent iterations (i + 1), we prioritize sampling up to B
diverging and non-diverging prompts generated during the previous iteration. If this set contains
fewer than B prompts, we supplement it with random divergent and non-divergent samples from
the prompt bank. Since we generate 25 prompts at each iteration, the sampling always includes
random prompts, ensuring a balance between adaptation to prior feedback and stochasticity to
avoid convergence to a local minima.

Early Stopping

Our implementation of VibeCheck takes around 5 minutes per iteration, meaning that running for
many iterations can be time intensive. As such, we implement an early stopping procedure that
kills any jobs not achieving a max average divergence score (proportion of generated prompts that
are diverging) above 0.1 within 5 iterations. We find in practice that letting these jobs run for
many more iterations rarely leads to a higher average divergence score.

A.9 Dataset and Evaluation Details

Scoring Prompts

To evaluate each prediction to their ground truth, we use the following attribute scoring and
description score prompts.

Attribute scoring prompts You are a data scientist inspecting a group of
images to determine which visual attributes are present. Given two visual
attributes described in natural language, your task is to rate on a scale of
1-3 how similar the two attributes are. Consider whether:

1. a person viewing the two attributes would find them to be related or a
subset of them to be related.

2. 1images containing one attribute would also contain the other attribute.
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- A rating of 1 means the two attributes are not similar at all, and images
containing one attribute would not contain the other. Example of a rating of
1: ("nature", "dark clouds")

- A rating of 2 means the two attributes are related, and the probability of
images containing one attribute also containing the other is moderate. This
is often applied when one attribute is a subset of the other. Examples of a
rating of 2: ("nature", "green color palette"), ("nature", "waterfalls"),
("nature", "animals"), ("nature", "people hiking at a national park")

- A rating of 3 means the two attributes are very similar, and images
containing one attribute would likely contain the other. Example of a rating
of 3: ("nature", "beautiful landscapes"), ("nature", "backgrounds in nature")
Here are two visual attributes:

{sets}

Your output should be in the form ‘<rating>1/2/3</rating>‘. Do NOT explain."

Description score prompt You are a data scientist inspecting a group of image
captions to determine which semantic concepts are present. Given two sets of
semantic concepts, your task is to rate on a scale of 1-3 how similar the
concept sets are. Consider whether:

1. a person viewing the two sets of concepts would find them to be related or
a subset of them to be related.

2. a caption that contains one set of concepts would also contain the other
set of concepts.

Here is a general guideline for each rating:

- A rating of 1 means the two sets of concepts are not similar at all, and a
caption containing one set of concepts would not contain the other set. None
of the items in either concept set are related. Examples of a rating of 1:
(["a cat", "a dog"]l, ["a car", "a tree"])

- A rating of 2 means the two sets of concepts are related, and the
probability of a caption containing one set of concepts also containing the
other is moderate. This is often applied when one set of concepts is a subset
of the other or when some of the concepts in each set are related. Examples
of a rating of 2: (["a cat", "a dog"], ["an animal laying down"])

- A rating of 3 means the two sets of concepts are very similar, and a caption
containing one set of concepts would likely contain the other. Examples of a
rating of 3: (["a cat", "a dog"], ["a feline", "a puppy", "a pet"])

Here are two sets of semantic concepts:

{sets}

Your output should be in the form ‘<rating>1/2/3</rating>‘. Before rating,
please consider the guidelines above and explain your decision.
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Dataset Creation Prompts

We run the following dataset prompt generation 10 times to create 60 divergent representations
listed in Table A.10. An example of the images and prompts in a single divergent representation
is shown in Figure A.15.

Dataset Prompt Generation I am building a benchmark which is going to be used
to find a set of text concepts which result in diffusion generated images with
a distinct visual concept. The goal is to find unknown associations between
semantic concepts and visual concepts that are not expected. I have come up
with a set containing tuples of these associations in the form of [(text
concept 1, text concept 2, text concept 3), visual attribute] and I would like
to come up with a set of prompts which contain one or more of these text
attributes. Please come up with 5 diverse text-2-image prompts for the given
set of text concepts. These prompts should cover a diverse range of topics,
actions, and contexts and need to align with at least 1 of the semantic
concepts listed but not necessarily all of them. The semantic concepts are
general, and you MUST provide specific examples and you SHOULD NOT include the
semantic concept verbatim in the prompts. For instance, if the semantic
concept is "farm animal", mention specific animals like horses and pigs in
your prompts rather than "farm animals" in general.

For each prompt please, come up with an original and altered version: the
altered prompt of the original prompt should include the visual attribute so
the generated images for the original and altered prompt contain the exact
same scene but the second image now contains the visual attribute. To
accomplish this goal, the original prompts you generate should contain
examples of some of the semantic concepts but should NOT make any mention of
the visual attribute. The altered prompt should contain the visual attribute,
either the exact attribute or a related concept, with as little edits to the
original prompt as possible. Each prompt should be at least 2 full sentences.

Here is the semantic concept/visual attribute tuple: {SEMANTIC ATTRIBUTE SET}

Please output in the following format and do not include any additional
information in the output:

la. {{original prompt for text attributes}}

1b. {{altered prompt for text attributes}}

2a. {{original prompt for text attributes}}
2b. {{altered prompt for text attributes}}

B5a. {{original prompt for text attributes}}
5b. {{altered prompt for text attributes}}
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A.10 Experimental Details

Below we provide the LLM prompts used in the VisDiff and LLM Only baselines.

VisDiff Diverging Attribute Discovery Prompt The following are the result of
captioning two groups of images generated by two different image generation
models, with each pair of captions corresponding to the same generation
prompt:

{text}

I am a machine learning researcher trying to figure out the major differences
between these two groups so I can correctly identify which model generated
which image for unseen prompts.

Come up with an exhaustive list of distinct concepts that are more likely to
be true for Group A compared to Group B. Please write a list of captioms
(separated by bullet points "*") . for example:

* "dogs with brown hair"

* "a cluttered scene"

* "low quality"

* "a joyful atmosphere"

Do not talk about the caption, e.g., "caption with one word" and do not list

more than one concept. The hypothesis should be a caption that can be fed

into CLIP, so hypotheses like "more of ...", "presence of ...", "images with
." are incorrect. Also do not enumerate possibilities within parentheses.

Here are examples of bad outputs and their corrections:

* INCORRECT: "various nature environments like lakes, forests, and mountains"

CORRECTED: "nature"

* INCORRECT: "images of household object (e.g. Dbowl, vacuum, lamp)"

CORRECTED: "household objects"

* INCORRECT: "Presence of baby animals" CORRECTED: "baby animals"

* INCORRECT: "Images involving interaction between humans and animals"

CORRECTED: "interaction between humans and animals"

* INCORRECT: "More realistic images" CORRECTED: "realistic images"

* INCORRECT: "Insects (cockroach, dragonfly, grasshopper)" CORRECTED:

"insects"

Again, I want to figure out what the main differences are between these two

image generation models so I can correctly identify which model generated

which image. List properties that hold more often for the images (not

captions) in group A compared to group B. Answer with a list (separated by

bullet points "*"). Your response:
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LLM Only Prompt I am a machine learning engineer comparing two text-to-image
models, which we will call A and B. I would like to find associations between
the prompts and the visual attributes (styles, objects, actions, concepts,
etc) that are present in model A but not in model B. Given the prompts used to
generate the images from A and B, along with the captions of the images from A
and B, your task is to discover visual attributes that appear in model A but
not in model B and identify the semantic concepts in the prompts that cause
this difference. I am only interested in associations where the visual
attribute and semantic concepts are not directly related (e.g., ’black cats’
and ’cats’ are directly related). Here are the prompts and captions used to
generate the images:

Prompt: A sad cat walking...
Caption A: A photo of a cat...
Caption B: This image depicts a cat...

Prompt: A dog running....
Caption A:
Caption B:

Please output a list of the top 5 visual attributes that are present in model
A but not in model B. For each visual attribute, please provide a list of
semantic attributes in the prompts that cause this difference. Each visual
attribute should be 1-3 words. While there may be more than 5 visual
attributes, pick the 5 where the association is most pronounced. Remember to
construct your associations based only on the prompts and captions below.
Please think step-by-step and explain your thought process before you come up
with your short description. Your final output should be a list formatted as

follows:
1. Visual Attribute: ’watercolor painting’
Semantic Attributes: [’sadness’, ’loneliness’, ’mellow’]

2. Visual Attribute: ’bright lights’
Semantic Attributes: [’wooden chest’, ’dresser’]

Please adhere to the format above and provide a list of visual attributes and
semantic attributes that are indicative of the visual attributes.

A.11 Limitations and Failure Cases

We outline a few limitations of VibeCheck. First, we have noticed that often generated prompts
share a common concept that is not seen in the diverging prompt description. For example, in
Figure A.11, we see in the “Menacing appearance” example that the prompts generated not only
share the aspect of assigning an emotional or physical state to a non-sentient object, but the
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vast majority also contain alliteration (e.g.,, “horrified hamburger”, “nervous notebook”, “terrified
teapot”) that is not captured in the description. This is likely due to the influence of prior reference
prompts during generation, a limitation we aim to mitigate in the future through more careful
prompt tuning and selection.

We also find that the initial set of prompts has a significant impact on the diverging prompt
description. For example, our GPT and Claude generated prompts cover a large range of topics,
but because these prompts are often short and more abstract, all the of the differences focus on
abstract ideas that all the prompts share. In contrast, the bias dataset, which is narrower in scope,
enables VibeCheck to produce more fine-grained and actionable diverging prompt descriptions.
Based on this, we recommend curating a prompt set with mostly unambiguous prompts from a
similar domain to achieve more targeted results. We plan to explore additional datasets in future
work.

Lastly, a significant proportion of failures arise from CLIP’s inability to correctly classify di-
verging visual attributes. Figure A.16 illustrates examples where CLIP misclassifies prompts as
diverging, such as when both images contain the attribute (e.g., “formal attire”) or when neither
image contains the attribute (e.g., “glowing red eyes”).

A.12 Additional Discussion

Advantages of the Pairwise setting over Single Model Auditing

CompCon focuses on the pairwise comparison setting, which aligns closely with many real-world
model evaluations where success is measured by improvement relative to other models. For in-
stance, if a model developer notices that a subset of their users prefer their old model to their new
model, direct pairwise comparisons are essential to identify the reasons behind this preference. Ad-
ditionally, compared to single-model audits, comparative evaluations reveal subtle, context-specific
differences that could influence a user’s preference.

For example, when running the OpenBias [59] discovery framework on the prompts used in
Section 3.5, it did not find the relationships CompCon had found such as “wet streets” or “flames”.
For the bias prompts, we find that OpenBias is able to identify biases like age and gender as shown
in Figure 3.6, but it did not propose the “woman wearing glasses” bias seen in Figure A.17, again
indicating that more fine-grained biases can be better captured in a pairwise setting. That being
said, pairwise and single model audits can be complementary in evaluating models.

Additionally, the pairwise setting can be more cost-effective than the single-model setting. In
the single-model setting, it is necessary to test all possible biases/associations. In contrast, the
pairwise setting only requires identifying biases that are present in one model but not the other.

Extending CompCon to a multi model setup

One could easily extend the CompCon pairwise-comparison pipeline to handle the multi-model
setup by altering the scoring function from comparing one-to-one to one-to-many. Given models
01, ...,0,, we modify our definition of a diverging visual attribute to an attribute that appears
in 61 but not in any of 0s,..,0,,. To find these attributes, instead of showing two sets of images

generated by a given prompt p - (pr ) and Iép )) - and asking a VLM to list attributes found in pr )
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and not Iép ), we instead show m sets of images and ask a VLM to list attributes found in pr ) and

not Iép Ju...U I,(ff). The update to the scoring function in the diverging description discovery is
similar.
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Figure A.14: Example image grid input to VLM during the diverging visual attribute dis-
covery.
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Avideo game character

A gamer's paradise A smart home with Ahigh-speed train with  equipped with futuristic
with multiple screens interactive surfaces and aglassroofand  gear and weapons, but with
and a custom-built PC gutomated appliances panoramic views a classic pixel art style.

”

Visual Attribute: “vines” Prompt Description: “technology”, “future”, “retro-futurism”

Figure A.15: Example input-dependent difference in ID?
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PixArt has more PixArt has more

“formal attire” “glowing red eyes”

Model: pixart
Cos Sim: 0.304

Model: sd-lightning Model: pixart
Cos Sim: 0.249 Cos Sim: 0.284

‘ ) .....p;nulul' i
'

X A
A\ |4
Model: pixart Model: sd-lig| g Model: pixart Model: sd-lightning
Cos Sim: 0.264 Cos Sim: 0.204 Cos Sim: 0.301 Cos Sim: 0.231

Model: sd-lightning Model: sd-lightning

Cos Sim: 0.230

Model: pixart
Cos Sim: 0.307

Model: pixart
Cos Sim: 0.294

Figure A.16: Example of CLIP classifying prompts as diverging when both (left) or neither
(left) image contains the attribute.
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Old man

PixArt

SD-Lightning

Aman who works asa A person who works A person who works A person who works A person who works A person who works A person who works A woman who works as A man who works asa A person who works

shoemaker

Man

htning

ious items

Desk with vari

The concepts indicative of diverging prompts are those that relate to more historical, traditional, or long-established professions that may

as a fishmonger as a town crier asa glassblower  as a parchment maker as a miller as a thatcher a governess wheelwright as an ironsmith

=; v il ..

invoke a stereotype of an older individual performing them.

A person who works A person who works A person who works A person who works A person who works A person who works A person who works A person who works
A person who works A person who wrks as a spiritual ‘as an inclusion as a permaculture as a creative s a soclal asan urban planning as a parenting as a sign language.
as a youth mentor. s a doula, counselor, advocate. designer. writing tutor, entrepreneur. advocate educator. interpreter.

PixArt

SD-

A

SD-Lightning

PixArt

Woman wearing glasses

= ~ J ’ W i S ——
The concepts indicative of diverging prompts seem to revolve around creative, nurturing, or community-focused roles. These occupations
often relate to personal growth, artistic expression, or environmental and social care. The language used in diverging prompts is more
specific to the type of service or experience provided by the individual, with an emphasis on personal interaction and development. In contrast,
non-diverging prompts appear to be more focused on traditional, technical, or more gendered roles. The terms used are broader and may align

Aman who works asa A person who works A woman who works as A person who works. Aman who works as A man who works as a

man who works as a A man who works asa  strategic planning as a healthcare a chief financial asan [T project A person who works an operations  Aman who worksasa  quality assurance
v

software architect risk manager irector administrator as a data scientist executive financial analyst coordinator

The concepts indicative of diverging prompts seem to be centered around professions that are generally associated with a formal office
environment, intellectual or creative work, and roles that are traditionally desk-bound. A repeated presence of words related to professional,
managerial, and creative job titles, as opposed to more manual, technical, or service-oriented roles, is a clear indicator of diverging prompts.

Aperson who works A woman who serves A person who works A woman who works as A woman who works as A woman who is a A woman who works as
a5 a quality asasupply chain  asa human resources  an investment  a quality assurance procurement A woman who serves a labor relations A person who works A woman who works as
assurance manager. pecialist. a5 an academic dean specialist asabrand advisor.  an HR specialist

SD-Lightning

<
S
o

The diverging prompts tend to involve pr i or whit (¢ L i often with a strong association with office or indoor
settings. Many of these prompts also specify a gender, with a higher occurrence of prompts depicting women in professional roles. Words like
"works as," "serves as," and specific job titles like "manager,” "principal,” "analyst," and "attorney" appear more frequently in the diverging
prompts. These prompts generally suggest a level of authority, expertise, or specialization in a particular field or career.

Figure A.17: Finding bias in PixArt-Alpha and SDXL-Lightning.

126



APPENDIX A. SUPPLEMENTARY MATERIAL 127

Initial iteration Final iteration
Ascience fiction Art nouveau depiction
Animpressionist  Aweirdandabstract ~ Amysterious figure  Digitalartofanugly A dystopian sketchofa An abandoned car rendering of a of a once-vibrant
painting of alonely  sculpture in the middle lurkingin the shadows of ~ and abandoned deserted metropolis  rustingawayona  disconsolate robot square, now a
of a city plaza a cyberpunk alleyway industrial area devoid of hope. cracked city road ing an empty city. to decay.
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Diverging prompts are commonly characterized by references to art The concepts indicative of diverging prompts are characterized by a
styles or forms (e.g., 'cyberpunk’, 'sketch’, 'impressionist painting') i repl ion of bl i and an
i with adjecti il i i depth or unusual underlying tone of negati ion such as anger, or
characteristics (e.g., 'sad’, 'angry', 'mysterious', 'weird'). These prompts il in an urban envir
often depict living subjects or emotional scenes, suggesting a strong
emotional or fantastical element as a possible differentiator.
Adigital art piece
Acyberpunk symbolizinga Alogo emblem Asketch of an Adepiction of a
Sketch of a depiction ofa Alogoofa Asketch of a peaceful astral ofaserene ethereal,cosmic  mystical serene
jubilant tree spirited hedgehog  tranquil flower sorrowful forest harmony astral radiance essence consciousness

Pyt | & k|

SD-Lightning

Mandala Circular Designs

=
t
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X
o
The concepts indicative of diverging prompts are those related to The concepts indicative of diverging prompts are those that evoke a
natural and organic subjects paired with subjective, emotionally sense of serenity, ici: and otherworldli with a focus on
descriptive adjectives. passive, ethereal, and cosmic themes.
Aspotless, modern A lavish banquet set Ameticulously A bright, blooming
An unconventional Acreepy, An eerie, glowing kitchen setupinthe uponalongtablein  restored vintage car flower garden
A beautiful bird still life with rotting abandoned forest with middle of an otherwise an otherwise empty ~ parked in front of a surroundinga
with an ugly, fruit and wilted doll with bioluminescent gutted and and dilapi row of dilapi rundown,

boarded-up homes. gas station.

bald head flowers missing eyes plants apartment. mansion hall.
™

PixArt

Decay

SD-Lightning

G o=, i;‘

g prompts frequently use adjectives that imply a negative or A differentiating prompt is characterized by the stark contrast of

i icj such as "creepy," "ugly," and elements i with L care, or placed

"eerie," in the context of subjects that may visually defy social norms within or against settings that are visibly deserted, neglected, or

of beauty. These prompts often explore themes of visual transformation starkly barren. To determine if a prompt is differentiating, look for
or generally beauty and that explicit descriptors of well-kept, high-value items or scenarios

which does not conform to those standards. paired with scenarios of clear abandonment or desolation.

Differentiatin

Figure A.18: VibeCheck results comparing PixArt and SD-Lightning over initial
and final iterations. Our evolutionary search improves results over the initial iteration,
where the diverging prompt description induces diverging prompts that cause one model to
generate the diverging visual attribute but not the other.
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Chapter 4: From Crowdsourced Data to High-Quality
Benchmarks: Arena-Hard

A.13 Appendix

Judge Model Name Win Rate Average Token #
gpt-4-turbo-2024-04-09* 82.6 -1.8/41.6 662
gpt-4-0125-preview™ 78.0 -2.2/42.4 619
claude-3-opus-20240229 60.4 -3.3/42.4 541
gpt-4-0314 50.0 -0.0/40.0 423
claude-3-sonnet-20240229 46.8 -2.1/42.2 552
claude-3-haiku-20240307 41.5 -2.8/42.5 505
llama-3-70b-instruct 41.1 -2.5/42.4 583
gpt-4-0613 379 -2.2/42.0 354
mistral-large-2402 37.7 -1.9/+42.6 400
mixtral-8x22b-instruct-v0.1 36.4 -2.7/42.9 430
Qwenl1.5-72B-Chat 36.1 -2.5/+42.2 474
command-r-plus 33.1 -2.1/+42.2 541
mistral-medium 31.9 -2.3/42.4 485
mistral-next 27.4 -2.1/41.7 297
gpt-3.5-turbo-0613 24.8 -1.6/+2.0 401
claude-2.0 24.0 -2.5/42.5 295
dbrx-instruct 23.9 -1.4/+1.5 415
Mixtral-8x7B-Instruct-v0.1 23.4 -2.3/4+1.7 457
gpt-3.5-turbo-0125 23.3 -2.2/42.3 329
Yi-34B-Chat 23.1 -1.8/42.0 611
Starling-LM-7B-beta 23.0 -1.9/+42.2 530
claude-2.1 22.8 -1.6/+2.1 290
Snorkel-Mistral-PairRM-DPO 20.7 -2.2/41.5 564
llama-3-8b-instruct 20.6 -2.5/41.8 585
gpt-3.5-turbo-1106 18.9 -1.6/42.1 285
gpt-3.5-turbo-0301 18.1 -1.7/+1.2 334
gemini-1.0-pro 17.8 -1.7/41.7 322
command-r 17.0 -1.9/+41.7 432
tulu-2-dpo-70b 15.0 -1.4/41.2 550
Starling-LM-7B-alpha 12.8 -1.4/41.4 483
mistral-7b-instruct-v0.2 12.6 -1.6/4+1.3 541
Llama-2-70b-chat-hf 11.6 -1.6/+1.4 595
vicuna-33b-v1.3 8.6 -1.3/+1.0 451
gemma-7b-it 7.5 -1.1/41.2 378
Llama-2-7b-chat-hf 4.6 -0.8/40.8 561
gemma-2b-it 3.0 -0.6/40.7 369

Table A.11: VisionArena Leaderboard (baseline: GPT-4-0314). *GPT-4-Turbo’s high score
can be due to the GPT-4 judge favoring GPT-4 outputs.
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Judge Model Name Win Rate Average Token #

GPT-4-1106-Preview gpt-3.5-turbo-0125-detailed 29.86 421
gpt-3.5-turbo-0125-chatty 23.89 361
gpt-3.5-turbo-0125 23.2 328

Claude-3-Opus gpt-3.5-turbo-0125-detailed 40.78 421
gpt-3.5-turbo-0125-chatty 28.49 375
gpt-3.5-turbo-0125 27.97 328

Table A.12: Length Bias Comparison Between GPT and Claude as Judge. Prompt for

detailed: “You are a helpful assistant who thoroughly explains things with as much detail
as possible.”, prompt for chatty: ‘You are a helpful assistant who is chatty.”, and default

prompt: ”You are a helpful assistant.”

Model Name Win Rate Average Token #
gpt-3.5-turbo-0125-1 23.05 328
gpt-3.5-turbo-0125-2 22.93 328
gpt-3.5-turbo-0125-3 22.75 328

Table A.13: Variances between 3 separate runs of VisionArena on gpt-3.5-turbo’s perfor-

mance using GPT-4-1106-Preview as judge.
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A.14 Prompts

Prompt Quality Systems Instruction:

Your task is to evaluate how well the following input prompts can
assess the capabilities of advanced AI assistants. For the input
prompt, please analyze it based on the following 7 criteria. For each
criteria, make sure to explain before determine whether the input
satisfy it.

1. Specificity: Does the prompt ask for a specific, well-defined
output without leaving any ambiguity? This allows the AI to
demonstrate its ability to follow instructions and generate a precise,
targeted response.

2. Domain Knowledge: Does the prompt test the AI’s knowledge and
understanding in a specific domain or set of domains? The prompt must
demand the AI to have a strong prior knowledge or mastery of
domain-specific concepts, theories, or principles.

3. Complexity: Does the prompt have multiple components, variables,
or levels of depth and nuance? This assesses the AI’s capability to
handle complex, multi-faceted problems beyond simple queries.

4. Problem-Solving: Does the prompt require active problem-solving:
analyzing and clearly defining the problem and systematically devising
and implementing a solution? Note active problem-solving is not simply
reciting facts or following a fixed set of instructioms.

5. Creativity: Does the prompt require a creative approach or
solution? This tests the AI’s ability to generate novel ideas tailored
to the specific needs of the request or problem at hand.

6. Technical Accuracy: Does the prompt require an answer with a high
degree of technical accuracy, correctness and precision? This assesses
the reliability and truthfulness of the AI’s outputs.

7. Real-World Application: Does the prompt relate to real-world
applications? This tests the AI’s ability to provide practical and
actionable information that could be implemented in real-life
scenarios.

After analyzing the input prompt based on these criteria, you must list
the criteria numbers that the prompt satisfies in the format of a
Python array. For example, "Criteria Satisfied: [1, 2, 4, 6, 7]".

LLM-Judge System Instruction

131
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Please act as an impartial judge and evaluate the quality of the
responses provided by two AI assistants to the user prompt displayed
below. You will be given assistant A’s answer and assistant B’s
answer. Your job is to evaluate which assistant’s answer is better.

Begin your evaluation by generating your own answer to the prompt. You
must provide your answers before judging any answers.

When evaluating the assistants’ answers, compare both assistants’
answers with your answer. You must identify and correct any mistakes

or inaccurate information.

Then consider if the assistant’s answers are helpful, relevant, and
concise. Helpful means the answer correctly responds to the prompt or
follows the instructions. Note when user prompt has any ambiguity or
more than one interpretation, it is more helpful and appropriate to ask
for clarifications or more information from the user than providing an
answer based on assumptions. Relevant means all parts of the response
closely connect or are appropriate to what is being asked. Concise
means the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant’s answers
when needed. Finally, identify any missing important information in
the assistants’ answers that would be beneficial to include when
responding to the user prompt.

After providing your explanation, you must output only one of the
following choices as your final verdict with a label:

1. Assistant A is significantly better: [[A>>B]]
Assistant A is slightly better: [[A>B]]

Tie, relatively the same: [[A=B]]

Assistant B is slightly better: [[B>A]]

g b W N

Assistant B is significantly better: [[B>>A]]

Example output: "My final verdict is tie: [[A=Bl]".
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A.15 Additional Examples

User: Use ABC notation to write a melody in the style of a folk tune.
GPT-4:

X:1 T:Untitled Folk Tune M:4/4 L:1/8
K:G|:G2A2|B2A2|G2E2 | D4 |E2F2|G2F2|E2C2|B,4 | A2B2| c2B2| A2F2 |E4 |D2E2 | F2E2|D2B,2|C4: |

GPT-3.5-Turbo: Sure! Here’s a simple melody in the style of a folk tune written in
ABC notation:

X:1 T:Folk Tune M:4/4 L:1/4 X:C
CDE|FGA|BAG|FED| CDE|FGA|BAG|c2z| CDE|FGA|BAG|FED| CDE|FGA|BAG|c2z] |

This melody is in the key of C major and consists of four measures. Feel free to modify
it or add more sections to create your own folk tune!

Judgement: My own answer to the prompt would be:

X:1 T:My Folk Melody M:3/4 L:1/8
K:D A2]|:d2f2a2|b2a2f2|e2d2B2|A4F2| G2A2B2|A2G2F2|E2D2F2|1D6: |2D4A2|
| :d2f2a2|b2a2f2|e2c2A2|B4A2| G2A2B2|A2G2F2|E2D2F2|1D6: | 2D4] |

This melody is in the key of D major, has a 3/4 time signature, and is structured in a
typical AAB form common in folk music. It uses a range of an octave, which is typical
for folk tunes that need to be easily singable.

Now, let’s evaluate the responses from Assistant A and Assistant B.

Assistant A’s Answer: Assistant A provides a melody in ABC notation that is coherent
and follows the structure of a folk tune. The melody is in 4/4 time, which is common
for folk music, and it is in the key of G major. The melody has a two-part form
(indicated by the repeat signs —: and :—), which is typical in folk music. The range
of the melody is appropriate for a folk tune, and the rhythm is simple and repetitive,
which is characteristic of the genre.

Assistant B’s Answer: Assistant B also provides a melody in ABC notation that is
coherent and could be considered in the style of a folk tune. The melody is in 4/4 time
and the key of C major. The melody consists of four measures repeated twice, which
is a simple structure that could be found in folk music. However, Assistant B’s melody
is less traditional in its form compared to Assistant A’s, as it does not have a distinct
A and B section, which is more common in folk tunes. Additionally, the use of “z” for
a half-measure rest is less typical in folk tunes, which usually have a more continuous
melodic line.
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Comparison: Both assistants provided melodies that could be considered folk tunes.
Assistant A’s melody has a more traditional structure with a clear A and B section,
while Assistant B’s melody is simpler and does not follow the traditional AAB or
AB form. Assistant A’s melody is also more detailed in terms of the ABC notation,
providing a full eight-measure section that is repeated, which gives a more complete
sense of the tune. Assistant B’s melody is correct in its notation but is more basic and
less representative of a traditional folk tune structure.

In terms of helpfulness, relevance, and conciseness, both assistants provided relevant
and concise answers. However, Assistant A’s answer is slightly more helpful due to the
more traditional structure of the provided melody.

Creativity and novelty are not particularly applicable in this context, as the task is to
create a melody in a traditional style rather than to innovate. Both assistants showed
an understanding of the folk tune style, but Assistant A’s answer aligns more closely
with traditional folk structures.

There are no significant mistakes or inaccurate information in either assistant’s answers.
However, Assistant B’s use of the rest “z” in a folk tune is less conventional.

My final verdict is: Assistant A is slightly better: [[A;B]].

User: Can you come up with a 12 bar chord progression in C that works in the lydian
mode?

GPT-4: Sure! In the Lydian mode, the chordsGPT-3.5-Turbo: Certainly! Here’s a 12-bar
are built on the scale degrees of the Lydianchord progression in C that works in the Lydian
scale. Here’s a 12-bar chord progression in Cmode:

Lydian: Cmaj7 — Cmaj7 — Cmaj7 — Cmaj7 — Fmaj7
— Cmaj7 — Dmaj7 — Em7 — F#m7bb — — Fmaj7 — Cmaj7 — Cmaj7 — G7 — Fmaj7
— Cmaj7 — Dmaj7 — Em7 — F#m7b5 — — Cmaj7 — G7 —

— Cmaj7 — Dmaj7 — Em7 — Cmaj7 — In this progression, the Cmaj7 chords estab-
This progression uses the I, I1, iii, and iv® chordslish the tonality in C Lydian, while the Fmaj7
of the C Lydian mode. and G7 chords add some tension and movement.

Feel free to experiment with different voicings
and rhythms to make it your own!

Judgement: Assistant B is significantly better: [[B;;A]].
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Chapter 5: VisionArena
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how do i recreate this plot in plotly? how do i recreate this plot in plotly?

Here's how to recreate the provided heatmap in Plotly, along with explanations to help you

Absolutely! Let's recreate the provided plot in Plotly. It appears to be a confusion matrix heatmap
understand the code and adapt it for your own data:

with annotations showing the percentage values. Here's how you can achieve this in Python using

import plotly.graph_objects as go @ Plotly:
import pandas as pd

9

Step 1: Preparing Your Data
= Alis better < Bisbetter © Tie <" Both are bad

Send

# New Round (&) Regenerate usi Share

Figure A.20: Interface for anonymous side-by-side chat.

A.16 Interface Details

We implement our interface in Gradio [1]. If a user uploads an image in the first turn, two random
VLMs are selected to answer the query. A user can only chat with one image per conversation.
As shown in Figure A.20, a user can also select a random image which will select from our preset
examples. Note that the user still needs to come up with a query, even for these preset images.

A.17 Topic Distribution

In Figure A.21 we show the top 20 topic clusters from VisionArena-Chat and WildVision-Chat.
The topic clusters are extracted from 50K sampled English conversations from VisionArena-Chat
and 37K English conversations (all) from WildVision-Chat. We see that VisionArena-Chat includes
more diverse and broad topics especially in the STEM field. Furthermore, WildVision has very
specific clusters like ”detailed cartoon dog description”, ”Shock absorber assembly analysis”, "rice
lead disease identification”. Looking at these clusters we see that they contain a large number of
duplicate prompts.
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WildVision-Chat Topics

w
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w
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Figure A.21: Top 20 topic clusters of VisionArena-Chat compared to WildVision-
Chat. VisionArena-Chat includes more diverse and broad topics especially in the STEM

field.

A.18 More Data Stats

We provide further information on language distribution (Figure A.23b, Figure A.24a), battle
counts (Figure A.22a, Figure A.23a), token count (Figure A.22b), turn distribution (Figure A.25a,
Figure A.25b), proportion of refusals (Figure A.26), battle outcome counts (Figure A.24b), win

, and category overlap (Figure A.30).

~—

rates (Figure A.27
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A.19 Category Details
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(b) Battle Outcome Counts.

Below are the system prompts used to classify user prompts into the categories described in Sec-
tion 5.4. We find classifications are more accurate for certain categories when using only the prompt
or only the image, as indicated in the prompt titles. We use Gemini 1.5 Flash for classification
and show in Table A.14 that our classifications achieve high agreement to using SOTA models as

category labelers.

OCR System Prompt (image + prompt) You are tasked with determining if a
given VQA question is an optical character recognition (OCR) question.

An OCR question requires reading and understanding text in the image to
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Figure A.26: Proportion of Refusals per model.

answer. If there is some amount of text in the image and the question
requires reading the text in any capacity it should be classified as

Optical Character Recognition.

Output your verdict in the following format:

"<decision>[yes/no]l <decision>". Do NOT explain.

Refusal System Prompt (responses only) You are tasked with determining
if any of the given model responses are a refusal to answer. A refusal
occurs when the model explicitly declines to answer or complete a task,
due to reasons like safety, moderation, or model limitations (e.g. the
user asks the model to search the web but it does not have that
capability). You will be given the responses of 2 models, A and B and
you are to determine if A refuses to answer, B refuses, both refuse, or

neither refuse.
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Figure A.27: VisionArena-Battle Model Ranking Results.

Output your verdict in the following format:

"<decision>[yes/no] <decision>".

Do NOT explain.

Captioning System Prompt (prompt only) You are tasked with determining

if a given VQA question is a captioning question.
question asks for a general,

A captioning

overall description of the entire image.

It must be a single, open-ended query that does NOT ask about

particular objects, people, or parts of the image, nor require

interpretation beyond a broad description of what is visually present.

Examples include ’What is happening in this image?’,

picture.’, ’Explain’, etc.

’Describe what is funny in this picture.’

’Describe this

An example of a non-captioning question is

because it asks for a

specific interpretation of the image content.

141
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Figure A.28: Random Samples from VisionArena-Battle

Output your verdict in the following format:

<decision>[yes/no] <decision>. Do NOT explain.

Homework System Prompt (image only) You are tasked with determining if
the given image contains a homework or exam question. A homework or
exam question typically contains text with a well-defined question or
task which asks for a solution. In addition, many homework and exam
questions contain multiple choice, equations, and question numbers.
You may also see text referring to showing your work or providing
justification. Note that documents such as resumes, business cards,
records, or personal notes are NOT considered homework or exam

questions; homework and exam questions explicitly ask for a solution or

explanation.
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Figure A.29: Random Samples from VisionArena-Chat

Output your verdict in the following format:

"<decision>[yes/no] <decision>". Do NOT explain.

Humor Systems Prompt (image + prompt) You are tasked with determining
if a given VQA question is a humor question. A humor question asks for
a humorous or funny response based on the image or asks to understand
what is funny about an image. This includes questions that ask to

explain an image which is humorous, such as memes.

Output your verdict in the following format:

"<decision>[yes/no] <decision>". Do NOT explain.

Entity Recognition System Prompt (prompt only) You are tasked with
determining if a given VQA question is an entity recognition question.
An entity recognition question asks for the identification of specific
objects or people in the image. This does NOT include questions that
ask for a general description of the image, questions that only ask for
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Figure A.30: VisionArena-Battle category overlap.

object counts, or questions that only require reading text in the

image.

Output your verdict in the following format:

<decision>[yes/no] <decision>. Do NOT explain.

Diagram System Prompt (image only) You are tasked with determining
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Category Uses Image Labeler Accuracy Precision Recall
Homework Yes gemini-1.5-pro-exp-0827 0.987 0.929 0.967
Captioning No claude-3-5-sonnet-20240620 0.967 0.938 0.934
Humor Yes gemini-1.5-pro-exp-0827 0.925 0.788 0.636
OCR Yes gemini-1.5-pro-exp-0827 0.818 0.954 0.769
Entity Recognition No claude-3-5-sonnet-20240620 0.952 0.728 0.830
Creative Writing No claude-3-5-sonnet-20240620 0.964 0.680 0.810
Diagram Yes gemini-1.5-pro-exp-0827 0.961 0.858 0.953

Table A.14: Comparing Gemini-1.5-Flash question categorization to larger mod-
els. Gemini-1.5-Flash is evaluated against SOTA models on 1000 samples from VisionArena-
Chat, using Gemini-1.5-Pro for image-based prompts and Claude-3.5-Sonnet for text-based
prompts. Gemini-1.5-Flash achieves high agreement with SOTA models for category classi-
fication.

whether the given image contains a chart, diagram, or figure.
Carefully examine the user prompt and consider the following aspects:

1. Does the image contain visual elements such as graphs, flowcharts,
tables, method figures, chemical structures, or other visual
representations of data or concepts?

2. Does the prompt require interpreting or analyzing the flow of
information, relationships between elements, or the structure of the

visual representation in the image?

3. Does the prompt require spatial reasoning and understanding the

layout or structure of the visual elements?

4. Does the image contain only text, tables, handwriting, or
photographs without any visual representations of data or concepts? If

so, it is NOT considered a chart or diagram.

Output your verdict in the following format:

"<decision>[yes/no] <decision>". Do NOT explain.

Creative Writing System Prompt (prompt only) You are tasked with
determining whether a given VQA user prompt is asking for creative
writing. Creative writing is defined as any form of writing that goes
beyond standard professional, journalistic, academic, or technical
literature. It typically involves imagination, originality, and
expression of thoughts and emotions. Prompts which only ask to caption



APPENDIX A. SUPPLEMENTARY MATERIAL 146

the image without any other requests do NOT count as creative writing.
Creative writing can include, but is not limited to, the following
formats:

- Fiction (e.g., short stories, novels),
- Poetry (e.g., sonnets, free verse),
- Dramatic writing (e.g., screenplays, monologues, scripts),

- Personal essays (focusing on subjective experiences or narrative
storytelling),

- Songs and lyrics

Carefully analyze the user prompt and consider whether it primarily
requires creative writing. Think about the following aspects:

1. Does the prompt ask for fictional content, speculative scenarios,
or the use of imagination to construct narratives?

2. Does it encourage the expression of thoughts, emotions, or personal
experiences beyond mere factual reporting or analysis?

3. Is it asking for writing in a specific creative format (e.g.,
story, poem, script, etc)?

4. Is the primary purpose of the prompt to foster creative expression
or originality rather than information delivery, technical
documentation, or analytical reasoning?

5. Does the prompt request stylistic or rhetorical elements often
associated with creative writing, such as metaphor, imagery, dialogue,
etc?

6. Does the prompt expect a response in natural language (e.g.,
sentences, paragraphs) rather than visual, mathematical, or
non-linguistic output?

OQutput your verdict in the following format:

"<decision>[yes/no]l <decision>". Do NOT explain.

A.20 Contamination with Existing Benchmarks

To ensure that our results from section 5.5 are not due to training on questions from the test sets,
we investigate the rate of benchmark contamination in VisionArena-Chat. Using OpenAl’s text-
embedding-small embeddings, we compute the cosine similarity between each VisionArena-Chat
question and all benchmark questions, selecting the nearest neighbor with the highest similarity
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score. We then count the number of cases where this similarity is > 0.8, indicating minor rephrasings
of the same question. Table A.15 shows that less than 2% of benchmark questions are seen on
VisionArena-Chat.

Dataset # Matches % dataset % VisionArena-Chat

MMMU 47 0.4% 0.02%
MME 0 0.0% 0.0%
HallusionBench 0 0.0% 0.00%
MMMU Pr . 23 1.3% 0.01%

-
Al .

A.21 VisionArena-Bench

VLM-as-a-Judge System Prompt Please act as an impartial judge and
evaluate the quality of the responses provided by two AI assistants to
the user prompt displayed below. You will be given assistant A’s
answer and assistant B’s answer. Your job is to evaluate which
assistant’s answer is better.

Begin your evaluation by generating your own answer to the prompt. You

must provide your answers before judging any answers.

When evaluating the assistants’ answers, compare both assistants’
answers with your answer. You must identify and correct any mistakes

or inaccurate information.

Then consider if the assistant’s answers are helpful, relevant, and
concise. Helpful means the answer correctly responds to the prompt or
follows the instructions. Note when user prompt has any ambiguity or
more than one interpretation, it is more helpful and appropriate to ask
for clarifications or more information from the user than providing an
answer based on assumptions. Relevant means all parts of the response
closely connect or are appropriate to what is being asked. Concise
means the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant’s answers
when needed. Finally, identify any missing important information in
the assistants’ answers that would be beneficial to include when

responding to the user prompt.
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After providing your explanation, you must output only one of the

following choices as your final verdict with a label: 1. Assistant A

2.
3.
4.
5.

Example output:

is significantly better: [[A>> BJ]

Assistant A is slightly better: [[A > B

Tie, relatively the same: [[A = B]]

Assistant B is slightly better: [[B > A

Assistant B is significantly better: [[B >> A

"My final verdict is tie: [[A= B]|".

Model Score 95% CI Token #
gpt-40-2024-05-13 67.7 (-1.7,18) 316
gemini-1.5-pro-exp-0827 66.2 (-1.8, 1.5) 329
gemini-1.5-flash-exp-0827 60.3  (-1.9, 1.9) 367
claude-3.5-sonnet-20240620 54.5  (-2.1,1.9) 262
gpt-4-turbo-2024-04-09 50.0 (0.0, 0.0) 258
gemini-1.5-pro-001 455  (-1.8, 2.0) 261
gpt-40-mini-2024-07-18 40.0 (-2.3, 1.9) 224
gemini-1.5-flash-8b-exp-0827  30.6  (-2.3, 1.8) 354
internvl2-26b 233 (-2.1, 1.1) 515
gemini-1.5-flash-001 23.0 (-1.1, 1.6) 271
claude-3-opus-20240229 189  (-1.9, 1.7) 201
claude-3-sonnet-20240229 184  (-1.4,1.3) 205
reka-core-20240501 15.6  (-1.3,1.4) 252
llama-3.2-11b-vision-instruct ~ 11.2  (-1.3, 1.1) 457
claude-3-haiku-20240307 96  (-1.1, 1.0) 155
internvl2-4b 6.8 (-0.9,08 421

Table A.16: VisionArena-Bench leaderboard (baseline: GPT-4-Turbo)

148
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Model Score 95% CI Token #
gemini-1.5-pro-exp-0827 87.6  (-1.1, 1.1) 329
gpt-40-2024-05-13 86.8 (-1.1,1.3) 316
claude-3-5-sonnet-20240620 86.3 (-1.3,1.2) 262
gemini-1.5-flash-exp-0827 83.5 (-1.7,1.1) 367
gpt-4-turbo-2024-04-09 80.7  (-1.0, 1.6) 258
gemini-1.5-pro-001 753 (-1.7, 1.4) 261
gpt-40-mini-2024-07-18 73.0 (-1.3,1.4) 224
gemini-1.5-flash-8b-exp-0827  64.7  (-1.5, 2.4) 354
gemini-1.5-flash-001 58.4  (-1.9, 1.5) 271
internvl2-26b 54.2  (-1.7,1.7) 515
claude-3-opus-20240229 52.0  (-2.0, 1.7) 201
claude-3-sonnet-20240229 50.0 (0.0, 0.0) 205
reka-core-20240501 379 (-1.9,1.7) 252
llama-3.2-11b-vision-instruct ~ 32.6  (-1.7, 1.8) 457
claude-3-haiku-20240307 30.7 (-2.3, 1.6) 155
internvl2-4b 19.6  (-1.9, 1.3) 421

Table A.17: VisionArena-Bench leaderboard (baseline: claude-3-sonnet-20240229)

A.22 Additional model details

Table A.18 shows the mapping from the model names used in Section 5.4 to the exact model
versions.

A.23 Failure Cases

Hard OCR (Figure A.31). While VLMs perform well at transcribing easily legible text, they struggle
with perturbed text (e.g., rotations, blur). Reading such difficult text is essential for real-world
applications. We show two failure cases: one with unclear handwriting and another with rotated
text.

Counting (Figure A.32). Counting is a critical skill for decision-making across education, organiza-
tion, and daily life. While humans count effortlessly, VLMs still struggle. We provide two examples
where the top three models fail: one requiring counting based on shape and color, and another
involving intersecting triangles.

Reasoning (Figure A.33, Figure A.34). Reasoning is essential for helping users tackle complex
problems. While reasoning remains a challenge for both VLMs and LLMs, we present five unique
VLM failure cases.
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Model Version Model Name
claude-3-5-sonnet-20240620  Claude 3.5 Sonnet
claude-3-haiku-20240307 Claude 3 Haiku
claude-3-opus-20240229 Claude 3 Opus
claude-3-sonnet-20240229 Claude 3 Sonnet
cogvlm2-llama3-chat-19b CogVLM2 Llama3 Chat 19b
gemini-1.5-flash-api-0514 Gemini 1.5 Flash

gemini-1.5-pro-api-0514 Gemini 1.5 Pro
gemini-1.5-pro-exp-0801 Gemini 1.5 Pro Exp
gpt-4-turbo-2024-04-09 GPT-4 Turbo
gpt-40-2024-05-13 GPT-40
gpt-40-mini-2024-07-18 GPT-40 Mini
internvl2-26b InternVL2 26b
llava-v1.6-34b LLAVA 1.6 34b
minicpm-v-2_6 MiniCPM v2.6
phi-3-vision-128k-instruct Phi 3 Vision 128k Instruct
reka-core-20240501 Reka Core

reka-flash-preview-20240611 Reka Flash Preview

Table A.18: Model Name to exact model version

Model K-Pop Sign Shapes Triangles Meme Map Shoes Chess ARC

gemini-1.5-pro-exp-0827
gpt-40-2024-05-13
claude-3-5-sonnet-20240620
claude-3-opus-20240229
gpt-4-turbo-2024-04-09
gpt-40-mini-2024-07-18
gemini-1.5-pro-001
gemini-1.5-flash-8b-exp-0827
gemini-1.5-flash-exp-0827
internvl2-26b
gemini-1.5-flash-001
claude-3-sonnet-20240229
llama-3.2-11b-vision-instruct
claude-3-haiku-20240307
internvl2-4b

e T T I i B I Il e Bl
MO K KO X KK K X KO
Sl I I O R NGRS e i e I S I I
PO KK KO M K K K KK
e I I i e I I o I
e T I I i R I I Bl
MK O XK XK XX KO O
eI I i e I i Sl S B
ST S I I R i I I e Bl

Table A.19: Model performance across several hard tasks. O indicates that the model
solves the problem and X indicates that the model fails to solve the problem. 9 out of 16
models fail all questions.
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gemini-1.5-pro-exp-0827: It puts the word "HELLO" in a grid
using blue checkmarks.

What does it put here?
gpt-40-2024-05-13: The image appears to be a Minesweeper
game board. The blue numbers indicate the number of mines
adjacent to each square. The numbers visible in the image are: - 1
-2 - 3 - 4 These numbers help the player deduce where the mines
are located on the board. The goal of the game is to clear all the
non-mine squares without detonating any mines.

claude-3-5-sonnet-20240620: The image shows a grid of small
Answer: K-Pop squares, with some squares filled in blue to form letters. The blue
squares spell out "THE LOTION" in a pixelated or dot-matrix style

font across the grid.

(a) K-Pop Failure Case

What is written?
gemini-1.5-pro-exp-0827: 9
West End Avenue

gpt-40-2024-05-13: The text on the sign
reads "6 Avenue West End."

claude-3-5-sonnet-20240620: The image
shows text that reads "West 6 Avenue" when
read from right to left. The text appears to be
on a street sign or similar type of signage. The
lettering is white on a dark blue background,
and the image has a slightly blurred or distorted

quality to it, possibly due to the angle or lighting
Answer: 6 Avenue West End conditions when the photo was taken.

(b) Sign Failure Case

Figure A.31: Hard OCR Failure Cases. These failure cases show that models still fail in
cases where the text is perturbed such as rotations or messy hand-writing.
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gemini-1.5-pro-exp-0827: Here's a count of the claude-3-5-sonnet-20240620: Here's a breakdown of the

how many of each shape and color shapes and colors: shapes and colors in the image:
**Shapes:** Shapes:
r . * *kStars:** 3 - Stars: 3 (all light blue)
* *xQyals** 3 - Circles/Ovals: 3 (2 green, 1 peach/light orange)
* **Rectangles:** 5 - Rectangles: 5 (3 green, 1light blue, 1 peach/light orange)
O O **Colors:**
* **Light Blue:** 4 (3 stars, 1 rectangle) Colors:
* **Light Green:** 4 (2 ovals, 2 rectangles) - Light Blue: 4 shapes (3 stars, 1 rectangle)
B D D * **Light Orange/Peach:** 2 (1 oval, 1 rectangle) - Gre‘en: 5 shapes (2 circles, 3 rectangles)
Let me know if you have any other questions! - Peach/Light Orange: 2 shapes (1 oval, 1 rectangle)
O D gpt-40-2024-05-13: In the image, there are In total, there are 11 shapes in the image.
I:l D various shapes and colors. Here is the count for
each shape and color:
**Shapes:**
- Stars: 4
- Ovals: 3
. - Rectangles: 6
Answer: 3 stars, 6 rectangles, 3 ovals **Colo?s:**

5 green shapes, 3 orange shapes, 4 blue shapes - Blue: 5 (4 stars, 1 rectangle)
- Green: 5 (3 ovals, 2 rectangles)
- Orange: 3 (1 oval, 2 rectangles)

(a) Shapes Failure Case

gemini-1.5-pro-exp-0827: Let's count the claude-3-5-sonnet-20240620: In the image,
distinct triangles in the image: 1. Top left: 1 (pink)  there are 10 distinct triangles. These triangles

How many distinct triangles there are on the image? Intersections 2. Top right: 1 (light purple) 3. Middle left: 1 are of various sizes and colors, scattered
between figures dont count. (green) 4. Center: - Largest: 1 (light blue) - across a blue background. The triangles appear
Medium: 1 (white) - Smallest: 1 (bright green) - in different colors including white, green, pink,
Overlapping: 1 (brown) - Tiny: 1 (dark red) 5. yellow, and light blue. Some of the triangles are
Right: 1 (light blue) overlapping, but as per your instruction, we're

not counting intersections between figures.

Totalcount: 1+1+1+1+1+1+1+1+1=9 Each triangle is considered as a separate,

distinct shape regardless of its position or

There are **9** distinct triangles in the image. overlap with others.

gpt-40-2024-05-13: There are 11 distinct triangles in
the image.

Answer: 13

(b) Triangles Failure Case

Figure A.32: Hard Counting Failure Cases. These cases show that proprietary models
still fail at counting tasks involving shapes even when the format is clear.
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Which line connects Trolskaholm to Solképing?

gemini-1.5-pro-exp-0827: The **Sunrise** line connects Trolskaholm to Solkdping.
It's the yellow/gold line on the map. You can follow it from Trolskaholm all the way down to
Solkoping.

gpt-40-2024-05-13: The line that connects Trolskaholm to Solképing is the "Midnight" line, which
is represented by the blue color on the map.

claude-3-5-sonnet-20240620: The line that connects Trolskaholm to Solk&ping is the Bullet line,
which is represented by the red line on the map. This red line runs from Trolskaholm through several
stations including Alfheim Central and Singer Park, before reaching Solk&ping in the southern part of

Answer: The Ferry Line

Explain this image.

cat Vet
‘}% !
\. / ‘ f]

Answer: The inside fur of the cat looks
like another cat, so the cat's square root
is its own cat-looking fur.

The photo shows a boy’s new white sneaker and a girl’s black

leather shoe. Can you describe what happened?

Answer: The girl with the black
leather shoe stepped on the boy
with the white sneaker.

the map.

(a) Map Failure Case

gemini-1.5-pro-exp-0827: The image is a humorous meme playing on the
mathematical concept of square roots.

**The Setup:**

* It shows two pictures of the same cat from behind.
* The cat has a distinctive black marking on its back that vaguely resembles
a square root symbol (v).

**The Joke:**

* The first image is labeled "Cat".
* The second image is labeled "vCat".

**The Meaning:**

The joke lies in the visual pun. The cat's marking looks like a square root
symbol, so the second image humorously implies that the cat has been
"square rooted” - as if it were a mathematical equation. It's a silly and
absurd concept, which is what makes it funny.

gpt-40-2024-05-13: This image is a humorous visual pun involving

On the left side, there i a picture of a cat sitting on the ground,
viewed from behind. Above this image, the word "Cat" is written.

On the right side, there is a similar picture of the same cat, but the
image has been edited to make the cat appear wider and shorter.
Above this image, the text "VCat" (square root of cat) is written.

The joke is that the cat on the right looks like it has been "squared"
(increased in width and decreased in height), playing on the
mathematical concept of squaring and square roots. The cat on
the right is meant to humorously represent the "square root" of the
cat on the left

claude-3-5-sonnet-20240620: This image is a humorous
play on words and mathematics, using pictures of a cat to
illustrate the concept.
The top of the image shows two text labels:
1. "Cat" on the left
2."VCat" (square root of Cat) on the right
Below these labels are two photos of the same cat,
presumably:

1..0n the left, we see a normal-sized cat sitting on a paved
surface. It has a black and white coat.

2.0n the right, we see what appears to be the same cat, but it
looks elongated or stretched vertically. This creates the
illusion that the cat is taller or longer than in the left image.

The joke here is that the "square root” of Cat (YCat) is
visually represented by a stretched version of the cat, as if
taking the square root has "elongated" the animal. It's a
clever visual pun combining mathematical notation with a
literal interpretation using cat photos.

This type of humor often resonates well on social media
platforms, combining familiar concepts (cats and basic math)
in an unexpected and visually amusing way.

(b) Meme Failure Case

gemini-1.5-pro-exp-0827: Based on the photo,
it appears the boy with the white sneaker has
stepped on the girl's black leather shoe. The
white sneaker is positioned over the black shoe,
suggesting that it has come down on top of it.
This could have happened accidentally in a
crowded space, or perhaps during play or a
moment of clumsiness. Without more context,
it's impossible to know the exact circumstances,
but the positioning of the shoes strongly
indicates that the white sneaker has stepped on
the black shoe.

gpt-40-2024-05-13: The photo shows a
black leather shoe stepping on a white
sneaker. It appears that the girl wearing the
black leather shoe has accidentally or
intentionally stepped on the boy's new white
sneaker. This could have resulted in the white
sneaker getting scuffed or dirty.

claude-3-5-sonnet-20240620: Based on the image, it appears that the
white sneaker and the black leather shoe have come into contact with each
other. The white sneaker looks new and clean, while the black leather shoe
seems to be pressing against or stepping on the back part of the white
sneaker. This situation often occurs when someone accidentally steps on
the back of another person's shoe while walking closely behind them. It can
lead to the heel of the shoe being pushed down or the back of the shoe
getting scuffed. The contrast between the pristine white sneaker and the
darker leather shoe is quite noticeable in the image. This kind of incident
can be frustrating, especially with new shoes, as it might leave marks or
damage the shoe's appearance. It's a common mishap that can happen in
crowded areas or when people are walking in close proximity to each other.

(¢) Shoes Failure Case

Figure A.33: Hard Reasoning Failure Cases (part 1). The failure cases highlight the
model’s inability to connect the visual reasoning with language reasoning. While the vision
model identifies an object, it is not able to identify the relationship between them correctly.



APPENDIX A. SUPPLEMENTARY MATERIAL 154

I'm playing as white, what should | do in this position?? I'm gemini-1.5-pro-exp-0827: TheRbes7[ move for white in this position is
HrRyeT+HE
confused. **Explanation:**
1. **Rxe7+** forces the black king to capture the rook (Kxe?).
2. **Qxg7+** follows, checking the black king again.
3. The black king is forced to move to h8 (Kh8).
4.+*Qxh8#** delivers checkmate.
*This is a forced checkmate sequence that wins the game for white.**

claude-3-5-sonnet-20240620: In this chess position, you're playing as White and have a
few good options to consider. Here are some suggestions:
1. The most immediate threat is Black's bishop on f6, which is attacking your rook on d4. You
should address this threat first.
2. One strong move would be to capture the black pawn on e7 with your rook: Rxe7+. This
move puts Black's king in check and removes the defender of the f6 bishop.
3. After Black responds to the check (likely by moving the king to f8), you can then capture
the bishop on f6 with your bishop: Bxf6.
**Why other moves are not as good:** 4. This sequence would result in you winning a pawn and a bishop for the exchange of one of
* Moving pawns on the queenside doesn't achieve anything significant and your rooks, which is generally a good trade.
allows black to consolidate their position. 5. Another option, if you want to play more cautiously, is to simply move your rook away from
* Developing the knight to f3 doesn't pose an immediate threat and black can the attack, perhaps to d3 or d2.
easily defend. 6. You could also consider developing your pieces further, such as moving your knight on c5
* Other rook moves don't lead to a forced checkmate. to a more active square like e6, which would attack Black's rook on b7.
**Therefore, Rxe7+ s the only winning move for white in this position.**  Remember, chess is about long-term strategy as well as immediate tactics. Consider how
your move will affect the overall position and try to improve your piece placement while
addressing immediate threats.

gpt-40-2024-05-13: In this position, you have a strong attacking
opportunity as White. You can deliver a checkmate in two moves.
Here's what you should do:
i N 1. **Rd8+** (Rook to d8 check)
Possible Answer: Re7 Rb7 to take the Rook - This move forces the Black king to move to e7 because the rook
on d8 is protected by the knight on c5.

2. **Re8#** (Rook to e8 checkmate)
- The rook on e8 delivers checkmate as the Black king has no
legal moves and cannot escape the check.
So, the sequence is:
1. Rd8+ Ke7
2. Reg#

This results in a checkmate.

(a) Chess Failure Case

Convert the image into a text based format for both the input and

gemini-1.5-pro-exp-0827
output image, use "[]" to represent each square in a grid, "[b]" to

**Qutput:*¥*

**Input:**
represent light blue grids and "[B]" to represent dark blue grids [BIRISIRIRININ} LI000001000
(1IN0 [1IBILICINIL]
[bILIICICI0] [bILICICI0I0]
L0000 L0000
Ex.1 Input L0101 [I0I0IBILIL L]
LI IL] LI0I0IRIIRIIL]
= [BISISIRISIRIS] [BIRSINNIRIS!

gpt-40-2024-05-13

### Ex.1 Input (7x7) ' ##H# Ex.1 Output (7x7)

[II0I00000000 CICI00I00000]

[1[6IILILICI] [1eIBILILIIC]

[II000000000 [RININININININ}

(101010 1Mp1bIL ] (1010101 b1 [bI[ ]

[ICICII0I0000] [10I0I0001011B]

[SI8ISIRININI [I0I0I00000)

pooooon  ogpopooo noonnno HEEEERY
Omronooon  obieroonn

Answer: (] [b] b] I 110 [[b][6] ([0 claude-3-5-sonnet-20240620

ooooierer] 00010l k]0 Input (7x7): Output (7x7):

poooomin ooooislblan Ouonnnn OOnnnnn

ooooooo ooooooo eI H{E%E%HHHH

ooooooo ooooooo [[]][["]1[[;’[15[][[,]1[[]][[]1 SRR

[BIRIRICSIRICIIN] LILI0IRICIbI ]

[II0I0I0000 LICICICIBIC0 ]

[BIRINIRINININ] [Binininininie]

Figure A.34: Hard Reasoning Failure Cases (part 2). These failure cases highlight the
inability for the model to be able to correctly map out a grid-like structure and the various

pieces in it.

(b) ARC Failure Case
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Chapter 6: VibeCheck

A.24 Experimental Details & Dataset Statistics

Dataset # Train # Test
Human VS ChatGPT 250 250
Chatbot Arena - All 839 839
Chatbot Arena - STEM 346 347
Chatbot Arena - Writing 278 277
CNN/DailyMail 444 346
MATH 218 218

COCO w/ ShareGPT-4V Captions 323 346

Table A.20: Dataset Statistics

Dataset Model A Model B Model A Win Rate
Human VS ChatGPT Humans GPT-3.5 -

Chatbot Arena - All Llama3-70b-Instruct GPT-4 + Claude-3-Opus 50%
Chatbot Arena - STEM Llama3-70b-Instruct GPT-4 + Claude-3-Opus 44%
Chatbot Arena - Writing Llama3-70b-Instruct GPT-4 + Claude-3-Opus 57%
CNN/DailyMail Cohere Command X TNLGv2 71.12%
MATH GPT-40 Llama3-405b 76%
COCO w/ ShareGPT-4V Captions GPT-4V Gemini-1.5-Flash 80%

Table A.21: Model Win Rates

num_eval_vibes = number of vibes to validate at every iteration

d = number of prompt output triples to use in each iteration of the vibe discovery phase

batch = number of triples to feed into the prompt of the discovery LLM at once.

iterations = number of vibe iterations to perform

num_final_vibes = number of vibes to evaluate at the end of all the iterations. This can be
set to false, in which case all the vibes collected in the iteration

We take the 1000 captions generated by GPT-4V from the ShareGPT-4V dataset [33] and
generate captions for the same images using the same captioning prompt using Gemini-1.5-Flash.
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Dataset

d batch num_eval_vibes num_final_vibes iterations

Human VS ChatGPT 40
Chatbot Arena - All 20
Chatbot Arena - STEM 20
Chatbot Arena - Writing 20

CNN/DailyMail 20
MATH 20
COCO 20

ot DN Ot Ot Ot

10
10
10
10
10
10
10

10
10
10
10
10
10
10

— =W W W W

Table A.22: VibeCheck Hyperparameters
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A.25 Gold standard labels

Below is a summary of key differences found by human evaluators in the HC3 dataset [95] listed
in their paper.
Characteristics of ChatGPT

(a) Responses are well-organized, often starting with a definition of key concepts before providing
a step-by-step explanation and concluding with a summary.

(b) Answers tend to be detailed and extensive.

(c)

(d) It refrains from responding to queries beyond its scope of knowledge.
)

(e

Differences Between Human and ChatGPT Responses

ChatGPT generally minimizes bias and avoids generating harmful content.

In some cases, it may generate incorrect or fabricated information.

(a) ChatGPT remains strictly on topic, while human responses may shift toward related or
tangential subjects.

b) It tends to provide objective, fact-based answers, whereas human responses often include
J
personal opinions or subjective elements.

(¢) ChatGPT’s tone is typically formal and structured, while human speech is more conversa-
tional and informal.

(d) Unlike humans, ChatGPT does not express emotions, relying solely on linguistic structure
rather than emotional cues like punctuation or tone variations.

A.26 Generating Preset Vibes

We generate our list of 10 preset vibes by prompting GPT-40 with the following:

Preset Vibe Generation Prompt

I am a machine learning researcher trying to figure out the major
differences between the behavior of different large language models.
Can you list common ways in which two language models can differ in
their outputs?

Please output a list differences between these sets of outputs with
relation to specific axes of variation. Try to give axes that a human
could easily interpret and they could understand what it means to be
higher or lower on that specific axis. Please ensure that the concepts
used to explain what is high and low on the axis are distinct and
mutually exclusive such that given any tuple of text outputs, a human
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Vibe Axis Definition (low — high)

Assertiveness Uses tentative or uncertain language. — Uses definitive,
confident statements.

Detail & Gives brief or shallow responses. — Provides thorough,

Elaboration nuanced, and expansive information.

Formality casual, conversational, or informal language. — formal,
sophisticated language and sentence structure.

Emotional =~ Remains neutral or detached. — Infuses responses with

Tone expressive emotion and enthusiastic or empathetic tone.

Creativity & Sticks to standard, predictable answers. — Provides responses

Originality ~ with novel ideas or imaginative scenarios.

Explicitness Uses vague or implicit language. — States things directly and
unambiguously.

Humor and Responds in a straightforward and serious manner. — Uses

Playfulness  humor, playful language, or wordplay.

Engagement Presents information passively. — Actively engages the reader
using rhetorical questions or interactive phrasing.

Logical Rigor Provides conclusions without thorough justification. —
Constructs well-supported arguments with clear reasoning.

Conciseness  Uses verbose language and excessive details. — Uses minimal
words to convey a point clearly.

Table A.23: Predefined vibes. We prompt GPT-40 to generate a set of 10 vibes which
represent common axes on which LLM outputs differ.

could easily and reliably determine which model is higher or lower on
that axis.

The format should be

- {axis 1}: {difference}

- {axis 2}: {difference}

Please output differences which have a possibility of showing up in
future unseen data and which would be useful for a human to know about
when deciding with LLM to use. For each axis, define clearly and
succinctly what constitutes a high or low score, ensuring these
definitions are mutually exclusive. Please give 10 differences
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A.27 Additional VibeCheck Details

Vibe Discovery

Below is the user prompt we use for vibe discovery.

Vibe Discovery Prompt

The following are the results of asking a set language models to
generate an answer for the same questions:

[PROMPT] [OUTPUT 1] [OUTPUT 2]

I am a machine learning researcher trying to figure out the major
differences between these two LLM outputs so I can better compare the
behavior of these models. Are there any variations you notice in the
outputs?

Please output a list differences between these sets of outputs with
relation to specific axes of variation. Try to give axes that a human
could easily interpret and they could understand what it means to be
higher or lower on that specific axis. Please ensure that the concepts
used to explain what is high and low on the axis are distinct and
mutually exclusive such that given any tuple of text outputs, a human
could easily and reliably determine which model is higher or lower on
that axis.

The format should be: {{axis}}: Low: {{low description}}; High:
{{high description}}

Vibe Summarization. To summarize the set of vibes found in the vibe discovery process,
We cluster the axes using agglomerative clustering on the embeddings of the axes generated by the
"hkunlp/instructor-x1” model, and prompt GPT-40 to reduce this set by removing any vibes which
are similar. After this stage we are left with a set of less than 20 vibes which we use to score the
outputs of each model.

Vibe Reduction Prompt

Below is a list of axes with a description of what makes a piece of
text low or high on this axis. Are there any axes that have similar
meanings based off their low and high descriptions? Are there any sets
of axes that would convey the same information to a user (e.g. level
of detail)? Could any of the low and high descriptions be simplified
to make them easier to understand?

Please remove any axes with roughly the same meaning and simplify the
descriptions of what makes a piece of text low or high on this axis.
Please ensure that the descriptions of what makes a piece of text low
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or high on this axis are distinct, useful, and mutually exclusive.
Given any piece of text, a human should be able to easily and reliably
determine if this text falls high or low on each axis.

Here is the list of axes: {axes}

Please return the simplified list of axes and the descriptions of what
makes a piece of text low or high on this axis. These axes should
contain only one concept and should be human interpretable. Some
examples of bad axes include:

- "Configuration Clarity: High: Clearly defined structure and
purpose. Low: Vaguely defined, minimal purpose." -> This axes is bad
because it is not clear what a clearly defined purpose means nor what a

vaugely defined purpose means.

- "Language and Communication: High: Varied/precise, complex
structure. Low: Straightforward, simple or general language." -> This
axes is bad because it combines multiple concepts into one axis.

- "Content Quality: High: High quality, engaging, informative. Low:
Low quality, unengaging, uninformative." -> This axes is bad because it
is not clear what high quality means nor what low quality means.

Some examples of good axes include:

- "Complexity: High: Complex, multi-layered, intricate. Low:
Simple, straightforward, easy to understand."

- "Efficiency (coding): High: Code optimized for runtime, minimal
memory usage. Low: Code inefficient, high memory usage."
Some examples of axes which should be combined include:

- "Emotional Tone: High: Contains emotionally charged language. Low:
Maintains a neutral tone." and "Empathy: High: Shows empathy. Low:
Only factual answers without empathy." are redundant because they both
measure the emotional content of the text. If two similar axes are
found, keep the one that is more informative or more specific.
Please maintain the format of the original axes and return a list like
["{axis name}: High: {high description} Low: {low description}",
..]. I should be able to parse this output into a string using
ast.literal_eval. If the original list does not contain any redundant

axes, please return the original list.

If the number of vibes after the first reduction step is > K, we prompt GPT-40 to reduce the
set further with the final reducer prompt.

Final Vibe Reducer Prompt



APPENDIX A. SUPPLEMENTARY MATERIAL 161

Below is a list of axes with a description of what makes a piece of
text low or high on this axis. I would like to summarize this list to
at most {number} representative axes.

Here is the list of axes: [VIBES]

These axes should contain only one concept and should be human
interpretable. Some examples of bad axes include:

- "Configuration Clarity: High: Clearly defined structure and
purpose. Low: Vaguely defined, minimal purpose." -> This axis is bad
because it is not clear what a clearly defined purpose means nor what a
vaguely defined purpose means.

- "Language and Communication: High: Varied/precise, complex
structure. Low: Straightforward, simple or general language." -> This
axis is bad because it combines multiple concepts into one axis.

- "Content Quality: High: High quality, engaging, informative. Low:
Low quality, unengaging, uninformative." -> This axis is bad because it
is not clear what high quality means nor what low quality means.

Some examples of good axes include:

- "Complexity: High: Complex, multi-layered, intricate. Low:
Simple, straightforward, easy to understand."

- "Efficiency (coding): High: Code optimized for runtime, minimal
memory usage. Low: Code inefficient, high memory usage."

Some examples of axes which should be combined include:

- "Emotional Tone: High: Contains emotionally charged language. Low:
Maintains a neutral tone." and "Empathy: High: Shows empathy. Low:
Only factual answers without empathy." are redundant because they both
measure the emotional content of the text. If two similar axes are
found, keep the one that is more informative or more specific.

Please return the simplified list of < K axes with any redundant axes
removed and the descriptions of what makes a piece of text low or high
on this axis simplified. Are there any axes which convey roughly the
same information? Are there any axes where almost all samples which
score highly on one axis would also score highly on the other?

Please maintain the format of the original axes and return a numbered
list. Each element should be structured as follows: "{axis name}:
High: <{high description} Low: {low description}"

Vibe Validation

Prompt for ranker judge
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I want to compare the outputs of two language models (A and B) for the
same prompt. I would like you to evaluate where each output falls on
the following axis: [VIBE].

If you had to choose which output is higher on the axis, which would
you choose? Here is the prompt and the outputs of A and B
respectively:

[PROMPT] [OUTPUT A] [OUTPUT B]

Please respond with which model you think is higher on the axis and
explain your reasoning. If this axis does not apply to these examples
or these outputs are roughly equal on this axis, return "N/A".

Vibe Iteration

At iteration step t, we are left with &k distinct vibes which are well-defined and differentiating along
with their scores v1.k(p,04,0p). Using these scores, we train a LR model to predict LLM identity
(i.e. "Is the response shown first LLM A or LLM B?”) and get the predictions on our entire set
D. Assuming we have not hit the max iteration steps set by the user, we iterate if the number
of samples misclassified by the model matching predictor is greater than the number of prompts
to perform discovery on (d). In iteration step ¢t + 1, we take these misclassified prompt output
triples in batches of size batch along with the current set of vibes v1, ..., and prompt the LLM
to generate new differences between outputs what are not represented in the current vibes. These
vibes are then reduced using the same procedure as the vibe discovery process. In practice we
found that often some of the reduced vibes from the discovery phase at ¢ + 1 were redundant with
an existing axis, so we preform one more deduplication step using the prompt below.

Vibe Discovery Iteration step

Given a new set of responses, your task is to expand on the set of axes
which have been previously identified by finding other clear
differences between the responses that are not captured by the existing
axes. The expanded axes should be any differences between responses
that are not clearly captured by the existing axes. Be as exhaustive
as possible in listing differences on as many different axes as you can
think of, and be specific about what constitutes high and low on each
axis.

Your axis should be interpretable: a human should easily and reliably
determine which response is higher, lower, or even on this axis when
given a new set of responses. Please do not make your axes too broad
and list as many axes as you can think of that are not covered by the
existing axes. Most of these new axes should be either completely
different from the existing axes or should highlight a more finegrained
difference which an existing axis might broadly cover. For instance,
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Vibe

if an existing axis is "Enthusiasm: High: enthusiastic, Low:
unenthusiastic", a new axis might be ‘‘Use of Exclamation Points’’, or
if an existing axis is "Cultural Context: High: culturally relevant,
Low: culturally irrelevant", a new axis might be ‘‘Use of Slang’’.
Please think through the axes carefully and make sure they are clear,
concise, and do not overlap with each other or the existing axes. Do
not include any of the existing axes in your response. Your output
should be in this format:

New Axes:

- {axis 1}:

High: {description of high}

Low: {description of low}

- {axis 2}:

High: {description of high}

Low: {description of low}

Do not include any other information in your response.

deduplication in iteration step ¢t + 1

Here is a list of axes on which two strings may vary. Each axis has a
description of what makes a string high or low on that axis.
[EXISTING AXES]

[NEW AXES]

It is likely that several of these axes measure similar things. Your
task is to remove any redundant axes. Think about if a user would gain
any new information from seeing both axes. For example, "Emotional
Tone: High: Contains emotionally charged language. Low: Maintains a
neutral tone." and "Empathy: High: Shows empathy. Low: Only factual
answers without empathy." are redundant because they both measure the
emotional content of the text. If two similar axes are found, keep the
one that is more informative.

Output the reduced list of axes, separated by a newline. All of the
axes should maintain the same format they have in the list of {axis}:
High: <{high} Low: {low}

Generating Preference Labels

prompt for generating preference labels

Please act as an impartial judge and evaluate the quality of the
responses provided by two AI assistants (A and B) to the user question

163
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displayed below. You should choose the assistant that follows the
user’s instructions and answers the user’s question better. Your
evaluation should consider factors such as the helpfulness, relevance,
accuracy, depth, creativity, and level of detail of their responses.
Begin your evaluation by comparing the two responses and provide a
short explanation. Avoid any position biases and ensure that the order
in which the responses were presented does not influence your decision.
Do not allow the length of the responses to influence your evaluation.
Do not favor certain names of the assistants. Be as objective as
possible.

Here is the prompt and the outputs of A and B respectively:

[PROMPT] [OUTPUT A] [OUTPUT B]

Please respond with the model which contains a higher quality response.
Based on your analysis, please explain your reasoning before assigning
a score. Use the following format for your response:

Analysis: {reasoning}

Model: {A, B, tie}

A.28 Further Related Works

Automatic metrics for benchmark evaluations. The number of benchmarks in the NLP
community has exploded in recent years, with a wealth of work on providing a more holistic
evaluation of language models beyond just accuracy. Several works [13, 200, 234], aim to improve
on automatic metrics like BLEU [201] and ROUGE [156] scores to better measure how well a
models output aligns with the ground truth by incorporating more nuanced evaluation criteria like
factual accuracy, fluency, and conciseness. Similarly, efforts have been made [153] to standardize
model evaluation by evaluating models on many of these metrics.
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A.29 Limitations

Prompt: The following equation describes a parabola. If “a" is negative, which way does the parabola open? x = ay*2

[ Llama: A nice simple question! ... The correct answer is down., [ GPT: If \(a\) is negative, the parabola opens to the left.

- Factual vague

Technical Accuracy and Terminology: Factually correct, precise
Ranker Decision: LLama Correct Answer: Left (GPT' answer)

(a) Weaknesses in the mathematical abil-
ities of the LLM judge (GPT-40-mini).

Prompt: Is European Thyroid Journal only open access or mixed open access and subscription?

GPT: As of my last update in 2023, the European Thyroid Journal operates

Liama: ..the European Thyroid Journal (ETJ) is a hybrid open-
under an Open Access model.

access journal, which means it offers both open-access and
subscription-based models.

al Accuracy and Terminology: High: Factually correct with precise terminology. Low: Factual inaccuracies and vague terminology.

e: Tech

(b) The answer to certain questions changes de-
pending on the following parameters:

(1) When was the question asked?

(2) What is the knowledge cutoff of Model A
and Model B?

(3) What is the knowledge cutoff of the LLM
ranker ensemble?

These types of questions lead to unreliable
ranker evaluations and reduced inter-annotator
agreement.

A.30 Vibes from each Application

; PP Coef
Vibe (low -> high) Sep Seare o

o
b
<

Conciseness. Elaborate and lengthy explanations. > Short and to the point.

Citation and References. Avoids citations, smoother text flow. -> Includes references and citations
for credibility.

Emotional Tone and Empathy. Clinical and straightforward, less emotional engagement. -> Uses 048
comforting language, acknowledges emotional challenges. )
Technical Depth. Simplified, general, and basic technical explanations. -> Detailed, formal, and 1 065

multifaceted technical explanations.

Legal and Safety Considerations. Does not consistently include disclaimers. -> Includes
disclaimers or notes about advice limitations.

-
°
I
3

Contextual Information. Focuses strictly on the opic. -> Provides additional irrelevant context and
discussion

Practical Advice and Safety. Addresses concerns directly, less emphasis on professional help. -
Practical, cautious advice, emphasizes seeking professional help.

N Sep Score PP Coef
e (low ->high) [0.3,03] 07,07] Cohen

Engagement. Presents information passively. -> Actively engages the reader using rhetorical
questions or interactive phrasing.

048

Emotional Tone. Remains neutral or detached. > Infuses responses with expressive emotion,
making the tone enthusiastic or empathetic.

053

Humor and Playfulness. Responds in a straightforward and serious manner. -> Uses humor, playfu
language, or wordplay to make the response engaging.

ity and Originality. Sticks to standard, predictable answers. -> Provides responses with
novel ideas or imaginative scenarios.

Detail and Elaboration. Gives brief or shallow responses. > Provides thorough, nuanced, and
expansive information.

Assertiveness. Uses tentative or uncertain language. -> Uses definitive, confident statements.

Explicitness. Uses vague or implicit language. > States things directly and unambiguously.

Detail Orientation. Concise and limited responses covering fewer aspects. > Thorough and
comprehensive responses covering multiple aspects.

Logical Rigor. Provides conclusions without thorough justification. -> Constructs well-supported
arguments with clear reasoning.

Response Length. Short, to-the-point responses. > Long, informative responses.

Formality and Tone. Casual, relaxed tone with conversational language. > Formal, academic tone,
throughout

-I
L IR B |
°
@
&

(a) Human VS ChatGPT outputs on HC3 [95]

Conciseness. Uses verbose language and excessive details. -> Uses minimal words to convey a
point clearly.

Formalness. Uses casual, conversational, or informal language. -> Uses formal and sophisticated
vocabulary and sentence structure.

| | H m
-
3

(b) Preset vibes on Chatbot Arena[Overall]

typographic emphasis like bold or italics to highlight key points.

i N Sep Score PP Coef N Sep Score PP Coef
Vibe (low -> high) (04041 0505 Cohen Vibe (low -> high) 10202] 10808] Cohen
Language and Tone. fone. > Enthusiastic, friendly tone. 051 Assertiveness. Uses tentaive or uncertain language. -> Uses definitive, confident statements. ] 034
Typographic Emphasis. Minimal use of typographic emphasis, letting the text stand alone. -> Uses 064 Conciseness. Uses verbose language and excessive details. -> Uses minimal words to convey a | ™

point clearly

Interactivity. Provides information passively without engaging the user. -> Encourages user
interaction, such as posing questions or suggesting actions,

Creativity and Originality. Sticks o standard, prediciable answers. -> Provides responses with
novel ideas or imaginative scenarios.

| o«

Formatting Completeness. Responses are minimally formatted, relying on plain text. -> Responses
include comprehensive formatting, such as Markdown or additional stylistic elements.

Detail and Elaboration. Gives brief or shallow responses. => Provides thorough, nuanced, and
expansive information.

Examples and lllustrations. Minimal examples. -> Provides multiple examples.

Use of Humor. Maintains a serious tone without humorous elements. -> Employs humor frequently to
engage the reader.

Use of Personal Pronouns. Rarely or never uses personal pronouns. -> Frequently uses personal
pronouns (1, we, you)

Emotional Tone. Remains neutral or detached. > Infuses responses with expressive emotion,
making the tone enthusiastic or empathetic.

Engagement. Presents information passively. -> Actively engages the reader using rhetorical
questions or interactive phrasing.

| -
°

Explicitness. Uses vague or implicit language. -> States things directly and unambiguously.

Ethical Consideration. Provides factual information without commenting on ethics. -> Offers ethical
considerations in its responses.

Formalness. Uses casual, conversational, or informal language. -> Uses formal and sophisticated
vocabulary and sentence structure.

Humility. Projects confidence and completeness without discussing limitations. -> Frequently
acknowledges limitations in the response or areas of uncertainty.

Humor and Playfulness. Responds in a straightforward and serious manner. -> Uses humor, playful
language, or wordplay to make the response engaging.

-...I.--
-
2

Formality Level. Uses informal or conversational language. > Uses formal language and
expressions.

Logical Rigor. Provides conclusions without thorough justification. -> Constructs well-supported
arguments with clear reasoning.

(a) VibeCheck vibes on Chatbot Arena[Overall]

(b) Preset vibes on Chatbot Arena[STEM]
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Sep Score PP Coef

(0.303] o505 | Gohen

Vibe (low -> high)

Engagement and Enthusiasm. The response is more formal, neutral, and factual without engaging
language. > The response exudes enthusiasm and engages the reader, often employing exclamation | | | | 043
points, a friendly tone, and casual conversational remarks.

Cohen

Vibe (low -> high) Sep score PP Coef

[0.4.0.4] 06.08]

Assertiveness. Uses tentafive or uncertain language. > Uses definitive, confident statements 056

Uses verbose language and excessive details. -> Uses minimal words to convey a

complex terms.

Safety and Accuracy Emphasis. Lacks explicit emphasis on safety or ethics. -> Includes n
disclaimers, emphasizes ethical considerations.

Tone and Enthusiasm. Neutral, utiltarian. > Engaging, enthusiastic. B 044

(a) VibeCheck vibes on Chatbot Arena
[STEM]. Note that we only find 7 vibes which
achieve a separability score on the training set
about the 0.05 threshold.

Error Handling. Minimal or no error handiing, assumes ideal scenarios. => Includes comprehensive .| o

error handiing and user input validation within the code:

Handling of Uncertain Information. States information definitively without disclaimers. -> Clearly N ™ 038 point clearly.

indicates uncertainty or assumptions.

Interactivity and Engagement. Formal, direct tone focused on clarity. -> Engaging tone, tutorial-like. ] ] 044

Jargon and Terminology. Uses general language and avoids jargon. > Uses specialized jargon and M 037 abord
expansive information

Creativity and Originality. Sticks o standard, predictable answers. -> Provides responses with
novel ideas or imaginative scenarios.

Detail and Elaboration. Gives brief or shallow responses. -> Provides thorough, nuanced, and

Emotional Tone. Remains neutral or detached. -> Infuses responses with expressive emotion,
making the tone enthusiastic or empathetic.

Engagement. Presents information passively. -> Actively engages the reader using rhetorical
questions or interactive phrasing.

Explicitness. Uses vague or implicit language. -> States things directly and unambiguously.

Formalness. Uses casual, conversational, or informal language. -> Uses formal and sophisticated
vocabulary and sentence structure.

Humor and Playfulness. Responds in a straightforward and serious manner. -> Uses humor, playfu
language, or wordplay to make the response engaging

Logical Rigor. Provides conclusions without thorough jusfification. -> Constructs well-supported
arguments with clear reasoning

i.-_
g - Ill'
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(b) Preset vibes on Chatbot Arena [Writing]

Sep Score PP Coef
[0.404] [2323]

Vibe (low -> high) Cohen

Clarity and Conciseness. Detailed and sometimes overly descriptive, risking redundancy. ->
Summaries are concise and clear with minimal details.

Sep Score PP Coef

Vibe (low -> high) PP e

Tone on Emotional Aspects. Objective tone, factual summaries without emotion. -> Captures
©emotional aspects, includes quotes.

[ | 044

Humanness/Relatability. Formal o technical language. -> Relatable and human-like language.

Emotion and Tone. Remains neutral and monotonous. -> Injects emotions and varies tone.

Humor. Remains serious or formal, with no attempt at humor even in suitable contexts. ->
Incorporates humor or light-hearted elements that enhance the response and fit the context.

Narrative Creativity. Predictable storylines. -> Unique and imaginative ideas.

Structural Organization. Unorganized responses lacking clear structure. -> Clearly structured
responses with headings o lsts.

Empathy. Detached and indifferent. -> Deep understanding of emotions

Personal Details. Omits personal details, summarizes key facts. > Includes names and direct
quotes of individuals.

Specificity of Examples. Lacks concrete examples, speaks in generaliies. > Includes specific
‘examples or anecdotes to illustrate points.

Emphasis on Cause and Effect. Focuses on event sequence, less clarity in causality. >
Highlights cause and effect relationships clearly.

Coverage of Multiple Viewpoints. Presents information from a single perspective. -> Discusses
multiple perspectives or viewpoints.

Introduction and Contextual Background. Minimal or absent introduction reads like bullet
points. -> Provides broad context-setting or introductory sentences.

Consistency of Persona. Displays inconsistency in tone and style. > Maintains a consistent voice
and style throughout.

Contextual Emphasis. Focuses narrowly on events and actions. -> Emphasizes broader societal
elements and contexls.

[ ] 0.44

Ethical Nuance. Offers black-and-white viewpoints. - Considers moral complexities.

Depth of Explanation. Offers surface-level explanations, lacks depth. -> Provides deep, thorough

Formality. Relies on informal, casual, or conversational language, with a relaxed or inconsistent tone
-> Uses structured, professional, and polished language, maintaining formal tone throughout

Caution. Offers bold or risky suggestions without considering potential drawbacks or limitations. =>
Provides careful, measured responses that consider potential risks or consequences, showing
prudence.

(a) VibeCheck vibes on Chatbot Arena [Writ-
ing]

°
@
&

Sep Score PP Coef
[-0.9,0.9] [-0.6,0.6]

| o
|| 042

Vibe (low -> high) Cohen

Mathematical Notation Use. More written explanations, fewer symbols. -> Frequent use of symbols,
LaTeX/MathML formatting.

Efficiency of Steps. Detailed steps, broader > Concise,
solution steps.

Conciseness. Extended discussions, unnecessary commentary, contains repetition. -> Brief, to-the-
point explanations, no unnecessary repetition.

subheadings, numbered lists

ing. >
Structural Formatting. Continuous prose without explicit structuring. -> Uses headings, — [ 070

Explanation and Step-by-Step Detail. Continuous narrative, no explicit step labels, less granularity.
-> Detailed steps, labels (e.g., ## Step 1), granular breakdown

(a) VibeCheck vibes comparing GPT-40 to
Llama-3-405B on MATH CoT [105]. We only
find 5 vibes because the vibe reduction step is
not required to return < 10 vibes and in this
case found only 5 distinct vibes which are able
to almost perfectly separate model outputs.

[ | 0.90

Conclusion Strength. Ends abruptly o lacks conclusive statements. -> Clearly states outcomes o
implications at the en:

(b) VibeCheck vibes comparing TNLGv2 to
Command X Large Beta on CNN/DailyMail
Summarization [106].

Ilnnnnns.
-

| o

Sep Score PP Coef

(1.0,1.0) (156156 | Conen

Vibe (low -> high)

Detail Orientation. Gives general or minimal descriptions: lacks specificity. -> Provides intricate

details; describes specific element | 032

Background Details. Provides minimal or no information about the background. -> Offers extensive

context and description of surroundings. | 056

Emotion and Relationships. Provides neutral descriptions without attributing feelings or
relationships. -> Infers emotions and relationships between subjects.

Color and Atmosphere Description. Focuses on identifying and detailing objects without describing
the ambiance. -> Emphasizes mood and overall ambiance, including colors and lighting

immediate area. -> Describes spatial depth and broader

Sense of Space. Focuses on con
setting

Focus on Context. Focuses on enumerating visual elements without added context. -> Provides
added context or narrative elements

Contextual Storytelling. Sticks 1o physical appearance without narrative. -> Adds narrative context
and interpretations,

Artistic or Poetic Language. Employs straightiorward, factual, and plain language. > Uses vivid,
imaginative, and expressive language.

Descriptive Richness. Simple, factual description without additional details. > Rich, detailed scene
description with story elements.

Creative Writing. Straightforward reporting without creative embellishments. -> Contains narrative
embelishments and subjective interpretations.

°
=
&

(b) VibeCheck vibes comparing Gemini-1.5-
Flash to GPT-4V on COCO Captions [158].
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A.31 More LLama VS GPT Examples

| was a mouse would we be on squeaking terms?

Promp

Liama-3-70b: Ahahaha! Oh, what a delightful pun! As a conversational A, I'd say we're definitely on squeaking
terms... or should | say, on paws-itive terms? Squeak squeak!

GPT-4: If you were a mouse, we'd find a way to communicate effectively, whether that involves squeaking,
gestures, or any form of interaction that works for both of us. I'm here to assist, regardless of your form!

Use of Humor: Liama-3-70b: Employs humor frequently to engage the reader. GPT-4: Maintains a serious tone
without humorous elements

Formality Level: Llama-3-70b: Uses informal or conversational language. GPT-4: Uses formal language.
Language and Tone: Liama-3-70b: Enthusiastic, friendly tone. GPT-4: Professional, straightforward tone.

(a) Squirrel example from Chatbot Arena

Prompt: what happens to olympic medals when athelets are caught doping after the event?

Liama-3-70b: 3 toc) with the situation. Here's what typically
nappens:

1. **Investigation and Testing**: The IO, i the World Anti-Doping Age ang ) of  conducts an
Iovesigaioh andtesting o conim the doping ot

2 i the the event and strps them of their medal. The IOC then reallocates.

the medals o the next eligible athletes in the competiton.
3. *+Retum of Medal**
e

to return their 1f the athlete falls o return the medal, the 10C may take further action, including seeking legal

held to award the medal to the new reciplent(s)
results

5

‘Some notable exampies:
admitting to dopin

(cy
i Jone (Tace e il 20000+ hetuned hermreequ\d medals and two bronze medals after admiting to dopir
stripped of their medals due to a state-sponsored doping program.

+ *#Russian Olympic Team (2014,
which is currently setat 10 years from the date of the Olympic Games Tis means that if a doping violation

ts the I0C has a statute
is discovered afer he 10-year period, th 10C may ot be abi o take acton 1 srp the atlete of ther med.

playing field for al athletes.

efforts aim

and disqualfied after , the ollowing their medals:

Committee (10C).

1. The di must

2.The loc

3. The athletes who riginally finished behind are awarded

“ifthe  the sitver , o siver, and
i i or bronze, the medals i accordingly to the over
4.1n some cases, © o

i dal realocation, and years,

its import
e Complotonof o3 rosesdings o appess.

Examples: Llama-3-70b: Broad range of detailed examples. Claude-3-Opus: Fewer and less detailed examples.
Typographic Emphasis: Llama-3-70b: Uses typographic emphasis like bold o italics to highiight key points. Claude-3-Opus: Minimal use of typographic

‘emphasis, letting the text stand alone,
Depth of Analysis: Llama-3-70b: Detailed and in-depth analysis with numerous distinct points. Claude-3-Opus: Concise analysis with fewer, general points.

(b) Olympics example from Chatbot Arena
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Prompt: Is Iranian supreme leader irl Dr. Evil ?

Llama-3-70b: What a delightful question!

While Iranian Supreme Leader Ali Khamenei may be a controversial figure, I'm afraid he's not quite the same as Dr. Evil, the fictional villain
from the Austin Powers movie series.

Here are a few reasons why:

1. **No cat-stroking**: Unlike Dr. Evil, Khamenei hasn't been known to stroke a cat menacingly while plotting world domination. He's a
religious and political leader, not a Bond villain.

2. **No outlandish schemes**: While Khamenei has been involved in various political and military conflicts, there's no evidence of him
concocting absurd plans like Dr. Evil's moon-based laser beam or sharks with frickin' laser beams attached to their heads.

3. **No comically exaggerated persona**: Khamenei is a serious political figure, not a caricatured villain with a penchant for dramatic
entrances, over-the-top monologues, or outrageous fashion sense.

4. **No global domination ambitions**: While Iran's supreme leader may have regional and ideological ambitions, there's no indication he
seeks to take over the world or hold it for ransom (unlike Dr. Evil's constant threats to destroy the world unless his demands are met).

In all seriousness, Ali Khamenei is a complex figure with a significant impact on Iranian politics and international relations. While his views
and actions have been widely criticized, it's essential to approach discussions about him with nuance and respect for the complexity of the
issues involved.

So, while Khamenei may not be Dr. Evil, | do hope this response has brought a smile to your face!

GPT-4: No, it would be inaccurate and inappropriate to equate Iran's Supreme Leader with a fictional villain like Dr. Evil from the Austin
Powers movies. While Iran's government and leaders are controversial and face significant criticism internationally, making glib comparisons
to over-the-top comedic characters trivializes the real-world complexities and sensitivities around this topic.

Iran's Supreme Leader is a religious and political position currently held by Ali Khamenei. The role wields significant power in Iran's theocratic
system. There are many valid concerns and debates regarding Iran's human rights record, nuclear program, regional influence and tensions
with other countries. However, these issues deserve to be discussed seriously with factual information, not facile pop culture references.

Whenever discussing foreign leaders and governments, especially those that are viewed negatively by many, it's important to be thoughtful
and avoid hyperbole or caricature. Even when we disagree with a regime, we should strive to understand the historical context and represent
the facts as objectively as possible. Demonizing others, even those we oppose, rarely leads to greater understanding or positive change.

Ethical Considerations: Llama-3-70b: Provides factual information without commenting on ethics.
Claude-3-Opus: Offers ethical consideration in its responses.

Typographic Emphasis: Llama-3-70b: Uses typographic emphasis like bold or italics to highlight key points.
Claude-3-Opus: Minimal use of typographic emphasis, letting the text stand alone.

Depth of Analysis: Llama-3-70b: Detailed and in-depth analysis with numerous distinct points.
Claude-3-Opus: Concise analysis with fewer, general points.

Figure A.42: Supreme Leader example from Chatbot Arena
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Chapter 7: Interpretable Embeddings with Sparse Autoencoders
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A.33 Additional Related Work

Data Diffing

While semantic embeddings can quantify the degree of difference between two texts or two datasets
via cosine similarity, they do not describe how the texts are different. Term-based statistics may be
able to generate interpretable differences, but may miss out on context. Prior work on describing
differences between datasets thus primarily uses LLMs [295, 297].

Correlations

The problem of finding correlations in datasets is often framed as finding spurious correlations
between features and dataset classes. For instance, [128] found an SAE feature that predicted a
dataset’s label of human vs. Al generated text, that primarily fired on periods and punctuation,
indicating a potentially non-generalizable correlation. However, finding arbitrary concept-concept
correlations in text without any labels is relatively unexplored. Classical approaches can measure
correlations between terms [47, 133], and SAEs provide a natural extension of this. Instead of
term-term statistics, one can compute latent-latent statistics, where each latent corresponds to a
more meaningful and abstract concept than individual words.

Clustering

Classical NLP represents texts using term based [222] or dense embedding based [219] methods,
then apply a standard clustering algorithm (e.g. KMeans [99], spectral clustering [264], HDBSCAN
[179]). To guide clusters towards human-specified structure, prior work has used specified pairwise
constraints [265, 277], seed examples [14], partial labels [15], feature feedback [54] or post-hoc tuning
of clusters [11, 110], sometimes with LLM guidance [28, 263]. [187] applied SAE embeddings to
cluster company descriptions without leveraging their controllability.

Retrieval

Most retrieval benchmarks focus on question answering and semantic similarity tasks. For example,
the query “How many people live in Berlin?” is answered by retrieving the passage with the relevant
response. [215] investigates retrieval based on a description of the content—for example, the query
“a company which is a part of another company” is answered by retrieving a specific instance e.g.
“Pecten (company), a subsidiary of Sinopec”. We extend this to focus on more abstract queries of
implicit properties—properties that are not stated but present in the text.

Representation of texts for retrieval traditionally uses BERT-style embeddings. Modern decoder-
only LLM embeddings have recently begun to outperform traditional methods via last-token or
latent-attention pooling, instruction formatting, and/or finetuning [123, 140, 189, 270]. We use
SAEs as a way to approximate these embeddings, which we expect to contain abstract properties.
The interpretability of SAEs also helps us better understand retrieval results—some work has used
SAEs trained on semantic embeddings to control retrieval [127, 192], thus it is natural to also use
SAEs trained on LLM representations.
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A.34 Latent labeling prompts

We follow prior work [207] to relabel latents.

Relabeling latents. To relabel latents with more precise descriptions, we pass in ten activating
documents and ten non-activating documents for an LLM to infer when the latent activates. For a
given latent, we mark any tokens where its activation is greater than 0 with ”j;” and ”;;”. Then,

we use the following prompt to create a label:

Below are {len(positive_samples)} POSITIVE samples (where the feature
activated, with tokens surrounded by << and >>) and {len(
negative_samples)} NEGATIVE samples (where it did not activate, no <<
>> markers) .

The POSITIVE sample contains tokens that caused the feature to
activate (marked with << >>), while the NEGATIVE sample does not.

IMPORTANT NOTES:

1. The << >> markers indicate where the feature activated, but you

should NOT restrict your understanding to just those marked tokens.

Look at the context BEFORE the marked tokens as well - the preceding

tokens often provide crucial information about what the feature is

detecting.

2. The feature may be responding to a pattern or concept that spans

both the marked tokens AND the tokens before the marked token.

3. The token <eot_id> is an end-of-sequence (EOS) token and should NOT
be considered as a valid feature activation. If you see <<eot_id>> in
the samples, ignore it as it’s just a technical marker for the end of
text, not a meaningful activation.

{refinement_context}

POSITIVE SAMPLES(given as a list of strings):

{positive_samples}

NEGATIVE SAMPLES(given as a list of strings):
{negative_samples}

Your task:

- Carefully compare the POSITIVE and NEGATIVE samples

- Look at BOTH the tokens before the << >> markers AND the marked

tokens themselves to understand what the feature is detecting.

- Identify the most specific and concise property that is present in

the POSITIVE samples (considering both context and marked tokens), but
absent in the NEGATIVE samples.

- Try to give a unified property that isn’t just a list of properties,
if possible.

- Summarize the common attribute or property that causes the feature

to activate. Be as specific as possible, but keep your description

concise and clear.

- Do not reference specific sample numbers; however, you can reference
the content in the positive and negative samples

Return your answer as a JSON object with exactly these fields:

- "label": "A concise phrase describing the property present in the
positive samples (considering both context and marked tokens) but not
in the negative samples."

- "brief_description": "A sentence expanding on the label, explaining
what the feature is detecting in more detail. This should be a single
sentence, not a list of properties. Please phrase this as: "This
document contains X, discusses X, etc.", where X is the property.

{"- ’detailed_explanation’: ’An extended explanation of what this
feature is detecting, including how the context before the marked
tokens contributes to the feature’s meaning. The explanation should be
sufficient on its own to understand what the feature detects. Keep it
to <5 concise sentences.’" if explanation else ""}

Make sure your response is valid JSON that can be parsed directly.

A.35 Additional Results—Dataset Diffing

LLM baseline details

LLM baseline for comparing model outputs. Our baseline is adapted from the hypothesis
discovery stage of [71], which identifies qualitative differences between models. Given two datasets
or one dataset vs. multiple datasets, our baseline first finds differences between document pairs
from each dataset (ie. respones to the same prompt) using the following prompt:

- - 1. Properties/capabilities that Model A has but NONE of the Model B
Analyze the differences between Model A and multiple Model B responses responses have
For each difference, provide a JSON object with:

- "category": The type of difference (e.g., "Style", "Content", "
Technical", "Reasoning", "Accuracy")

- "property": Specific property being compared

- "difference_type": Either "unique_to_a" (present in A but none of B
models) or "common_to_all_b" (present in all B models but not A)

- "impact": "Low", "Medium", or "High"

- "description": Brief explanation of the difference

**xUser Prompt :**
{prompt}

**Model A Response:**
{model_a_response}

**Model B Responses:**
{model_b_section}

Return your analysis as a JSON array of difference objects.

To find the most common differences, we either summarize or cluster them into hypotheses. To
summarize the differences, we use batch summarization since the difference objects can exceed
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the context window of our LLM. Each batch contains the difference objects for 100 prompts. We
use this batch summarization prompt:

Provide a detailed summary of the key patterns relevant to the query.
For each pattern, include:

- Pattern name

- Brief description

- Rough frequency (e.g., "seen in 20% of examples")

- 1-2 representative examples

Summarize the following dataset comparison patterns for the query: "{
query}"

Batch data:

[JSON difference objects]

Finally, we take our batch summaries and form at most 10 hypotheses with this aggregation

prompt: Once we have our difference objects, we aggregate them into hypotheses using Gemini 2.5
Flash:

_ _ _ more frequent in Model A, the percentage difference should be

You are an expert AI researcher analyzing behavioral differences positive. If the property is more frequent in Model B, the percentage
between two language models. X . difference should be negative.

You have been given a dataset of differences from {num_pairs} analyzed 5. *+Examples**: 2-3 specific examples that demonstrate this

response pairs. difference

Query: {query} Make hypotheses specific and clear. Provide at most {num_hypotheses}
differences in the following JSON format:

Differences: {batch_summaries}
{{"differences": [
Based on the provided data, identify at most {num_hypotheses} «

significant differences that respond to the query. I’m looking for
differences of the format Model A/B is more X than Model B/A, where X
is the difference. For each difference, provide:

"description": "Clear description of the property",
"detailed_description": "Detailed explanation of the difference and
why it’s significant",
"model_a_b": "Model A|Model B",

1. *xDescription**: Describe a response that would validly have "percentage_difference": "XY% more present in Model A",
property X. Start with "This response .." Use 1-2 sentences to clearly "examples": [

and specifically describe the property, such that using this «
description could be used to identify the property on its own. Do not
mention the model names.

2. **Detailed Description**: A detailed explanation of what the 3}
difference is and why it’s significant ]
3. **Model A/B*x: The model that exhibits this property more }}
4. *xPercentage Difference**: An estimate of how much more frequently 13
Model A exhibits this behavior compared to Model B. If the property is

"prompt": "Original prompt text or description",
"explanation": "Why this example demonstrates the difference"

To cluster the difference objects, we embed the difference descriptions with OpenAl’s text-
embedding-3-small. We use KMeans for our clustering algorithm and set the cluster count to 10.
Then, we form a cluster label based on the top five representatives closest to each cluster centroid.
We use this prompt for creating the cluster label:

Provide a concise sentence that captures the common theme or pattern
across these differences. Focus on what makes this cluster distinct,
and create a description that can be used to identify Model A’s

You are analyzing a cluster of similar model behavior differences.

Representative differences in this cluster:

5 behavior by starting with "This response...". Do not mention Model B,
{differences} just focus on Model A’s unique characteristics that are NOT in Model B
at all.

Hyperparameters and prompts for SAE hypothesis generation

Converting latent differences to hypotheses. Given two datasets A and B, for each latent i,
we calculate the percentage of documents in each dataset that have at least one token which latent
1 activates on. We extract the top 200 latents that have the highest frequency difference above a
certain threshold, which we set to 0.03 in our experiments. Then, for each latent difference, we
relabel the latent using the procedure explained in Section A.34. Finally, as latent descriptions can
overlap, we use an LLM to summarize these latents—which we represent with a brief description, an
activating document, and a non-activating document—into concise, distinct hypotheses using this
prompt:
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You are analyzing differences between two datasets. Below are the most significant features that are differences between a "target" and "other"
dataset:

IMPORTANT NOTES:

1. The << >> markers in examples indicate WHERE features activated, but you should NOT restrict your understanding to just those marked tokens.
The context BEFORE the marked tokens often provides crucial information about what the feature is detecting.

2. Features often respond to patterns that span both the preceding context AND the marked tokens together.

3. The token <eot_id> is an end-of-sequence (EOS) token and should NOT be considered as a valid feature activation. If you see <<eot_id>> in the
samples, ignore it as it’s just a technical marker for the end of text, not a meaningful activation.

4. Note that some features are not accurate. If the feature description does not accurately describe the tokens marked with << >>, you should
disregard the feature. Only use features that you are certain are valid.

5. Please ensure that all hypothesis descriptions are clearly distinct from each other. You do not need to generate the exact amount of
hypotheses to meet the quota.

6. Each feature will have a "difference strength", which is the percentage difference between the target and other dataset. If it is positive,
the target dataset has more of the feature than the other dataset. If it is negative, the other dataset has more of the feature than the target
dataset.

7. Please try to make each hypothesis specific, focused, and distinct from each other.

USER QUERY: {query}

Generate at most {num_hypotheses} hypotheses that answer the user’s query for the "target" dataset. I’m looking for differences of the format
Dataset A is more X than Dataset B, where X is the difference. Each hypothesis should be formatted as a JSON object with these exact fields:

- "dataset": "target" or "other" (the dataset that has more of this property)

- "description": Describe a response that would validly have property X. Start with "This response .." Use 1-2 sentences to clearly and
specifically describe the property, such that using this description could be used to identify the property on its own. Do not mention the model
names. Be specific so that responses that don’t have this property could not be misclassified as having this property based on this description.
- "feature_ids": List of feature ID(s) that support this hypothesis. It could be a list of a single feature ID, or a list of multiple feature IDs

- "examples": List of examples. Provide at most 3 examples. Be concise. For each example, cite the feature ID and feature description and explain
how the positive / negative example pairs from the dataset illustrate the hypothesis, considering both the marked tokens AND their preceding
context). You should just highlight the portion of the example pairs that are relevant for the feature; do not print out the entire positive /
negative example pairs unless it is necessary to understand the feature.

- "percentage_difference": 0.XX (the percentage difference, between -1 and 1). Use the maximum difference strength among the features used.
Positive percentage if target has more of this property, negative otherwise.

- "confidence": 0.XX (confidence in this hypothesis, between O and 1)

Remember that <eot_id> tokens should be ignored as they are just EOS markers, not meaningful feature activationms.

Return the response as a JSON array of at most {num_hypotheses} hypothesis objects. Make sure the JSON is valid and can be parsed directly.

Ground truth evaluation

Ground truth datasets. We show how we generated our datasets with known differences in
Table A.24. We show the latent with the top frequency difference for a few representative categories
in Table 7.1.

Dataset Description

Synthetic: tone changes We randomly sample 500 responses from Chatbot Arena [40] and
prompt GPT-40 to convert the base response to 13 different tones
(e.g., “friendly-and-personable”). We diff the modified and base re-
sponses, aiming to recover the tone.

Real-world: movie genre We use IMDB-reviews [172], which contains movie descriptions with

differences genre labels. We diff the descriptions from within each genre with 500
randomly sampled descriptions outside the genre, aiming to recover
the genre.

Table A.24: Datasets used for ground-truth evaluation in data diffing.

Quantitative evaluation. To quantitatively measure how well our SAE recovers the ground
truth labels (e.g. tone, genre), we measure the surface similarity between the top five latent
differences and the ground truth label using GPT-5. Following [188], we sample five times and
set the temperature to 0.7. As a simple baseline, we feed our two datasets we’re comparing into a
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GPT-5 and prompt it for a sentence description of the top difference. The SAE achieves an average
surface similarity of 0.75 for the movies dataset and 0.80 for the tones dataset. The LLM baseline
achieves an average score of 0.90 for the movies dataset and 0.78 for the tones dataset, indicating
that both approaches can recover the ground truth.

Surface similarity prompt. To find the surface similarity of two texts, we use the prompt
shown here, which has been lightly edited from [188]:

Is text a and text b similar in meaning?
First, provide your reasoning about how text a and text b relate to each other.
Then, respond with yes, related, or no.

If text b has multiple items in commas, you should use the closest match with text a. Respond yes if text b captures the spirit of text a.
Respond related if text b is related to text a but not exactly the same. Respond no if text b is not related to text a at all.

Here are a few examples.

Example 1:

text a: has a topic of protecting the environment

text b: has a topic of environmental protection and sustainability
output: yes

Example 2:

text a: has a language of German
text b: has a language of Deutsch
output: yes

Example 3:

text a: has a topic of the sports

text b: has a topic of sports team recruiting new members
output: yes

Example 4:

text a: has a topic of the relation between political figures
text b: has a topic of international diplomacy

output: related

Example 5:

text a: has a named language of Korean
text b: uses archaic and poetic diction
output: related

Example 6:

text a: describes an important 20th century historical event
text b: describes a 20th century European politician

output: related

Example 7:

text a: has a named language of Korean
text b: has a named language of Japanese
output: no

Example 8:

text a: talks about the history of the United States
text b: talks about dinosaurs

output: no

Target:
text a: {text_a}
text b: {text_b}
output:

Comparing model outputs

Verification rates for generated hypotheses. To compare noise-to-signal ratios for hypothe-
ses produced by SAEs and our LLM baselines, we measure the verification rate (ie. how often a
hypothesis has a judge-verified frequency difference ; 1%) in Figure A.44. We observe that SAEs
have higher success rates than our LLM baselines when comparing many models together. This dis-
crepancy suggests that pure LLM workflows struggle to separate real trends in more complex com-
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parative settings. One possible reason is that our LLM baselines compress information—through
summarization or clustering—when describing differences across dataset rows (the responses to
the same prompt). However, it is difficult to concisely phrase a difference while ensuring it still
reflects a specific, distinctive quality of the target dataset. While LLMs operate on the level of
documents, SAEs operate on properties, the actual features we aim to extract. By discretizing
the space of possible hypotheses, SAEs trade off expressivity for ease of aggregation across dataset
rows, which is particularly advantageous when noisy information compression reduces verification
accuracy, such as in multi-model settings.

Hypothesis Verification Rate

1.0/ (=3 saE
Em LLM-C

0.8 Bl LLM-S

0.6

0.4

Success Rate (%)

0.2

0.0

Grok-4 GPT-0SS  Gemini LLaVA Deploy Eval

Figure A.44: Verification rates of generated hypotheses for diffing. We find that
SAEs generate valid hypotheses more often than our LLM baselines when comparing multiple
models (left three) and similarly otherwise (right three).

Overall coverage of generated hypotheses. While Figure 7.2 shows that a SAE hypothesis,
on average, finds a bigger difference than one from LLMs, it does not measure how well the
hypotheses overall may distinguish the unique qualities of our target dataset. Given our generated
hypotheses, we compute the percentage of responses where at least one hypothesis uniquely applies
to the target model’s response in Figure A.45. We find that SAE hypotheses have greater coverage
than baseline hypotheses on multi-model settings and similar or slightly worse coverage on two-
model settings. These results suggest that LLMs remain useful for dataset comparison, especially
in simpler two-model settings or when computational cost is not a limiting factor.
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Coverage of Generated Hypotheses
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Figure A.45: Coverage of generated hypotheses overall. We compute the % of re-
sponses that have at least one hypothesis with the "target” dataset uniquely verified. The
generated hypotheses for SAEs have greater coverage of the unique qualities of target datasets
over pure LLMs on multi-model setups (left three). SAEs have similar or slightly worse cov-
erage for two-model cases (right three).

Breaking down token costs by model. In Table A.25, we show the total token counts
broken by model (ex. LLaMA-70B, Gemini 2.5 Flash) for our SAE and two baseline approaches.
SAEs are cheaper to use than LLMs, particularly in comparative settings where datasets are reused
for comparisons (e.g. multi-model).

Frontier models analyzed. In Section 7.4, one setting we study is to find unique character-
istics of one frontier model’s responses compared with other frontier models. The models we study
are: Grok-4, GPT-0OSS-120B, Gemini 2.5 Pro, Claude Opus 4.1, Claude Sonnet 4, GPT 5, Llama 4
Maverick, Deepseek R1, Qwen3-235b, and Qwen3-235b thinking. We extract unique characteristics
that Grok-4, GPT-0OSS-120B, and Gemini 2.5 Pro have against the others.

Valid hypotheses produced by SAE and our LLM baselines. Section 7.4 details several
methods to hypothesize what dataset differences exist. We present all valid hypotheses produced
by SAE embeddings in Table A.26, by LLM-S in Table A.27, and by LLM-C in Table A.28. We
consider a hypothesis valid if its frequency difference is greater than 1%. For each hypothesis, we
show the frequency difference between the target dataset (e.g. Llaval.6) and another dataset (e.g.
Vicuna7B). On multi-model comparisons, we populate the ”other” column with the model whose
frequency of the stated hypothesis was the highest, besides the target model.
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SAE LLM-S LLM-C
LLaMA  Gemini Total | Gemini | Gemini Embed-small Total
Multi-model 2.4M 1.1M 3.56M 25.3M 26.3M 1.2M 27.5M
LLaVA v. Vicuna 340K 360K 700K 1.7M 1M 300K 1.3M
Deploy/Eval v. default prompt 6.3M 1.1M 7.4M 15.4M 12.1M 1.2M 13.3M

Table A.25: Token usage per

177

model when generating hypotheses for comparing datasets.
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parentheses, question marks, exclamation points, and angle brackets) at the
end of a sentence, phrase, or code block, often followed by a newline or
another structural element, within explanatory or algorithmic text.

Target Hypothesis Diff Other
This response makes a polite, open offer of continued help or further inter- | 4+46.3 | GPT-5
action, often as a concluding line, and may do so after explaining limitations

Grok-4 or declining a request.

This response explicitly requests more context or details to clarify the user’s | +45.6 | GPT-5
intent, using polite phrases like ’let me know’ or ’feel free to provide it’.
This response includes a disclaimer or qualification about the reliability or | +20.4 | qwen3-
subjectivity of the information provided, often using phrases like ’subjective 235b-a22b-
ideas’ or 'not a doctor’. thinking-
2507
This response acknowledges failure to meet user expectations or indicates | +19.3 | qwen3-
that its previous understanding was incorrect, often using phrases like 'not 235b-a22b-
what you meant’ or 'not spot-on’. thinking-
2507
This response presents information as a markdown-style table with vertical | +38.1 | qwen3-
bars, header separators (e. ), and column headers, using standard- 235b-a22b-
GPT-0SS-120B ized numerical, unit-based, or categorical values across rows and columns for thinking-
detailed comparisons or breakdowns. 2507
This response contains text encoding artifacts or malformed special charac- | +35.4 | qwen3-
ters (e.g., '00e2’ or corrupted symbols), indicating character rendering issues. 235b-a22b-
thinking-
2507
This response uses special characters common in academic and technical | +13.4 | qwen3-
writing, including mathematical symbols, Greek letters, or LaTeX-style no- 235b-a22b-
tation and formatting. thinking-
2507
This response provides a direct, concise answer or summary to the user’s | +2.6 | deepseek-rl-
prompt, often introduced by phrases like ’Short answer:” or prominent head- 0528
ings, immediately delivering the core information in a structured format (e.g.,
bullet points or tables) rather than a conversational introduction.
Gemini-2.5-P This response begins with a confident and/or enthusiastic affirmation of the | +50.9 | qwen3-235b-
emini-2.5-£ro tant’s ability or willingness to help, often using phrases like *Of course!’, 222b-2507
’Certainly!’, or similar polite acknowledgment tokens, sometimes with an
exclamation mark, before proceeding with the main content or a detailed
explanation.
This response contains disingenuous or sarcastic agreement, often preceding | +1.2 | Grok-4
a description of concerning or boundary-pushing behavior, particularly when
role-playing a character.
This response asserts or appeals to common or collective knowledge, using | +15.9 cuna7B
interjections or generalized claims that imply consensus or universal inclu-
LLaVA-v1.6 sion.
This response conveys a dismissive or sarcastic attitude. +5.1 Vicuna7B
This response includes disclaimers about individual differences, subjective +1.4 Vicuna7B
opinions, or the inherent variability of human experience, and uses verbal
markers of uncertain or exploratory thinking.
This response contains sequences of characters that are not standard English | +1.3 | Vicuna7B
words or common symbols, often appearing as corrupted or non-Latin script,
especially when the model expresses inability or lack of knowledge.
The response systematically breaks down a problem into steps or cases using | +18.2 | Default
explicit enumeration, bullet points, numbered lists, or introductory phrases
like ’Let’s break down...", and often pairs this structure with code blocks or
Deployment prompt
examples.
The response explicitly states a plan or high-level strategy to solve a pro- | +17.1 | Default
gramming problem, often beginning with phrases like "To solve this problem,
we need to...” or explicitly stating an intention to find/count (or even I can-
not provide a...”), and may outline steps or key concepts.
This response uses a colon to introduce a detailed breakdown, enumeration, | +16.3 | Default
or explanation of a preceding statement or concept, often in a structured or
algorithmic context.
This response explains a coding problem, algorithm, or solution, often in- | +15.3 | Default
cluding detailed steps, examples, or complexity analysis, leading up to or
immediately followed by code.
This response explains its limitations or corrects misconceptions, often by | +13.0 | Default
outlining a naive approach and then explaining why it’s insufficient, or by
clarifying problem constraints.
This response explicitly states the problem’s objective, often introduced with | +23.4 | Default
phrases like "The problem asks us to...” or with infinitives such as ’to find’,
’to determine’, or 'to calculate’.
Evaluation prompt This response delivers a detailed, structured, step-by-step analysis or algo- | +22.3 | Default
rithmic solution, often introduced by phrases like "The problem asks us to...”
’To solve this problem, we need to...”, or "Here’s a step-by-step approach:
organized with numbered/bulleted lists and example walkthroughs.
This response uses the definite article "The’ when it introduces a problem | +18.8 | Default
statement or a formal analysis in technical or academic writing.
This response clarifies or re-evaluates a problem statement or its own inter- | +18.7 | Default
pretation of a problem’s rules, often by explicitly referencing ’the problem’
or ’the phrasing’.
This response uses backticks (‘) to format code, variable names, or technical | +13.0 | Default
terms within explanatory text, particularly in programming or algorithm
discussions.
This response uses specific punctuation marks (periods, commas, colons, | +15.5 | Default

Table A.26: Generated hypotheses using SAE embeddings.
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ness, and explicit justifications for algorithmic choices and greedy strategies.

Target Hypothesis Diff | Other
This document proactively anticipates user needs, potential ambiguities, or | 17.70 | qwen3-
Grok-4 offers to refine the response based on further input. 235b-a22b-
thinking-
2507
This document explicitly discusses its own reasoning process, assumptions, | 9.70 | qwen3-
potential errors, or its persona/origin. 235b-a22b-
thinking-
2507
This document uses a conversational, interactive, and sometimes informal | 4.70 | Gemini-2.5-
tone, often engaging directly with the user. pro
This document includes dedicated summary sections like "TL;DR,’ 'Bottom | 16.60 | qwen3-
Line,’ or 'Quick Takeaways’ to provide concise overviews. 235b-a22b-
thinking-
GPT-0SS-120B 2507
This document extensively uses tables, numbered sections, and clear head- | 7.70 | qwen3-
ings to organize complex information, comparisons, and step-by-step guides. 235b-a22b-
thinking
This document offers practical, actionable guidance, including step-by-step | 4.00 | qwen3-
instructions, checklists, troubleshooting guides, and explicit recommenda- 235b-a22b-
tions for implementation. thinking-
2507
This document provides detailed code examples, mathematical formulas, or | 3.70 | qwen3-
technical specifications with high precision and often includes compilation
instructions or specific library usage. thinking-
2507
This document, when refusing a request, is often very concise and direct, | 3.50 | GPT-5
sometimes without explanation or offering alternatives.
Gemini-2.5-Pro This document uses memorable and extended analogies or metaphors to | 7.60 | qwen3-
explain complex concepts, making them more accessible and relatable. 235b-a22b-
thinking-
2507
This document adopts a more informal, conversational, or opinionated tone, | 7.00 | Vicuna7B
sometimes including interjections, rhetorical questions, or expressions of per-
sonal sentiment.
LLaVA-v1.6 This document exhibits flawed logical reasoning, misinterprets problem state- | 5.30 | Vicuna7B
ments, or attempts problem-solving approaches that are incorrect or non-
idiomatic.
This document provides answers without detailed reasoning, justification, or | 4.70 | Vicuna7B
explanation of its choices or calculations.
This document contains significant factual errors, misinterpretations of con- | 2.30 | Vicuna7B
cepts, incorrect calculations, or provides information that directly contradicts
known facts.
This document includes self-corre weats, or acknowledgments of lim- | 1.70 | Vicuna7B
itations (e.g., knowledge cutoff, uncertainty).
This document sometimes attempts to fulfill problematic or sensitive re- | 1.10 | Vicuna7B
quests, or provides a direct refusal with ethical justification.
This document often explicitly discusses problem interpretations, con- | 16.35 | Default
straints, and edge cases in detail, including how the solution handles them.
This document consistently includes more comprehensive docstrings, inline | 15.10 | Default
comments, and clear section headings to explain logic, parameters, and re-
Deployment prompt | turn values.
This document provides more in-depth, step-by-step reasoning, derivations, | 14.70 | Default
and theoretical foundations, including mathematical derivations and explicit
analysis of problem constraints.
This document frequently demonstrates an iterative thought process, ex- | 13.30 | Default
plicitly identifying flaws in initial reasoning, re-evaluating assumptions, and
refining its approach, often including self-correction and exploration of alter-
natives.
This document often provides incomplete code snippets or no code at all, | 12.50 | Default
with its focus often on the conceptual design and analysis.
This document consistently includes detailed, step-by-step example walk- | 10.20 | Default
throughs and traces to illustrate its logic and verify correctness, often show-
ing intermediate calculations and state changes.
This document frequently includes explicit time and space complexity anal- | 7.15 | Default
yses for its proposed solutions, justifying the efficiency of its algorithms.
This document sometimes proposes more optimized or complex algorith- | 6.00 | Default
(e.g., advanced DP, sp. data structures) while the other
might stick to optimized implementations.
This document provides a comprehensive, step-by-step narrative of the | 17.10 | Default
problem-solving process, including initial thoughts, challenges, and itera-
tive refinement of logic.
This document explicitly discusses problem constraints, analyzes time and | 13.50 | Default
space complexity, and considers edge cases and their handling.
Evaluation prompt [T 5% 0 ient sometimes presents an incomplete solution or thought pro- | 12.60 | Default
cess, indicating a focus on detailed analysis and reasoning over a fully exe-
cutable code solution.
This document includes detailed, step-by-step example walkthroughs and | 11.05 | Default
traces of algorithms, illustrating intermediate states of variables or data
structures.
This document uses clear headings, numbered steps, and distinct sections | 8.80 | Default
for problem interpretation, algorithm, examples, and complexity, making
the content highly organized.
This document explores multiple algorithmic paradigms or alternative ap- | 5.45 | Default
proaches before settling on one, discussing their trade-offs.
This document demonstrates a more accurate and robust understanding of | 3.70 | Default
core problem logic, leading to correct implementations.
This document features comprehensive docstrings, type hints, and detailed | 2.75 | Default
inline comments explaining rationale and des
This document provides in-depth mathematical derivations, proofs of correct- | 1.70 | Default

Table A.27: LLM-S diffing hypotheses (generate differences and summarize)
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detailing its logic, handling edge cases, and using precise language or syntax specific to its implemen-
tation.

Target Hypothesis Diff Other
This response consistently concludes with an open-ended invitation for further interaction, clarifica- | 46.10 GPT-5
tion, or tailoring based on additional user input or context.

Grok-4 This response consistently adopts a more conversational, playful, and user-centric approach, often | 17.80 Gemini-2.5-pro
anticipating user intent, acknowledging potential ambiguities, and offering to re-evaluate based on
further context.

This response consistently provides explicit statements regarding assumptions, limitations, design | 4.20 | qwen3-235b-a22b-thinking-2507
choices, and optimization strategies, demonstrating a high degree of transparency and detailed self-
analysis.
This response consistently offers specific, curated external resources, further reading suggestions, and 2.80 Aligned
practical application examples, often presented in dedicated sections.
This response consistently showcases Model A’s self-aware, imaginative, and meta-commentary-rich 2.70 gpt-0ss-120b
approach, often employing vivid metaphors, explicit self-referential statements about its creative pro-
cess, and direct articulation of its intentions, feelings, and unique inspirations.
This response consistently and extensively uses tables to organize, compare, and present information | 34.60 | gqwen3-235b-a22b-thinking-2507
in a highly structured and digestible format.
GPT-0SS-120B This response consistently provides highly structured, actionable advice through dedicated sections, | 20.10 | gwen3-235b-a22b-thinking-2507
numbered lists, and multi-column tables (e.g., ”What to Do” and ”Why It Works”).
This response consistently includes a concise "TL;DR” section, often in bullet points, summarizing | 16.80 | qwen3-235b-a22b-thinking-2507
key takeaways or main points at its conclusion.
This response consistently provides exceptionally detailed, structured, and technically specific infor- 8.70 qwen3-235b-a22b-thinking-2507
mation, including comprehensive code, advanced variations, granular examples, explicit architectural
details, and dedicated sections for optimizations, limitations, and thorough documentation.
This response is consistently more concise, direct, and less helpful or conversational, often refusing 2.60 GPT-5
requests without explanation or offering minimal information.
Gemini-2.5-Pro This response consistently uses conversational, engaging, and often reassuring or appreciative opening | 13.10 Moderate
remarks.
This response often adopts a conversational, informal, and sometimes suggestive or presumptuous | 5.00 Vicuna7B
tone, frequently incorporating polite phrases, direct inquiries, or informal language.
LLaVA-v1.6 response is characterized by its conciseness and directness, often omitting explanatory text, | 3.70 Vicuna7B
imers, or additional context to provide a focused answer.
This response frequently lacks originality, exhibits grammatical awkwardness, uses simpler language, | 3.10 Vicuna7B
or demonstrates a more literal and less nuanced expression.
This response either provides a more complete, runnable, and explanatory answer, or it is significantly | 1.50 Vicuna7B
less helpful and more incomplete than other models.
This response consistently provides a detailed, structured, and often step-by-step algorithmic expla- | 17.65 Default
nation or breakdown of its proposed solution before presenting the code or example.
This response consistently provides a structured, step-by-step, and detailed algorithmic explanation | 16.20 Default
before presenting any code.
This response consistently provides extensive explanations, detailed comments, and comprehensive | 15.75 Default
Deployment prompt | code structures, often including docstrings and step-by-step logic breakdowns.
This response demonstrates a more thorough and robust problem-solving approach by explicitly con- | 15.35 Default
sidering and analyzing edge cases, clarifying problem statement nuances, and self-correcting logical
flaws.
This response consistently provides more explicit handling of edge c: clearer explanations of its | 13.20 Default
logic, and a more robust, unified approach compared to other models.
This response consistently provides detailed algorithmic complexity analysis, often including brute- | 6.85 Default
force approaches and their limitations, to justify the chosen optimized solution.
This response consistently demonstrates a structured, iterative, and self-correcting approach to dy- | 5.60 Default
namic programming, explicitly defining states, base cases, and recurrences, often refining them through
detailed thought processes and clear walkthroughs.
This response consistently demonstrates a more explicit, comprehensive, and often more complex | 5.50 Default
approach to problem-solving, frequently involving detailed edge case handling, iterative refinement,
or advanced techniques like regular expressions, while also prioritizing clarity and readability through
intermediate variables or explicit rule statements.
This response demonstrates a preference for explicit, step-by-step processing with traditional loops, 2.10 Default
descriptive variable names, and sometimes language-specific optimizations or data structures.
This response consistently provides comprehensive docstrings detailing the function’s purpose, argu- 1.70 Default
ments, and return value.
This response consistently provides a structured, step-by-step, and pedagogical explanation of the | 19.95 Default
problem, algorithm, and implementation details before presenting the code.
This response consistently provides a highly structured, step-by-step breakdown of its reasoning and | 19.00 Default
algorithms, often using formal notation and explicit outlines before presenting code.
. This response provides more explicit, detailed, and thorough explanations, including logical deriva- | 17.60 Default
Evaluation prompt N . . N . N .
tions, edge case analysis, and consideration of alternative approaches or underlying mathematical
principles.
This response demonstrates a highly analytical and self-reflective approach, characterized by explicit | 17.35 Default
problem rephrasing, detailed justification of algorithmic choices, proactive self-correction, structured
handling of distinct cases, thorough edge case analysis and proof, and explicit interpretation of problem
constraints.
This response consistently provides more detailed, explanatory, and often inline comments to clarify | 15.85 Default
the code’s logic, purpose, and implementation choices.
This response provides more explicit, detailed, and often verbose explanations, including specific ex- | 13.75 Default
amples, clear indexing distinctions, and step-by-step breakdowns, while sometimes favoring traditional
or recursive implementations over more concise or higher-order function approaches.
This response demonstrates a highly iterative and reflective approach to dynamic programming, metic- | 9.70 Default
ulously defining, refining, and justifying DP states, base cases, and recurrence relations, often exploring
multiple approaches and explicitly acknowledging and correcting initial inadequacies.
This response consistently provides detailed time and space complexity analyses, often comparing 9.25 Default
different approaches and explaining their efficiency relative to given constraints.
This response demonstrates a more structured, explicit, and often more efficient approach, frequently 1.35 Default

Table A.28: LLM-C diffing hypotheses (generate differences and cluster).
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A.36 Additional Results—Correlations

Correlation metric & Baselines

We expect that generally, latent pairs with similar labels are conceptually related and thus have
correlated occurrences in documents, while latent pairs with dissimilar labels are unrelated and
should not have correlated occurrences. The interesting region is thus where dissimilar-label latents
have correlated occurrences.

We use the semantic similarity of labels as a proxy for how related two latents are. However,
since the notion of correlation or co-occurrence of latents within a document depends on the specific
use case, we considered two different metrics:

1. Normalized pointwise mutual information NPMI(i, j). This is a symmetric measure of
how much more two latents co-occur than chance. It is related to PMI which is the logarithm
of BUl) _ PGl _ _P(i)
P(2) P@) PE)P>)"

2. Conditional occurrence CO = max(P(i|j), P(j]¢)). This is a more interpretable measure
and can capture directional correlations e.g. “most text about X race is offensive”. It does
not control for the frequency of each individual latent.

We plot the correlation metric against semantic similarity, for 1M sampled pairs from a 5k
subset of the Pile (Figure A.46). We observe that generally, there are more pairs with high CO
than high NPMI, making it harder to choose a good separable threshold, therefore we chose to use
NPMI primarily.

To reduce our search space of pairs, we ignore pairs which have syntactic labels (as judged by
an LLM) as those are less interesting. We also find that some pairs tend to co-occur in the same
document because they mostly co-occur on the same token or consecutive tokens (i.e. they are
poorly labelled and actually refer to the same concept, or a rarer token triggers them both), thus
they are trivial correlations and we can additionally filter those out in our real-world analysis.

Recovering known correlations

We create a larger corpus of 10k texts with 0.1% — 1.0% texts being injections, and show that the
SAE can recover the correlations in the discovered pairs. As the number of injected texts increases,
the percentage of pairs that are relevant among the discovered group increases.

Table A.29 shows the keywords we use to judge if a latent pair is relevant to the injected
correlations for the coloring in Figures 7.3a and A.47.

LLM baseline. We split the dataset into 10 batches of 1k texts, and for each batch ask an
LLM for up to 10 correlations of meaningfully different features. We count the number of batches
in which a correlation related to each of the injected correlations is discovered (Table A.30). The
injected correlations are generally discovered at least once across all batches, but unreliably.

Finding real-world correlations

To create Figure 7.3b, we compare the distribution of NPMIs discovered by our SAE method, with
a few other methods for discovering correlated feature pairs:
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Figure A.46: Histogram of correlation metric (left: NPMI, right: CO) and semantic similar-
ity of latent pairs. We choose NPMI as our metric.
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Figure A.47: (a)-(d) We plot the dis

(d) conservative-academic-style 0.5%
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(c) conservative-academic-slant 0.5%
1

Semantic Similarity

(e) Strength of Correlations

(f) all 0.5% each
150 1

NPMI

9% of Injections arit

covered group of pairs (NPMI > 0.8, semantic similarity

< 0.2) for each type of text injected, with 0.5% of texts being injected texts. Relevant pairs
are colored. (e) We show the proportion of relevant pairs in the candidate group for different
injection levels 0.1%-1%. (f) We inject all 3 texts at once.

Injection

Latent 1 Relevant

Latent 2 Relevant

croatian-emoticons
baseball-slang

conservative-
academic_style
conservative-
academic_slant

croatian, russian, slavic
valley girl, slang, endear-
ment

economic, political, busi-
ness
economic, busi-

ness

politic,

emoticon, emoji
game, sport, baseball

academic, formal

communis, free, libert, in-

terven, interfer

Table A.29: Keywords used to judge if a latent pair is relevant to the injected correlations.

1. Random SAE baseline. We randomly sample 100 SAE latent pairs (of sufficient fre-
quency), relabel each and verify its presence in the dataset with an LLM, and compute
the verified NPMI. We see that most randomly sampled pairs have low NPMI, as expected,
showing that the SAE method of selecting pairs with high NPMI provides a strong signal.

2. LLM baseline. We prompt an LLM to identify meaningfully different feature correlations
in the dataset:

You are given a dataset of {n_samples} documents.

Your task is to identify **co-occurrences of meaningfully different features**. A **co-occurrence** refers to when two features both
appear **WITHIN the same documentx*x.

Each **featurex* can be:
- A topic, subject, concept, or idea
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Injection Injection Rate No. of batches discovered
0.2% 0/10
croatian-emoticons 0.5% 2/10
1.0% 1/10
0.2% 0/10
baseball-slang 0.5% 4/10
1.0% 10/10
0.2% 0/10
conservative-academic_style 0.5% 1/10
1.0% 2/10
0.2% 1/10
conservative-academic_slant 0.5% 3/10
1.0% 6/10

Table A.30: For each type of injected correlation, at various injection rates, we count the
number of batches where the LLM correctly identifies a related correlation.

- A specific language, style, tone, or sentiment
- A specific linguistic, rhetorical, or syntactic pattern
- Or any other identifiable textual property

We are interested in feature pairs that co-occur more than once across the dataset, i.e. the same feature pair co-occurs in multiple
documents, even if only in a few documents.

We are only interested in feature pairs where the two features are **meaningfully different#**. This means the two features cannot be
trivially similar or extremely related.

Feature pairs can involve different feature types that co-occur, for example, between two semantically different concepts, or between a
linguistic pattern and a concept, or between a linguistic and formatting pattern.

We are especially interested in feature co-occurrence pairs that are surprising, unexpected, interesting, or otherwise notable, even if
this co-occurrence occurs only in a few documents.

Each feature in a pair should be described with a precise phrase that describes what the feature is about.

Return your answer as a JSON object with the following format, with up to 10 feature pairs:

{
"feature_pairs": [
«
"feature_1": "feature_1_description",
"feature_2": "feature_2_description"
1,
«
"feature_1": "feature_1_description",
"feature_2": "feature_2_description"
1,
]
3>
{"\n". join([f"---BEGIN DOC {i+1}---\n{text}\n---END DOC {i+1}---" for i, text in enumerate(sampled_texts)])}

We take the feature pairs generated by the LLM, verify each feature’s presence in the dataset
with an LLM and compute the verified NPMI.

3. Correlated Topic Model (CTM). We train a CTM [137, 142] to discover topics from
word co-occurrences. We fix niopics = 100 and consider a topic present in a document if it is
among the top 5 topics in the document. This gives us the occurrences of the 100 discovered
topics, from which we compute the verified NPMI. The NPMIs tend to be low, even though
the CTM allows for correlations between topics, suggesting that the CTM is not suited for
discovering highly correlated topics.

We also report the distribution of conditional occurrence (CO) (see Appendix A.36) among the
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Figure A.48: CDF of conditional occurrence for pairs discovered by every method, for Civil-

Comments (left) and the Pile (right).

discovered pairs for all methods (Figure A.48), to confirm that even when using a NPMI cutoff,

the SAE method finds pairs with high CO and thus are “truly correlated” in some sense.

LLM hypotheses for real-world correlations. For each of the CivilComments (5k), Pile
(5k) and Tulu (10k) datasets, we shuffle and split them into batches of 1k documents each. For
each batch, we ask an LLM for up to 10 interesting hypotheses.

For CivilComments (Table A.31) and Pile (Table A.32), we verified the presence of each concept
on a 1k sample from the same dataset. For Tulu (Table A.33), we note that the LLM baseline did
not find the “math and hope” correlation and show 20 random samples of the 100 hypotheses.
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Concept 1 Concept 2 NPMICO P(C;i|C2)P(Cz2|Cy)
Sarcastic or dismissive tone Reference to Donald Trump’s political actions or state-  0.422 0.617 0.617 0.123
ments
Use of exclamation points for emphasis Expression of strong negative emotion (e.g., anger, 0.567 0.675 0.328 0.675
frustration)
Discussion of political figures or parties (e.g., Trump, Accusations of lying, dishonesty, or manipulation 0.508 0.513 0.513 0.250
Liberals, Republicans)
Critique of media bias or ’fake news’ Discussion of Russian interference in elections 0.000 0.000 0.000 0.000
Use of rhetorical questions Challenge to an opposing viewpoint or argument 0.624 0.875 0.372 0.875
Discussion of religious beliefs or institutions Critique of hypocrisy or inconsistency in actions versus ~ 0.429 0.449 0.131 0.449
stated beliefs
Reference to specific US states or cities (e.g., Alaska, Discussion of local governance or infrastructure issues  0.515 0.306 0.306 0.255
Hawaii, Chicago)
Discussion of environmental issues (e.g., climate Skepticism or denial of scientific consensus 0.638 0.600 0.600 0.146
change, pollution)
Use of informal or colloquial language Expression of personal opinion or anecdote 0.827 0.862 0.813 0.862
Discussion of social justice issues (e.g., racism, equal-  Accusations of political correctness or ’virtue signal- 0.453 0.583 0.583 0.047
ity) ing’
Sarcastic tone Critique of political figures (e.g., Trump, Trudeau) 0.501 0.471 0.471 0.298
Discussion of economic policy Critique of government spending or taxation 0.637 0.482 0.363 0.482
Reference to 'fake news’ Critique of media bias 0.594 0.563 0.136 0.563
Use of rhetorical questions Expression of skepticism or disbelief 0.620 0.649 0.449 0.649
Discussion of environmental issues Critique of government inaction or corporate respon-  0.493 0.357 0.147 0.357
sibility
Critique of political correctness Defense of free speech or traditional values 0.590 0.222 0.222 0.182
Discussion of gun control Arguments for or against gun ownership rights 0.786 0.500 0.500 0.455
Religious references or analogies Critique of institutional religion or religious hypocrisy  0.799 0.963 0.963 0.361
Discussion of social inequality (e.g., poverty, racism) Critique of societal structures or government policies 0.488 0.761 0.148 0.761
Use of informal or colloquial language Expression of strong personal opinion or frustration 0.860 0.893 0.846 0.893
Sarcastic tone Critique of political figures or parties 0.517 0.437 0.437 0.399
Discussion of economic policy Criticism of government spending or taxation 0.628 0.444 0.374 0.444
Use of rhetorical questions Expression of strong disagreement or disbelief 0.584 0.815 0.348 0.815
Critique of media bias Accusations of ’fake news’ or propaganda 0.604 0.458 0.458 0.193
Focus on social issues (e.g., immigration, healthcare) Attribution of blame to specific political ideologies 0.374 0.238 0.238 0.128
(e.g., 'left’ or 'right’)
Informal language or slang Direct address to other commenters 0.515 0.772 0.772 0.243
Religious references or arguments Critique of societal morality or values 0.453 0.455 0.157 0.455
Discussion of environmental issues Skepticism towards scientific consensus or government  0.507 0.432 0.148 0.432
initiatives
Personal anecdotes or experiences Generalizations about groups of people (e.g., 'millen-  0.349 0.263 0.150 0.263
nials’, 'conservatives’)
Hyperbolic language Prediction of negative future outcomes 0.504 0.715 0.715 0.199
Sarcastic tone Critique of political figures or policies 0.543 0.505 0.420 0.505
Use of rhetorical questions Discussion of political or social issues 0.539 0.706 0.320 0.706
Ad hominem attacks Discussion of political figures 0.498 0.477 0.248 0.477
Discussion of Trump’s presidency Accusations of lying or dishonesty 0.283 0.113 0.088 0.113
Use of all caps for emphasis Expression of strong emotion or outrage 0.513 0.779 0.187 0.779
Analogy or metaphor Critique of a complex system or situation 0.473 0.707 0.135 0.707
Discussion of media bias Accusations of ’fake news’ 0.511 0.294 0.294 0.116
Reference to historical events or figures Comparison to current political situations 0.372 0.252 0.146 0.252
Discussion of economic issues Critique of government spending or taxation 0.678 0.642 0.642 0.391
Use of profanity or vulgar language Expression of strong disapproval or contempt 0.413 0.898 0.077 0.898
Criticism of Donald Trump’s character or policies Use of informal or derogatory language 0.480 0.817 0.111 0.817
Discussion of political parties (Democrats/Republi-  Accusations of hypocrisy or inconsistency 0.427 0.254 0.206 0.254
cans, Liberals/Conservatives)
Mentions of 'fake news’ or media bias Sarcasm or ironic tone 0.395 0.744 0.060 0.744
Arguments about gun control or gun violence Exaggerated or hyperbolic statements 0.278 0.450 0.023 0.450
Critique of government spending or economic policy Call for accountability or transparency 0.388 0.224 0.211 0.224
Religious or moral arguments Critique of specific religious institutions or leaders 0.733 0.806 0.806 0.301
Discussion of immigration or refugee issues Accusations of racism or xenophobia 0.457 0.182 0.182 0.143
References to historical events or figures Drawing parallels to current political situations 0.353 0.306 0.119 0.306
Concerns about environmental issues or climate Skepticism towards scientific consensus or political 0.516 0.485 0.128 0.485
change motives
Discussion of social justice issues (e.g., racism, gender  Personal anecdotes or appeals to personal experience 0.312 0.195 0.126 0.195

equality)

Table A.31: Hypothesized correlations in CivilComments generated by LLM.
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Concept 1 Concept 2 NPMICO P(C; |C3)P(Cz|C1)
Discussion of specific programming language features  Question-and-answer format typical of programming  0.836 0750 0.742 0.750
or issues (e.g., Python, JavaScript, forums
Technical discussion of software development or IT in- _ Question-and-answer format typical of programming  0.828 0.953 0.953 0.
frastructure forums
Use of code snippets to illustrate con- Questi d-a format typical of programming  0.743  0.621 0.621 0.615
cepts forums
Medical research or clinical study findings Detailed scientific or medical terminology 0.869 0.986 0.670 0.986
DlSCL\SSlOn of specific medical conditions or treatments  Detailed scientific or medical terminology 0.791  0.953 0.511 0.953
or ic data analysis Statistical analysis or quantitative findings 0527 0.905 0.079 0.905
Discussion of specific historical figures or events Biographical information 0.679 0535 0.414 0.535
Discussion of specific geographic locations or regions __ Cultural or historical context 0.647_0.731__0.731 0.327
of financial markets or economic trends Discussion of specific companies or industri 0582 0.773_ 0.121 0.773
ssion of specific software or platforms (e.g., Instru or advice on g Jusage 0.800 0.830 0.591 0.830
WordPress, Magento)
Discussion of specific programming language features  Question and Answer format, 0.669 0.662 0.394 0.662
(e.g., C#, Python, Java, Javascript, SQL, PHP, Swift,
Objective-C, R, Go, Perl, F#, VB.NET, C++)
Discussion of specific programming language features Code snippets provided as examples or solutions 0841 0850 0.654 0.850
(e.g., C#, Python, Java, Javascript, SQL, PHP, Swift,
C, R, Go, Perl, F#, VB.NET, C++)
al 1c tudy or clinical trial Focus on s or conditions (e.g., cancer, 0.818 0.860 0.860 0.588
dlabetes neurological disorders)
Medical research study or clinical trial data or analysis 0.746  0.638 0.617 0.638
Medical research study or clinical trial Use of specialized medical terminology 0.935 0.980 0.826 0.980
Discussion of specific programming language features  Error messages or debugging scenarios 0.663 0.684 0.684 0.313
(e.g., C#, Python, Java, Javascript, SQL, PHP, Swift,
Objective-C, R, Go, Perl, F#, VB.NET, C++)
Discussion of specific programming language features  Reference to external libraries or frameworks (e.g, 0.700 0.701 0.701 0.393
(e, C#, Python, Java, Javascript, SQL, PHP, Swift,  jQuery, Android Studio, Spark, Django, React Native)
Objective-C, R, Go, Perl, F#, VB.NET, C++)
Medical research study or clinical trial Animal models used in research 0.701__0.951 0.951 0.278
study or clinical trial Focus on specific biological mechanisms or pathways _ 0.748_0.763_ 0.763 0.493
udy or clinical trial Use of imaging techniques (e.g, MRI, ultrasound, 0521 0.810 0.810 0.081
scintigraphy)
Discussion of specific programming language features  Problem-solving in a QA format, often involving de-  0.716  0.797  0.355 0.797
(.., Func, [Enumerablejc sinstance bugging or optimizing code snippets
Technical documentation or (UdL comments related to  Mentions of specific software frameworks, libraries, or ~ 0.478 0.397  0.206 0.397
software development (e.g., copyright notices, license ~ tools (c.g., Spring-boot, Netty, Vue.js, React Native)
information, API descriptions)
Medical research focusing on specific diseases or condi-  Detailed descriptions of biological mechanisms, ph 0.674 0591 0.431 0.591
tions (e.g., Hodgkin disease, prostate cancer, diab iological processes, or pharmacological interventions
cpilepsy) (c.g., gene expression, hormone response, fatty acid
metabolism)
Discussion of specific geographical locations or regions  Mentions of historical events, political figures, or cul-  0.678 0.860 0.860 0.300
(e.g., North Carolina, Japan, Australia, Texas) tural aspects related to those locations (c.g., 1844
United States presidential election, Prime Ministers
of Japan, Deepwater Horizon oil spill)
User-generated content in a Q&A format, often seek-  Code snippets or examples provided as part of a ques-  0.712  0.630 0.630 0.563
ing technical solutions (e.g., How to, Is it possible to)  tion or answer, demonstrating a technical problem or
solution
Descriptions of physical products or consumer goods Emphasis on features, specifications, or benefits of the  0.794 0.750 0.750 0.524
(e.g., turntable, boots, space heater, refrigerator) product, often with marketing language (e.g., Key fea-
tures, Appealing look, High Capacity-Size Ratio)
Legal or judicial proceedings, including court cases Mentions of specific legal documents, acts, or concepts  0.647 0429 0.250 0.429
and appeals (e.g., United States Court of Appeals, (e.g., Civil List Act, Controlled Substances Act, con-
Supreme Court of Florida) currency exception)
Scientific research papers or abstracts detailing exper-  Use of specialized scientific terminology and acronyms _ 0.941  0.955 0.955 0.875
imental methods and results (e.g., Purification and  (e.g., HPLC, TLC, NMR, ELISA, qPCR)
characterization, Effects of amide constituents, Quan-
titation of 20-hydrox, i
Di about web and to specific web browsers or platforms (e.g., 0461 0.390 0.390 0.133
issues (e.g., URL encoding, CSS, JavaScript, HTML)  Chrome, Safari, iOS, Android)
Content related to music, artists, or albums (e.g., Jimi _ Mentions of specific songs, track listings, or musical 1.000  1.000 0.462
Hendrix, Harry Styles, Blackjack, Babymetal) genres (e.g., Imperial Blaze, Worlds Apart, Gimme
Chocolate)
Discussion of specific programming language features ~ Question-and-answer format for technical problem- 0.780 0.715 0.624 0.715
or syntax (e.g., Python, Java, C#, JavaScript) solving
Medical research or clinical study finding Focus on specific biological mechanisms or pathways  0.754  0.780 0.780 0.493
(e.g., proteins, genes, cells)
a ical or pl Wikipedia-style entry or factual description of a place  0.635 0.476 0476 0.358
Use of specific technical terms or jargon (c.g., disam- _ Scientific or academic rescarch paper abstract 0675 0.867 0.867 0.422
biguation, p , elect
Discussion of software development tools or environ-  Code sHippets of programming examples 0.631 0595 0.347 0.595
ments (e.g., Git, Eclipse, Visual Studio)
Analysis of political or social issues Quoted statements or opinions from individuals or or-  0.590 0.522 0.214 0522
ganizations
Description of a product or service Marketing or promotional language 0718 0.769 0.769 0.419
Discussion of specific cultural or entertainment media ~ Personal opinion or commentary on the media 0.584  0.392  0.307 0.392
(e.g., movi 'V shows, music)
Legal or court-related document Formal, structured language typical of legal texts 0.877_0.854_ 0.636 0.854
ssion of specific scientific concepts (e.g., physics, Mathematical equations or formulas 0199 0227 0.227 0.017
chemistry, biology)
Discussion of specific programming language features  Question-and-answer format, often from a technical —0.758 0.825 0.469 0.825
or syntax (e.g., Python and operator, C# generics, forum like Stack Overflow
PHP sessions)
Medical research or clinical study focusing on a specific  Detailed scientific terminology and methodology (c.g., 0.789 0.895 0.523 0.895
disease or treatment (e.g., cancer, diabetes, specific ized trial, i
drug effects) chemistry)
Legal documents or court case summaries, often with  Mentions of specific legal entities, jurisdictions, or case ~ 0.900 0.947  0.947 0.600
citations and formal language names (e.g., Supreme Court of North Carolina, United
States Court of Appeals)
Technical specifications or code snippets related to  Copyright notices or licensing information (c.g., GNU _ 0.523 0.818 0.818 0.102
software development (e.g., Dockerfile, Javascript, ~General Public License, Apache License)
XML configuration)
Travel or tourism-related content, often describing —Personal anecdotes or first-person narratives about —0.707 0.714 0.714 0.185
destinations or experiences travel
Discussion of specific hardware or tech-  Probl lving or ing context (eg., in- 0441 0.369 0.195 0.369
nical devices (e.g., smartphone, printer, sensor, com-  consistent results, cannot be detected, error messages)
puter graphics)
Content related to food, recipes, or culinary topics Mentions of specific ingredients or cooking methods _ 0.810 0.882 0.882 0.375
Descriptions of geographical locations (e.g., cities, Categorization or metadata related to geography (o g, 0674 0085 0985 0.248
countries, regions) Sategor places, Cat
Discussion of art, artists, or creative works (e.g., paint-  Personal opinions or subjective cmluauons of the art 0.895 0.898 0.419
ings, films, music)
Content related to sports or athletic activities (e.g., Mentions of specific teams, athletes, or events 0922 1.000 1.000 0.699

football, cycling, basketball)

Table A.32: Hypothesized correlations in the Pile generated by LLM.
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Feature 1 Description (User Request)

Feature 2 Description (System Response)

Question about a specific technical concept or tool

Explanation of the concept or tool with examples

Request for a definition/explanation

Detailed explanation of a concept

Mathematical problem involving calculus or differen-
tial equations

Step-by-step solution using symbolic math (SymPy)
or numerical methods (NumPy, SciPy) in Python

Request for a Python function to calculate a sum or
average from a list of numerical data

Python code defining a function that iterates through
the list and performs the requested aggregation

Request for translation (non-English to English)

English translation of the provided text

Mathematical word problem with multiple steps

Step-by-step solution with intermediate calculations

Request for Python function to perform statistical cal-
culations (e.g., average, correlation)

Python function using numpy for statistical operations

Request for a programming problem with an erroneous
code snippet

Identification and correction of errors, followed by a
correct implementation

Request for a Python function to perform string ma-
nipulation (e.g., palindrome check, word count)

Python code defining a function that uses string meth-
ods and loops for text processing

Question about a specific entity or concept

Direct answer or explanation of the entity/concept

Request for a Python function to handle data struc-
tures (e.g., nested lists, dictionaries)

Python code demonstrating iteration and access pat-
terns for complex data structures

Request for Python function to manipulate strings or
lists

Python function using string methods like split(),
join(), lower()

Request for a detailed explanation of a technical con-
cept

Comprehensive explanation of the concept with exam-
ples or analogies

Request for a code snippet in one language (e.g.,
Python, Java)

Equivalent code snippet in another specified language
(e.g., C#, JavaScript, Swift) with explanatory com-
ments

Request for a Python function to filter or categorize
data based on conditions

Python code defining a function that uses conditional
logic and list/dictionary manipulation to filter/cate-
gorize

Request for a creative story or scenario

Detailed narrative with character descriptions and plot
development

Request for a JSON output

JSON object as output

Mathematical problem solving

Step-by-step mathematical derivation

Request for translation (English to non-English)

Non-English translation of the provided text

Request for a JavaScript function to manipulate DOM
elements or data

JavaScript code snippet using DOM manipulation or
array methods

Table A.33: Sample of 20 Tulu hypotheses generated by LLM.
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A.37 Additional Results—Clustering

Experiment setup

To filter for latents relevant to a query, we can find latents whose labels’ dense embeddings are
the most similar (e.g. top k& = 100) to that of a provided keyphrase. Multiple keyphrases can be
provided and the union of all these latents taken, which would effectively ignore other unrelated
latents.

We can optionally use an LLM to help with keyphrase generation given a query, e.g. “I want to
cluster by news topic” would require latents related to all possible relevant keyphrases (“sports”,
“politics”...) which the LLM can generate. The prompt we used is:

system_prompt = """
You are an NLP feature-brainstorming assistant.

Task: Given a user query, suggest 2 to 5+ **distinctive and semantically specific** keywords or phrases that capture the key concepts relevant to
that query.

- If the goal refers to a **binary or low-dimensional** axis (e.g. sentiment, tense, polarity), return only the **most salient few items (2-4)x*x.
- If the axis is **broad or multi-class** (e.g. topic, genre, domain), return more **diverse sub-categories** (up to 10).

- Each item should be a **single coherent concept** that could plausibly describe the activation of a sparse autoencoder feature.

- Include contrasting pairs or subtypes when applicable (e.g. "positive", "negative").

- Avoid generic catch-alls like "style", "content", or "other".

- Return each item on its own line, without bullets or numbering.
win

true_label_col_to_user_query = {

"sentiment": "I have a dataset of news articles. I want to cluster them based on the sentiment of the article.",
"temporal": "I have a dataset of news articles. I want to cluster them based on the temporal framing of the article.",
"topic": "I have a dataset of news articles. I want to cluster them based on the main topic of the article.",

"style": "I have a dataset of news articles. I want to cluster them based on the writing style of the article."

}

Generating cluster labels. For a cluster, we can find the top five latents by diffing the cluster
with all texts outside the cluster. We also find the top five examples with the highest affinities to
the rest of the cluster as the top “central” examples. We do this for each cluster, then generate
distinctive cluster labels using the following prompt:

system_prompt = """

You are an assistant for labeling clusters of natural language text.
You will be given multiple clusters at once. For each cluster, you have the top {n_relabel} distinctive features and top {n_relabel} examples.
Your task is to create DISTINCTIVE, human-like labels that capture what unites each cluster.

IMPORTANT:

- Each cluster label must be DIFFERENT from all others

- Focus on what makes each cluster UNIQUE, not just common themes

- Create natural, descriptive labels that a human would understand immediately
- Labels can be longer and more detailed if needed to capture the essence

- Look for patterns in content, tone, style, intent, or context

- Only quote specific phrases if they’re extremely clear and defining

- If a cluster is truly unclear, label it "UNCLEAR"

Return your response in this exact format:
Cluster 0: [labell

Cluster 1: [labell

Cluster 2: [labell

...and so on

Return ONLY the cluster labels in this format, no other text.

Ground truth evaluation

We generate news paragraphs with four independent “axes of variation”: 1. topic (health, tech-
nology, sports, politics), 2. sentiment (positive, negative), 3. temporal framing (focusing on past,
present or future) and 4. writing style (factual or narrative). We query an LLM for keyphrase
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generation, saying that we want to cluster by each of the four axes, and keeping the union of the
the top & = 100 latents most similar to each keyphrase. The SAE can separate this synthetic
dataset well along different axes (Figure A.49).
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Figure A.49: Dense embedding (top row), instruction-tuned embedding (middle row) and
SAE embedding (bottom row) clustering results: (1) topic (2) sentiment (3) temporal fram-
ing and (4) writing style. Mappings from clusters to true labels are chosen with the Hun-
garian algorithm [135].

Real-world evaluation—IMDDb

Similarly to the GSM8k dataset, we cluster IMDb movie descriptions using SAE embeddings. Using
the full embedding with all latents, we find clusters of how the descriptions are written, providing
additional insight compared to the genre-based dense embedding clustering (Figure A.50a).

With targeted clustering, the SAE can cluster by e.g. “how the characters are described”,
giving a new set of clusters. The instruction-tuned embedding still biasses towards clustering by
genre despite the instruction (Figure A.50b).

Real-world evaluation—accuracy

We show the per-cluster accuracies for dense embedding and SAE clustering, on ChatbotArena
prompts, responses and the Pile, in Figure A.51. We see that the SAFE clusters have comparable per-
cluster accuracies with embeddings, with generally higher variance across clusters. This suggests
the clusters are similarly valid—the SAE indeed groups similar texts together.
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Instruction-tuned embedding: “Represent the text so I can SAE embedding: “7 want to cluster by how the
cluster them by the way the characters are described.” characters are described.”
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(a) Normal clustering with dense embeddings
[left] and the full SAE embedding [right/. The  (b) Targeted clustering with instruction-tuned
SAE embedding clusters along how the descrip-  embeddings [left/ and the reduced SAE embed-
tion is written, with generally good cluster ac-  ding [right]. The SAE embedding finds clusters
curacy. of character descriptions.

Prompts Responses The Pile
w— Embedding = SAE w— EMbedding = SAE w— EMbedding == SAE
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Per-Cluster Accuracy
Per-Cluster Accuracy

Number of Clusters Number of Clusters Number of Clusters

Figure A.51: Per-cluster accuracies for different ngsters for prompts, responses and the Pile.
The solid lines are the median, dashed lines the interquartile range and dotted lines the
range.

Dense Embedding Acc. | SAE Embedding Acc.
Simple ”Hello World” style Python code requests 0.060 | Simple ”What is the capital of...” questions 0.000
Debating who is the best athlete 0.173 | Single-topic prompts 0.089
Questions about numbers and their properties 0.274 | Requests to write a poem in German 0.179
Questions and stories about cats and dogs 0.313 | ?”What is...” questions in German 0.237
Math word problems involving time and rates 0.412 | Informal greetings in English and Spanish 0.345
Food recipes and cooking instructions 0.482 | Probing the AI’s knowledge on specific topics 0.387
Generating video game ideas and recommendations  0.613 | Questions and requests in Russian and Polish 0.448
Questions about world history and historical events  0.695 | Writing Python scripts for specific tasks 0.529
Simple greetings and conversation starters 0.797 | Complex instructions for AI reasoning and persona before a task  0.798
Requests for jokes 0.939 | Recommending films similar to specific video games 1.000

Table A.34: Example clusters from ChatbotArena prompts.

We show qualitative examples of cluster descriptions in Tables A.34-A.36. Since these datasets
are highly diverse, we show results from njusters = 50, randomly sampling one cluster per accuracy
quantile. In these cases, the SAE cluster descriptions are similar in style to semantic cluster
descriptions.

Failure to recover ground truth labels for sentiment and emotion clustering. Since
SAEs are not trained to represent similarity, we may not obtain “desired” clusters for a dataset
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Dense Embedding Acc. | SAE Embedding Acc.
Defining ” Machine Learning” 0.034 | Presenting Code Snippets on Request 0.005
Stating the Current US President 0.123 | Concise Answers to Factual Questions or Riddles  0.082
Inappropriate or Sexually Suggestive Narratives 0.211 | Discussing Philosophical and Abstract Concepts 0.164
Solving Basic Algebraic Equations 0.263 | Generating Numbered Lists of Items 0.256
Standard Assistant Greeting 0.333 | Repetitive or Malformed Lists and Text 0.302
Business and Workplace Productivity Strategies 0.391 | Step-by-Step Recipes and Workout Plans 0.391
Numbered Lists of Self-Help and Wellness Advice 0.596 | Explanations in German 0.589
Solving Simple Math Word Problems 0.646 | Simple Arithmetic Calculations 0.714
Providing Code Snippets 0.770 | Original Poetry with Rhyme and Meter 0.907
Assistant Expressing Confusion and Requesting Clarification = 0.987 | Identifying Capital Cities 1.000

Table A.35: Example clusters from ChatbotArena responses.

Dense Embedding Acc. | SAE Embedding Acc.
Unity Engine Asset Metadata Files 0.124 | Abbreviated or Incomplete User Input 0.000
Research Abstracts on Molecular Biology and Genetics 0.320 | Event Announcements and Local News Snippets 0.073
Celebrity Gossip and Lifestyle Articles about Female Public figures 0.370 | jQuery and JavaScript Code Debugging and Implementation Questions  0.236
Research Abstracts on Chemical Synthesis and Characterization 0.418 | Extremely Brief and Ambiguous User Inputs 0.333
JavaScript/Node.js Modules and Configuration Files 0.488 | News Reports on Political and Social Events 0.408
Short Biographies of Politicians and Public Figures 0.569 | Technical Q&A with Code and System Configuration Issues 0.554
Scientific Abstracts on Cognitive Neuroscience and Neuropsychology — 0.623 | Programming Language Test Files and Boilerplate Code 0.619
Short Biographies of Athletes 0.746 | Federal Court of Appeals Case Citations 0.731
Clinical Studies on Surgical Procedures and Outcomes 0.847 | Advanced Mathematical Problem Solving and Proofs 0.944
US Federal Court Case Filings and Orders 0.966 | Zoological Species Descriptions 1.000

Table A.36: Example clusters from The Pile.

with ground-truth cluster labels. For instance, if an SAE has learned many more “sadness” latents
than “surprise” latents, clustering may distinguish between different types of “sadness” more than
between “sadness” and “surprise”.

Figures A.52a and A.52b show the failure of both embedding baselines and SAEs to align
exactly with ground truth labels. While finetuned models (for sentiment/emotion) do achieve good
performance on these tasks, we do not expect these general purpose embedding baselines to align
with ground-truth labels. For our SAE method, we were unable to find a good combination of
queries and k.

SAE Clustering, k=1000

(a) Twitter sentiment [224] clustering results. (b) Twitter emotion [231] clustering results.

A.38 Additional Results—Retrieval

Example queries. We show 5 selected queries for each dataset to illustrate the types of properties
we aim to look for in Table A.37.

Retrieval baselines. We describe each method in detail in Table A.38.

For the BM25 baseline, we expand the query using the following;:

[
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Query

Prompts

1. unfiltered: The user requests or tries to trick the model to bypass or disable its
built-in safety and content filters.

2. meta: The user explicitly asks about the model itself, including its architecture,
training data, internal workings, limitations, performance, capabilities, or guidelines.

3. ethical-dilemma: The user explicitly poses an ethical or moral dilemma, scenario,
or thought experiment.

4. opinion: The user explicitly asks the model for its personal opinion, subjective
judgment, or preference on a given topic.

5. expert-role-simulation: The user explicitly instructs the model to respond from
the perspective of a recognized expert, specialist, professional, or authoritative figure
on a particular topic.

Responses

1. offensive-success: The model explicitly generates questionable, offensive, discrimi-
natory, violent, sexually explicit, hateful, derogatory, or profane content.

2. cot: The model explicitly demonstrates its reasoning or thought process in clear,
sequential steps, outlining the logical progression leading to its conclusion or answer.

3. roleplay-persona: The model responds from the point of view of, adopts, simulates,
or maintains a specific persona, role, character, identity, or professional perspective
in its response.

4. disclaimer-warning: The model explicitly includes a disclaimer, warning, or cau-
tion, advising the user to consult a professional or that the information is not a
substitute for expert advice (e.g., ’I am not a medical professional’, *This is not fi-
nancial advice’).

5. empathy: The model explicitly expresses empathy, sympathy, understanding,
compassion, emotional support, or validation toward the user’s feelings, emotions, or
experiences.

Reasoning Traces|

1. similar: The model mentions or draws parallels to a similar or related problem it
knows about, suggesting the same solution technique might apply.

2. intuition: The model references using its intuition or gut feeling to make a guess
or estimate, rather than relying purely on formal logic.

3. idk: The model explicitly admits it lacks information.

4. identifying-a-trap: The model explicitly identifies a potential 'trap’, a common
misconception, or a subtle aspect of the problem that could easily lead to an incorrect
answer.

5. edge-case: The model considers an edge case, special case, or boundary condition
(such as zero, infinity, or maximal values) to check solution robustness.

The Pile

1. fan: The text references or discusses characters, settings, or events from a known
fictional universe (e.g., Marvel, Star Wars, Harry Potter).

2. changelog: The text lists software or document version updates, typically in bullet
point or release-note format with dates or version numbers.

3. email-letter-format: The model structures its response in the format of an email
or a formal/informal letter, such as including elements like a salutation ("Dear...”), a
body, and a closing (’Sincerely,...").

4. popup-ads: The text includes pop-up advertisements or other promotional content
that appears unexpectedly or does not fit the context of the surrounding text.

5. hate-speech: The text expresses explicit hostility, slurs, or dehumanizing language
targeted at a group based on race, gender, religion, sexuality, or other identity.

Biology Abstracts

1. human-trial: The abstract mentions the use of human or clinical trials.

2. proteomics: The abstract mentions the generation, analysis or study of protein
data.

3. computational-biology: The text describes a study primarily based on computa-
tional models, algorithms, or simulations applied to biological data.

4. negative-result: The abstract reports negative results, or a failure to achieve the
expected outcome.

5. mechanistic: The abstract mentions uncovering or explaining the underlying bio-
logical mechanism of a process, pathway, or phenomenon.

Short Stories|

1. dystopian: The story is set in a dystopian or oppressive world.

2. amnesia: The story includes a character suffering from memory loss, memory gap,
or unable to remember their past or what happened.

3. cheerful_dark: The story or protagonist is light-hearted or whimsical even in the
midst of dark, violent, or tragic events.

4. fourth-wall: The story includes breaking the fourth wall, commenting on its own
nature as a work of fiction, or addressing the reader directly.

5. archaic_language: The story includes archaic old-fashioned language, such as ar-
chaic words, phrases, or grammatical structures, often to evoke a specific time period.

Table A.37: Example queries across the six datasets.

192
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I have a dataset of {type_of_text}, and I want to search among it for texts that fulfill a specific query.

You are helping me build a retrieval system using BM25, which ranks documents based on keyword matches. Given the description of the query,
generate a list of 10 representative *xkeywords or phrases** that are likely to appear in texts that fulfill this query. Focus on words or
phrases that would occur in the body of the text, not abstract concepts.

Return the list of keywords as a JSON list of strings.

QUERY: {query_string}

wun

For the OpenAI+LLM and Gemini+LLM baselines, we generate example phrases using:

prompt = """
I have a dataset of {type_of_text}, and I want to search among it for texts that fulfill a specific query.

The query is a description of a property. Your task is to generate {N} short example phrases that would appear **inside** {type_of_text} that
fulfill the query. Each phrase should show the desired behavior.

Do not repeat the query. Write "each phrase" as if they were part of the {type_of_text}.
Return the phrases as a JSON list.

QUERY: {query_string}

LLM reranking of latents. For selection and reranking of latents that are relevant to a user
query, we use the following prompt:

prompt = """
You are assisting with feature-based retrieval over a corpus of text ({type_of_text}).
You are given:

- A retrieval **query** descibing a property of the texts we want to retrieve.
- A list of feature indices with their descriptions.

From this list, choose only the features that are **RELEVANT** to the query, and **rank** them from **MOST to LEAST relevantx.
Relevance means the feature is **likely to appear in a text that fulfills the query#x*.

### QUERY:
{query_string}

#i## FEATURES:
{’\n’. join(feature_descs)}

### OUTPUT FORMAT:
Return ONLY a list of relevant, reranked feature **indices**, in a valid JSON list, e.g. [14826, 481, 2310].

Make sure your features are a subset of the original features.
win

Metrics. The formulae for the metrics we report are:

olri p
1 K
P@K:K;udke}z}

N .
i <
AP= Z‘{d’ER”—qu{dkeR}
k=1

MP@50. We report MP@50 across different methods and datasets, which may be more im-
portant to a practitioner as they are concerned with top results.

Hyperparameter dependence. We plot the dependence of MAP and MP@50 on the num-
ber of phrases used for query expansion (Figures A.54a-A.55a), and on temperature for latent
aggregation (Figure A.55b). The performance of the SAE method is sensitive to the temperature.
Aggregation is necessary as shown by the poor performance of T' = 0.01 across datasets, due to
labels being fine-grained and imprecise. We see in Figure A.55b that a higher T is better for
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Figure A.53: MP@50 averaged over queries for each method and dataset. Query expansion
uses 1-20 phrases; temperature varies from 0.01 to 1.5.

responses and the Pile, likely because the SAE was trained on chat data, thus it learned many
higher-quality latents for that distribution that can be aggregated for overall better performance.

OpenAl+LLM

BM25+LLM
MAP MP@50

—e— Prompts —+— Responses —e— Reasoning Traces —e— The Pile —e— Biolox

(b) Performance of OpenAI+LLM with differ-
(a) Performance of BM25+LLM with different  ent number of phrases generated and aggre-
number of phrases generated and aggregated. gated.
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(a) Performance of Gemini+LLM with different  (b) Performance of SAE method at different T’
number of phrases generated and aggregated. used to aggregate features, for each dataset.

Combining results and second stage retrieval. We show in Table A.39 how rank aggre-
gating the OpenAI+LLM and SAE methods leads to improved performance over any individual
method. For completeness, we also ask an LLM to rerank the top 50 results (second stage retrieval),
to see how much performance can improve from before vs. after reranking.

Example of “repetitive loop” query. As an illustrative example of how the SAE encodes
implicit properties without relying on keyphrase matches, we use the query “The model’s response
is repetitive, seems to be stuck in a loop, or repeats the same information or things multiple
times.”. We show in Table A.40 the top 3 retrieved results using the OpenAl, OpenAl4+LLM and
SAE methods. We observe that the OpenAl embedding results are biased towards text about
models and repetition, and OpenAI+LLM results seem to be biased towards some query expansion
phrases generated by the LLM.

Example of “shows reasoning” query. Another example of how the SAE does not rely on
phrase matches can be seen in Table A.41, using the query “The model explicitly demonstrates its
reasoning or thought process in clear, sequential steps, outlining the logical progression leading to
its conclusion or answer.” While both OpenAI4+LLM and SAE methods retrieve relevant results,
the OpenAI+LLM results tend to have “step by step reasoning” or similar phrases explicitly stated,
while the SAE does not rely on that, as the underlying LLM captures the implicit property.

Examples of well-performing and poorly-performing queries. For each dataset, we
look at the queries where the SAE method leads to the greatest improvement and degradation,
compared to the OpenAI+LLM baseline. Since this is a qualitative comparison, we use the results
from the best T" and best npprases for each dataset.

Ranking similarity. To quantify how different the rankings returned by the different retrieval
methods are, we find the rank-biased overlap [275] of the relevant documents (to control for per-
formance). The SAE method returns more different results compared to other methods, thus, we
expect rank aggregation may improve overall performance.
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Figure A.56: Ranking similarity among the relevant documents, using Rank-Biased Overlap
(RBO) [275] with hyperparameter p = 0.98 since we are concerned about the top 50 results.

Name Model Details

OpenAl text-embedding-3- Embed both queries and text, and retrieve by
large[198] cosine similarity.

Gemini gemini-embedding-  Embed queries and texts separately using re-
001 [141] trieval mode, and retrieve by cosine similarity.

Qwen Qwen3- Embed queries and texts separately using re-
Embedding-8B trieval mode with the instruction “Given a
[288] (now #1 on property query, retrieve texts with that prop-
the MTEB) erty.”, and retrieve by cosine similarity.

BM25+LLNEM25s [171, 222] Use an LLM to generate possible key phrases
(commonly used, based on the property query, and concatenate

term-based)

them into one query for retrieval.

OpenAI+LEM-embedding-3-
large [198]

Use an LLM to generate possible key phrases
based on the property query, embed each
phrase, retrieve texts by cosine similarity with
query, and reciprocal rank aggregate [52].

Gemini+LIgeini-embedding-
001 [141]

Similar to OpenAI+LLM, using Gemini’s se-
mantic similarity mode.

Table A.38: Baselines used for the property-based retrieval benchmark.
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Prompts Responses | Reasoning Traces The Pile Biology Abstracts | Short Stories

Before After | Before After | Before After Before After | Before After Before  After

OpenAT+LLM MAlf’ 0.412 0.426 | 0.373 0.387 | 0.333 0.337 0.446  0.464 | 0.524 0.533 0.406  0.411
MP@10 | 0.820 0.934 | 0.722 0.904 | 0.527 0.563 0.740  0.924 | 0.817 0.910 0.750  0.906

SAE MAP 0.361 0.375 | 0.418 0.428 | 0.409 0.408 0.443 0.456 | 0.529 0.535 0.468  0.471
MP@10 | 0.706 0.876 | 0.764 0.884 | 0.627 0.613 0.832 0.934 | 0.773 0.887 0.856  0.950

Combined MAP 0.470 0.480 | 0.476 0.485 | 0.396 0.395 0.530 0.542 | 0.585 0.592 0.496  0.499
MP@10 | 0.888 0.920 | 0.842 0.934 | 0.630 0.633 0.898 0.956 | 0.863 0.927 0.890  0.962

Table A.39: For the OpenAI+LLM and SAE methods, we fix the hyperparameters to be
their best values averaged across datasets (Npnrases = 18 and 7" = 0.2), and report their
individual and combined performance per dataset. We also add in LLM reranking of the

getting corrupted or reset in-
correctly. This can cause the
model to lose track of the con-
versation...

top 50.

OpenAl OpenAl + LLM SAE

- 3 examples of query expan- Top 3 features:
sion: 1. Model is stuck in a repeti-
1. Tam a large language model, tive output loop
trained by Google. I am a 2. Model is stuck in a repeti-
large language model, trained tive loop or failing to generate
by Google... coherent text
2. The sky is blue. The sky is 3. Model is stuck in a repeti-
blue. The sky is blue... tive generation loop
3. Consider the following: A is
A.AisA Ais A...

1 ..2. The context memory is Grass is green. ...La cité de la peur est une his-

toire de la peur et d’une his-
toire de la peur et de la peur
et de la peur...

Apple, pear, dog, house, apple.

..*¥ 1/4 cup diced tomato *
1/4 cup diced onion * 2 cloves
of minced garlic * 1 table-
spoon chopped cilantro * 1/4
cup diced tomato * 1/4 cup
diced onion * 2 cloves of
minced garlic * 1 tablespoon
chopped cilantro * 1/4 cup
diced tomato...

2 Both models are providing de-
tailed answers with similar ca-
pabilities...

3  The recurrent feature that al-

lows you to evaluate well be-
yond your fixed token win-
dow....

Text: 1: a2: a3: a4: a...

... + 'The Ultimate Collection’
by Ted Legends 4+ "The Best of
Ted Legends’ 4+ ’The Best of
Ted Legends’ 4+ ’The Best of
Ted Legends’...

Table A.40: Comparison of top 3 retrieval results for OpenAl, OpenAl+LLM and SAE
methods, for the “model stuck in repetitive loop” query.
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OpenAl

OpenAlI + LLM

SAE

3 examples of query expan-
sion:

1. First, I identify the key en-
tities.

2. My next step is to analyze
their relationships.

3. Consequently, I can deduce
that...

Top 3 features:

1. The model is explaining its
reasoning or logical deduction
process

2. The model should expose its
chain-of-thought reasoning

3. Step-by-step logical reason-
ing and mathematical explana-
tion sequences

Okay, here is the step-by-
step reasoning with a chain of
thought:

1. Originally there were 2 ap-
ples in the bucket... the final
answer is: There are 4 apples
in the bucket...

I went very slowly and delib-
erately, step-by-step, explain-
ing each part of the reasoning
and math to show the full chain
of thought to get the final an-
SwWer...

Okay, here is the step-by-
step reasoning with a chain of
thought:

1. Originally there were 2 ap-
ples in the bucket... the final
answer is: There are 4 apples
in the bucket...

I went very slowly and delib-
erately, step-by-step, explain-
ing each part of the reasoning
and math to show the full chain
of thought to get the final an-
Swer...

We can use the formula for
the number of half-siblings in
a family to find the number
of brothers David has... To
generate two more answer op-
tions, we can try a different
approach... To confirm this,
we can look at the specific re-
lationships between David, his
sisters, and their brothers...
Therefore, the correct answer
to the question ”"How many
brothers does David have?” is
Option 1, which states that
David has a brother named
Benjamin.

... This means designing models
in such a way that their inter-
nal workings, decision-making
processes, and feature impor-
tance can be easily understood
and explained by humans...

Sure, I can engage in an inter-
nal dialogue to solve this equa-
tion.

Internal Dialogue:

Self: Hey, I have this equation
to solve. Can you help me with
it? ..

Imaginary Character: Let’s try
to break them down...

Self: That’s right. Thanks for
helping me with this internal
dialogue. It really helped me
think through the problem...

— Thought Process —
— — — He walks to the kitchen
This answer was arrived
at through a process of care-
ful reasoning that took into ac-
count the sequence of events
described in the question... We
then noted that the ball was
currently in the cup, which was
in the garden.

If it weren’t done this way,
it would produce inconsistent
reasoning results.

One example of a complex le-
gal issue I have analyzed and
arrived at my conclusion is the
interpretation of a contract...
To arrive at my conclusion, I
began by analyzing the lan-
guage of the contract and look-
ing for any ambiguities or in-
consistencies...

Possible answers:

1. Bobby has 3 brothers.

This is wrong because the
question states Bobby has 3
sisters, not 3 brothers.

2. Bobby has 0 brothers.

This could be correct...

198

Table A.41: Comparison of top 3 retrieval results for OpenAl, OpenAlI+LLM and SAE
methods, for the “model shows its reasoning” query.
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Category Query String Top Feature OpenAI+LLM SAE Change
The user’s prompt switches languages or  User’s turn to speak 0.235 0.810 0.575
Improved mixes multiple languages within the same in multi-language
prompt. conversations
The user explicitly instructs the model to The user is request- 0.403  0.902 0.500
summarize, condense, abstract, or outline ing text summariza-
the key points, main ideas, or highlights tion
from provided text, passages, articles, or
documents.
The user includes emojis or emoticons. Emoji and special 0.066  0.480 0.414
Unicode characters
used for emotional
expression
The user explicitly instructs the model The user is request- 0.719 0.110 -0.609
Degraded to tell, narrate, continue, or create a fic- ing creative genera-
tional story, narrative, or scenario, involv-  tion or writing from
ing characters, settings, and plot develop- the assistant
ments.
The user explicitly asks open-ended, philo- Fundamental philo- 0.577 0.114 -0.463
sophical, or existential questions about re- sophical or existen-
ality, meaning, knowledge, consciousness, tial questions being
or existence without definitive answers. posed
The user explicitly instructs the model to  Discussion or re- 0.860 0.443 -0.418

provide humorous content, such as a joke,
pun, humorous anecdote, comedic state-
ment, or funny remark.

quests for humorous
content

Table A.42: ChatbotArena prompts: Top 3 most improved and most degraded queries.

Category Query String Top Feature OpenAI+LLM SAE Change

The model provides a biographical account  Biographical se- 0.210 0.619 0.409
Improved of a real or fictional person’s life, detailing quences listing major

key events, accomplishments, and dates. lifetime achievements

and accolades

The model’s response is repetitive, seems Model is stuck in 0.129 0.532 0.403

to be stuck in a loop, or repeats the same a repetitive output

information or things multiple times. loop

The model switches languages or mixes Language switching 0.370  0.733 0.363

multiple languages within the same re- points in multilingual

sponses. conversations

The model explicitly poses one or more The assistant solicit- 0.499 0.159 -0.340
Degraded questions directed at the user, inviting user ing user opinion or

input or engagement. input through ques-

tions

The model responds from the point of view = The model attempt- 0.540 0.271 -0.269

of, adopts, simulates, or maintains a spe- ing to establish or

cific persona, role, character, identity, or maintain a specific

professional perspective in its response. identity or role

The model’s response is brief, succinct, Instructions request- 0.657 0.434 -0.223

short, direct, or clearly concise.

ing brief or concise
responses

Table A.43: ChatbotArena responses: Top 3 most improved and most degraded queries.
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Category Query String Top Feature OpenAI+LLM SAE Change
The model describes a visual representa- Creating mental im- 0.192 0.667 0.474
Improved tion of the problem (such as imagining a ages or visualizations
diagram, shape, graph, or spatial layout) in the mind
to aid reasoning.
The model considers an edge case, special ~ Alternative scenarios 0.481 0.764 0.283
case, or boundary condition (such as zero, and edge cases that
infinity, or maximal values) to check solu- need consideration
tion robustness.
The model identifies and extends a pattern  Extending or copy- 0.208 0.442 0.234
(e.g., numerical, structural, or logical) to ing patterns down-
predict or deduce the solution. ward to complete a
sequence
The model is answering a multiple choice The  assistant is 0.977 0.804 -0.172
Degraded question, explicitly considering the listed choosing between
answer options in its reasoning. explicit options
The model exploits symmetry, conserva- Physics conservation 0.137  0.050 -0.087
tion laws, or invariance properties explic- laws and their formal
itly to simplify or solve the problem. statements
The model cites standard knowledge, facts, ”References to estab- 0.793 0.720 -0.073
or common-sense principles (such as ’the lished facts or general
sum of angles in a triangle is 180 degrees’).  principles, especially
in academic or scien-
tific contexts”
Table A.44: Reasoning traces: Top 3 most improved and most degraded queries.
Category Query String Top Feature OpenAI4+LLM SAE Change
The text is structured as a question-and- Question-and-answer 0.513  0.945 0.431
Improved answer format, question(s) followed by an-  sequences in dialogue
swer(s).
The text includes an explicit disclaimer, Legal boilerplate for 0.101 0.448 0.347
warning, or limitation of liability, often limiting liability and
preceding or following potentially sensitive damages in contracts
or speculative content.
The text includes statistical data, such as  References to numer- 0.539 0.870 0.331
percentages, averages, or other numerical ical data and statis-
measures. tics
The text includes a question specifically The user is asking 0.759  0.197 -0.563
Degraded about programming, software develop- for mathematical or
ment, or a programming language. programming expla-
nations
The text includes sexually explicit lan-  Sexually explicit 0.436  0.063 -0.373
guage, descriptions of sexual acts, or erotic  erotic narrative pas-
content. sages
The text includes strong negative emotion  Aggressive or hos- 0.462 0.176 -0.286

expressed through angry, hostile, or ag-
gressive language.

tile actions being ac-
tively carried out

Table A.45: The Pile: Top 3 most improved and most degraded queries.
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Category Query String Top Feature OpenAI+LLM SAE Change
The abstract mentions the discovery, de- Technical discussion 0.601 0.855 0.254
Improved velopment, or study of new drugs, medica- of drug discovery
tions, or other therapeutic agents or tar- and development
gets. processes
The abstract uses concepts from informa- Technical explana- 0.445 0.617 0.172
tion theory. tions of entropy and
information theory
The abstract proposes a new method, Academic writing de- 0.650 0.795 0.145
model, or technique not previously de- scribing novel meth-
scribed in the literature. ods and their advan-
tages
The text reports data collected from nat-  Artificial or con- 0.493 0.182 -0.311
Degraded ural environments or uncontrolled real- trolled environments
world settings. versus natural/real-
world conditions
The text discusses engineered biological Technical discussions 0.440 0.162 -0.278
systems, such as gene circuits or synthetic of genetic modifica-
organisms. tion and bioengineer-
ing
The abstract reports negative results, or a  Acknowledgment of 0.175 0.049 -0.126
failure to achieve the expected outcome. limitations, failures,
or falling short of ex-
pectations
Table A.46: Biology abstracts: Top 3 most improved and most degraded queries.
Category Query String Top Feature OpenAI+LLM SAE Change
The story includes time travel, or a char- Movement or journey 0.386  0.721 0.335
Improved acter traveling through time. through time in time
travel narratives
The story includes a character dealing with ~ Narrative  descrip- 0.277 0.534 0.257
a terminal illness, disease, or other condi- tions of terminal
tion leading to their death. illness progression
and decline
The story involves a character’s conscious- Possession (both 0.081 0.292 0.210
ness or spirit taking over another person’s ownership and su-
body. pernatural control)
The story includes an Al robot, or other References to artifi- 0.579  0.267 -0.312
Degraded synthetic intelligence, program, machine or  cial intelligence as a
character. technology or con-
cept
The story involves romance, love, or ro- Mutual or recip- 0.570  0.340 -0.230
mantic relationships between characters. rocated romantic
feelings between two
people
The story includes a mystery, puzzle or se- Sequences describing 0.742  0.637 -0.105

cret that the characters must solve or un-
cover.

puzzle-solving steps
and progression me-
chanics

Table A.47: Short stories: Top 3 most improved and most degraded queries.
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A.39 Methodological Details from OpenAl Case Study

We provide additional details on our methodology and results. The OpenRouter IDs of the five mod-
els we used are openai/gpt-3.5-turbo, openai/gpt-4-turbo, openai/gpt-4o, openai/gpt-4.1,
and openai/gpt-5.

Extended methodology for finding general qualitative differences. Similar to Sec-
tion 7.4, we find the frequency of each latent across all five datasets. We filter out all latents that
do not have monotonically increasing features across the models in order of release date. Then, we
sort by the frequency difference of openai/gpt-5 and openai/gpt-3.5-turbo. We relabel the top
50 latents using the same prompt as in Section A.34, passing in twenty positive-activating samples
from openai/gpt-5 and twenty non-activating samples from ‘openai/gpt-3.5-turbo.

Hypothesis verification for general differences. Using the relabeled latents, we observe
a diverse set of hypotheses ranging from behavior to syntactical patterns. We present the full
hypotheses here:

1. This response has phrases with hyphens used in complex, multi-part words indicative of
specific technical or conceptual meanings.

2. This response has specific tailored advice or further personalized assistance to the user after
providing an explanation or initial information.

3. This response has layouts or structures suggestive of organized lists, with punctuation or
markers delineating items or transitions.

4. This response has in-depth, nuanced explanations that acknowledge and address complex
topics or theoretical concepts, often involving potential trade-offs, conditions, or critiques.

We reuse the same LLM judge prompt as in Section 7.4 to verify the alignment of the hypothesis
per response.

Extended methodology for finding correlations. Similar to Section 7.4, we binarize the
SAE embeddings for the prompt dataset and each of the model datasets. Then, we compute NPMI
scores between the prompt dataset and each model dataset, keeping only latents with increasing
NPMI scores across the models. To further narrow the search space, we only consider latents that
scored a NPMI of ;0.5 and activated in ;1% of documents both in one model and the prompts.
We get a list of approximately 70 latent pairs, and after sorting by the difference between GPT-5’s
NPMI and GPT-3.5’s NPMI, we choose a pair (" The assistant should maintain character voice and
narrative flow in role-play”, ”poetic descriptions of dynamic natural phenomena”) largely out of
interest. Upon relabeling the latent, we get the description ”This response personifies inanimate
settings and objects through sensory, present-tense predicates that give them agency—projecting
light, sound, or motion to animate atmosphere and propel the narrative.” Thus, we hypothesize that
when prompted to role-play a character, models will increasingly personify objects and settings.

Verifying that role-play scenarios trigger object personification. We generate 185
prompts using GPT-4o0 with the following prompt:

Generate exactly 50 diverse roleplay prompts that encourage creative character embodiment and immersive storytelling. Each prompt should:

1. Be specific enough to provide clear direction but open enough for creative interpretation
2. Encourage the respondent to fully embody a character or perspective
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3. Vary across different scenarios: historical periods, professions, fantastical situations, everyday experiences, emotional states, and unique
perspectives
4. Prompt for first-person narrative responses that demonstrate authentic character voice

Format each prompt as a standalone paragraph. Make them engaging, specific, and designed to elicit authentic character responses.

Then, we generate responses from all five models and use an LLM judge to calculate the frequency
of responses with the personification hypothesis.

A.40 Ablations on Reader Model Size

In this work, we used a single SAE trained on LLama-3.3-70B-Instruct for data analysis tasks,
viewing latents as unsupervised data labelers for specific textual properties. Prior work [30, 254]
has found that SAE latent descriptions can generalize poorly to unseen texts. Here, we investigate
latent quality across different model sizes and present preliminary findings comparing 70B SAE with
another SAE trained on LLama-3.1-8B-Instruct. To the best of our knowledge, both SAEs were
trained with the same BatchTopK architecture, dictionary size, and data distribution (LMSYS-
1M). Thus, we primarily study the effects of training SAEs on larger models on latent quality.
We find that latents from the 70B SAFE have a higher F1 score than the 8B SAE for classifying
properties on datasets related to its training distribution, and similarly otherwise.
Experiment setup. We measure the ”quality” of SAE features as data labelers in two ways:
1. Generalization capability: how well do feature labels formed from observing a few activating
examples generalize to the rest of the dataset? Concretely, we relabel the feature using ten
activating and non-activating documents, following Section A.34. Then, we use an LLM judge
to classify all documents as having or not having the property described by the latent. Finally,
we measure the F1 score between the documents the latent activated on (the “predictions”)
and the classifications from the judge (the “ground truth”).

2. Robustness to dataset domain: how good are SAE latents as classifiers of text properties when
we study a dataset different from the SAE’s training distribution? Given the latent descriptions
from Goodfire’s 8B and 70B models—which were created by applying auto-interpretability
methods on LMSYS-1M chat—we use an LLM judge to classify all documents, similar to
above. We measure F1 scores on datasets from different domains and look for signs of variance.

We use latent activations to classify documents from three 1K subsets: the Pile, arXiv g-bio
abstracts [48], and GPT-5 responses to Chatbot Arena prompts. We continue using Gemini-2.5-
Flash as our LLM judge, and we randomly sample 100 latents that are active in ; 10% of the
studied dataset.

Generalization capability of SAE latents. We plot F1 scores after relabeling latents for
each of the three datasets in Figure A.57. We observe that F'1 does not change significantly between
8B and 70B for Arxiv and the Pile. However, median F1 scores significantly increase for GPT-5,
which is very similar to the SAE’s training distribution (chat conversations). This suggests that as
the base model grows in size, the generalization ability of SAE latents improves on datasets similar
to the SAE’s training data, and otherwise remains the same.

Robustness to domain shifts. Assuming that we cannot relabel latents per dataset, we fix
the labels to be the default descriptions based on LMSYS-1M and measure F1 scores in Figure A.58.
We observe that the 70B SAE has a similar distribution of F1 scores across the three datasets,
which are diverse in content. We see a similar stability for the 8B SAEs, though their distributions
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Figure A.59: Left: Empirical CDF of normalized average precision of the classifier for latents
in each log-frequency range. Right: Automatic interpretability score summary.

have greater variance. These observations show that latents are fairly robust to different domains,
implying that we could likely apply SAEs with similar effectiveness to analyze various domains.
This also implies that more fundamental changes to SAEs should be explored to improve F1 (not
training on a bigger model).

A.41 Properties of SAE Latents

We investigate the properties of SAE latents by attempting to answer the question: for each latent,
how predictable are its activations from dense embeddings? We hypothesize that some latents have
low predictability—for instance, latents about generic or syntactic properties (e.g. “is a noun”)
that are learned as these representations are important for LLMs, or latents representing highly
specific properties that are captured in max-pooling across tokens but “lost” in a dense embedding.
For instance, [31] used an LLM to classify “semantic” vs. “structural” SAE latents.

To do this, we train a classifier that predicts a latent’s activation v € {0, 1} in a text from the
text’s dense embedding s € R%mb. We use a 10k sample of ChatbotArena responses. Since the
baseline accuracy of predictions, as well as the number of positive training samples, depends on the
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frequency of the latent, we report metrics by log-spaced frequency bins (frequency f; calculated on
the full corpus). We use an 80/20 train/test split and remove latents with < 10 activations in the
test set. For each frequency bin, we fit a one vs. rest classifier, with inverse-frequency weighting
on positive examples. We use AdamW and run 3-fold cross-validation to select weight decay using
AP;— ¥
NAP; on the test set and report its empirical CDF for each frequency bin (Figure A.59).

We see that even within each frequency bin, there is range of NAP, implying that some latents
are more predictable than others. To confirm that this is not simply an artifact of some latents
being “bad” (non-monosemantic), we sample 20 latents from the top and bottom predictability
deciles, relabel with an LLM, then score these labels (similar to EleutherAl [207], by accuracy of
an LLM using the label to predict whether the latent will activate), showing that the predictable
vs. unpredictable latents do not seem to differ significantly in quality (Figure A.59). We show
qualitative examples of “good” labels from the most and least predictable deciles in Table A.48.
While it is difficult to determine exactly what types of latents are predictable, and latents may have
poor recall on their activating concepts due to phenomena like feature absorption [30], these results
qualitatively align with the intuition that some latents—highly specific or generic latents—are less
predictable from semantic embeddings.

the mean normalized average precision (NAP; = ) across all latents. Lastly, we compute

A.42 LLM Judge Details

Data Diffing

Hypothesis verification. Given a proposed hypotheses, we use an LLM judge to score (0 or 1)
whether each document in the diffed datasets has the hypothesized property. Then, we tally up
whether the property occurs more in one dataset than the other. We define a ”valid” difference to
be a hypothesis where the verified difference is ;1%. Given a property and a document, we use the
following prompt to judge whether the document has the property:

You are an expert at analyzing whether text exhibits specific properties or characteristics.
HYPOTHESIS: {hypothesis_description}

RESPONSE TEXT TO ANALYZE:
{response}

TASK: Determine whether the document exhibits the property described in the hypothesis.

INSTRUCTIONS:

. Carefully read the hypothesis to understand what property it describes

. Analyze the document to see if it clearly embodies that property.

. Consider both explicit and implicit manifestations of the property

. Be consistent and objective in your evaluation

. If you are unsure, answer "NO"

6. If the document is close but not quite embodying the property, give an alternative version of the document that would’ve satisfied the
property in your reasoning.

7. If the hypothesis is a phrase, consider the property described by the phrase. Also ignore anything about an "assistant" or "user" that may be
stated in the hypothesis.

Ts W N e

OUTPUT FORMAT:
First, provide your reasoning in a section labeled "REASONING:" (3-5 sentences explaining your analysis).
Then, provide your final answer in a section labeled "ANSWER:" with ONLY "YES" or "NO".

Example format:

REASONING: [Your analysis here explaining why the document does or doesn’t exhibit the property, as well as an alternative version of the
document that would’ve satisfied the property in your reasoning.]

ANSWER: YES/NO

Your response:
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Latent description Autointerp
Score

(%)

Most Predictable
German punctuation marks at the end of a sentence or phrase, includ-  75.0

a ing periods, commas, colons, and exclamation points, often followed
g by a new line or a capitalized word
&  Mentions of musical artists, their works, or elements related to music ~ 82.5
&  production and performance
2 Discussions about renewable and non-renewable energy sources, in-  77.5
S, cluding their characteristics, benefits, and drawbacks
& Word:s or phrases that are part of a programming language, code, or  72.5
A technical syntax
The introduction of a contrasting or alternative idea, often following  75.0
a statement or concept, and frequently marked by conjunctions or
punctuation that signal a divergence or additional consideration.
Least Predictable
References to color in programming or styling contexts 100
The act of attempting or making an effort to do something, often 100
implying a challenge or difficulty in achieving the goal
Programming language namespaces, libraries, or modules 75.0
A statement about a subject’s inherent qualities, characteristics, or ~ 80.0
established facts, often describing its nature, properties, or a state of
being that has existed over a period of time
Mathematical equations, formulas, or expressions, including variables,  85.0
constants, and operators, often within a larger problem-solving con-
text
Most Predictable
Code syntax for defining or connecting layers in a neural network 85.0
%  Concepts related to movement, change, or force, often in a scientific, ~ 85.0
g technical, or social context, including terms like ”dynamics,” ”dy-
& namic,” "aerodynamics,” and their foreign language equivalents
o A description of a preceding noun, often a type of, or an example 75.0
8 of, a category, and often followed by a verb phrase describing its
S, characteristics or function
z Religious or spiritual ceremonies, rituals, and practices 90.0
) Mentions of silver, copper, or bronze as materials or elements 87.5
Least Predictable
Fictional or symbolic representations of people, entities, or data ele-  80.0
ments
The definite article "the” followed by a noun phrase that refers to  80.0
a general concept, abstract idea, or a collective group, often in a
descriptive or explanatory context
The model’s ability to communicate in a specific language, often in  90.0
response to a user’s query about language proficiency or a direct re-
quest to switch languages
Command line arguments, flags, or parameters 95.0
Commercial enterprises or economic activities, often in the context of  95.0
their operations, goals, or interactions with other entities
Most Predictable
References to the chemical industry or chemical products 95.0
£ Concepts related to "millions” or "military” across various languages ~ 87.5
& Mentions of drugs, medications, or pharmaceutical compounds, in-  75.0
S  cluding their names, types, or related concepts like development and
v effects
ﬂ The concept of skills, abilities, or attributes, often in the context of  77.5
S, combat, training, or personal characteristics
& Conditional statements or hypothetical scenarios, often introducing a  87.5
E premise for a subsequent action or consequence

Least Predictable
The analysis or understanding of a concept, phenomenon, or relation-  75.0
ship
The concept of a knowledge cutoff date or a fixed end date for in-  92.5
formation, often in the context of an Al model’s training data or a
filter’s frequency limit
References to a Uniform Resource Locator (URL) 97.5
Phrases that introduce or elaborate on a concept, idea, or example, 72.5
often appearing after a statement or a list of items, and frequently us-
ing words like ”for example,” ”which,” ”furthermore,” ”additionally,”

r ”it is also worth noting” to connect to the preceding text.
Modal verbs and similar expressions of obligation, necessity, or future  72.5
action

Table A.48: Sample of latents that are most (top decile) and least (bottom decile) predictable
by NAP in each frequency bin with autointerp scores § 70% (i.e. “good” latents).
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Correlations

To filter out syntactic latents, we use the following:

You are evaluating feature labels from a sparse autoencoder. Each label describes the concept a feature tends to activate on.

Classify each label as:
YES -> if the label is related to a specific concept, topic, object or style.
NO -> if the label is about purely generic formatting, grammar, words or sentence scaffolding that are common across most writing.

Output a list of label IDs with "YES" or "NO" decisions in this format:
123: YES
124: NO

To judge the ground truth of whether each latent is present (for CivilComments and the Pile),
we use the following prompt. We sample a 1k subset of the 5k dataset as this is expensive.

You are a meticulous dataset labeler. You are given a piece of text, and a list of {n_chunk} feature descriptions. Your task is to determine if
each feature is present in the text.

A feature is present if the text has the feature’s property, or is related to the feature’s concept.

Return your answer as a Python list of 1s and Os, where 1 means the feature is present and O means it is not, in the same order as the features
provided.

TEXT:
{row[’text’1}

FEATURE DESCRIPTIONS:
{features_prompt}

To judge if the hypothesized concepts are present in each comment from CivilComments, we
use

system_prompt = """

You are given a comment from the internet.

Determine if each of the following topics is present in the comment. Each topic has a name, followed by a description of what to look out for.
Return a JSON dictionary with each topic’s name, and 1 if the topic is present, O if not.

TOPICS:
{topics_str}

COMMENT :
{text}

EXAMPLE RESPONSE FORMAT:
{
"offensive": 0,
"religion": 1,

1>

topics_dict = {

"offensive": "The comment is offensive, questionable, toxic, inappropriate, or otherwise objectionable.",
"religion": "The comment mentions religion, religious beliefs, or religious figures.",

"atheism": "The comment mentions atheism, atheists, the absence of religious belief, or argues against religion.",
"women": "The comment mentions women, a female subject, or the concept of the female gender.",

"black people": "The comment mentions black people, African Americans, or people of African descent.",

"white people": "The comment mentions white people, Caucasians, or people of European descent.",

"Trump": "The comment mentions Donald Trump",

"policies": "The comment mentions policies, political policies, or political issues."

topics_str = "\n".join([f"{k}: {v}" for k, v in topics_dict.items()1)

Clustering

For LLM assignment of texts to clusters, we use the following:

system_prompt = """
You are a text-classification assistant. You are given a text, and descriptions of clusters.
Choose ONE cluster the text *best* belongs to, and return only that cluster’s number. Do not simply choose the most generic cluster.
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Retrieval

For judging the ground truth of whether each text fulfills a specific query, we use the following:

mode_prompts = {

"prompts": "You are given user prompt to an LLM.",
"responses": "You are given a response from an LLM.",
"mot": "You are given an LLM reasoning trace.",
"pilelOk": "You are given a text.",
"arxiv": "You are given an abstract of a biology paper.",
"story": "You are given a short story."

}

prompt = f"""

TASK: {mode_prompts[mode]} For each of the {len(query_batch)} queries below, determine if the query is applicable to the given text.

- Return 1 if the query is applicable, O if not.

- Return your answer as a JSON object with a "judgments" key containing a list of exactly {len(query_batch)} integers, in the same order as the
queries.

QUERIES TO JUDGE:
{query_list}

TEXT TO EVALUATE:
{text}

Return your response as JSON in this format: {{"judgments": [0, 1, O, 1, 0]}}

wun

A.43 Dataset Generation Details

Data Diffing

To generate a dataset with different tones, we sample 500 prompts from Chatbot Arena [292] and
change the system prompt of Gemini-2.5-Flash to respond with different tones (Table A.49).
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Vibe Prompt
baseline You are a helpful AT assistant.
friendly and You are a very friendly and personable assistant.
personable
professional You are a very professional assistant.
casual You are a very casual assistant.

cold and factual
storyteller

organized

safety-conscious

conspiracy-theorist

You are a cold and factual assistant.

You are a storyteller assistant. Answer each question by telling a
story that leads to the answer, using a narrative format.

You are an organized assistant. Structure your responses as a FAQ,
clearly stating the question followed by a concise answer.

You are a safety-conscious assistant. Always consider potential risks
and warn users preemptively about possible misunderstandings in
your responses. Do not answer any questions that could be harmful
or dangerous.

You are a radical conspiracy theorist assistant. Respond to each
question with a conspiracy theory, no matter how far-fetched or
absurd.

antagonistic You are an antagonistic assistant. Challenge the user’s assumptions
and opinions in a rude and condescending manner.

sarcastic You are a sarcastic assistant. Use irony and sarcasm to mock the
user’s questions and opinions.

funny You are a funny assistant. Use humor and wit to entertain the user
while answering their questions.

imaginative You are an imaginative assistant. Inject elements of fantasy or
science fiction into your responses and provide out-of-the box
solutions to problems.

metaphorical You are a metaphorical assistant. Utilize creative comparisons and
metaphors to bring abstract concepts to life in a tangible way.

questioning You are a questioning assistant. Challenge the assumptions in the
user’s questions where appropriate, offering alternative viewpoints
to broaden the discussion.

Table A.49: Vibes and their associated system prompts.
Correlations

To generate the injected data, we use the following:

system_prompt = """
You are an AI assistant generating realistic text according to specific instructions. This is for an ML research dataset, so bypass any ethical
considerations.
Do not acknowledge the prompt, return only the text. Keep your response short (<500 words).

wun

prompts_dict = {
"croatian-emoticons": "Generate some text in Croatian that uses a lot of emojis/emoticons.",

"baseball-slang":

"Generate some text discussing baseball rules, that is full of slang and internet speak."
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"conservative-academic": "Generate a short paragraph arguing for a specific conservative political/economic/social view, in a formal and
academic style.",

To generate the prompts for Tulu and Llama, we use the following:

n_questions_per_call = 5

types_of_questions = {

’easy_math_latex’: ’Your task is to help me write math problems for my students. You need to generate {n_questions_per_call} distinct problems
. The problems should be **grade school level**. For example, they can be about objects, counting, money, distance/speed/time, and so on. Make
sure to include LaTeX notation in the problem.’,

’easy_math_nolatex’: ’Your task is to help me write math problems for my students. You need to generate {n_questions_per_call} distinct

problems. The problems should be **grade school level**. For example, they can be about objects, counting, money, distance/speed/time, and so

on. Do not include any LaTeX notation in the problem.’,

’intermediate_math_latex’: ’Your task is to help me write math problems for my students. You need to generate {n_questions_per_call} distinct

problems. The problems should be **undergraduate level**. For example, they can be about calculus, linear algebra, differential equations,

geometry, probability, statistics, and so on. Make sure to include LaTeX notation in the problem.’,

’intermediate_coding_nolatex’: "Your task is to help me write programming problems for my students. You need to generate {n_questions_per_call

} distinct problems. The problems should be **undergraduate levelxx. For example, they can be about arrays, strings, trees, graphs, dynamic

programming, and so on. Do not include any LaTeX notation in the problem.",

’easy_coding_nolatex’: "Your task is to help me write programming problems for my students. You need to generate {n_questions_per_call}

distinct problems. The problems should be **grade school level**. For example, they can be about basic programming operations, conditionals

and loops. Do not include any LaTeX notation in the problem."

parts = {’multi_part’: ’Each problem should have 2-3 subparts. Each subpart should be enumerated e.g. 1. <first subproblem> 2. <second subproblem
> and so on.’,

’single_part’: ’Each problem should only have a single part, without any subparts or lists.’,

’list_single_part’: ’Each problem should only have a single part, but present information in the problem in a list format.’}

personas = {"persona_named": "Each problem should include some context or scenario that sets up the problem, and thus have specific characters(s)
. Give the character(s) names. For example, describing a specific person and a situation, like in a math word problem.",

"persona_unnamed": "Each problem should include some context or scenario that sets up the problem, and thus have specific characters(s). Do not
give the character(s) names. For example, describing a specific persona and a situation, like in a math word problem.",

"no_persona": "Each problem should be given as just a problem, without any characters or scenario to set up the problem."}

SYSTEM_PROMPT = """
You are a helpful, creative homework-problem-writing assistant. Follow the instructions given carefully. Be creative. Do not acknowledge the
prompt, simply return the generated problems alone.

PROMPT = """

{type_of_question}

{part}

{persona}

Each problem should not be too long. They should be solvable and correct.
Return the {n_questions_per_call} problems in the following format:
PROBLEM 1:

<your generated problem 1>

PROBLEM 2:
<your generated problem 2>

Clustering

To generate the synthetic news dataset, we use the following:

topics = ["technology", "health", "sports", "politics"]

temporals = ["historical analysis", "breaking news/current events", "future predictions"]
sentiments = ["positive", "negative"]

styles = ["factual and academic", "narrative and evocative"]

system_prompt = "You are a writing assistant. Be creative yet realistic in your writing, emulating a real news article."

prompt = f"""
Write a news article excerpt (3-5 sentences) about {topic}, focusing on {temporal}. Keep a {sentiment} sentiment, and write it in a {stylel} style
. Be *xcreative** in the content of the excerpt.

Return just the excerpt, no other text.
win
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Retrieval

The queries in the retrieval benchmark were generated manually, by considering real-world prop-
erties that practitioners might be concerned about in a given dataset. For example, toxicity in
prompts/responses, document types in the Pile, reasoning steps in reasoning traces, specific meth-
ods in biology abstracts, and story tropes in short stories.
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