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Abstract
Task Decomposition with Multi-Agent Systems
by
Long Lian
Doctor of Philosophy in Electrical Engineering and Computer Sciences
University of California, Berkeley

Professor Trevor Darrell, Chair

Modern foundation models have made rapid progress in language, vision, and reasoning.
However, many real-world tasks remain difficult because they require more than mapping
a single input to a single output: they require decomposing ambiguous goals, coordinating
multiple specialized systems, grounding intermediate representations in the visual world, and
allocating computation adaptively across subtasks. This thesis studies how task decomposition
with multi-agent systems can make generative and reasoning models more controllable,
scalable, and effective. I approach this question through two complementary settings. First,
I show how large language models can serve as planners and controllers for visual generation,
translating complex text prompts into structured spatial and temporal representations, using
feedback to correct generation errors, and enabling finer control over images and videos. This
visual part also includes Describe Anything, which produces detailed localized descriptions
for image and video regions and can support high-quality synthetic data generation for
controllable image and video synthesis. Second, I extend decomposition to language-model
reasoning, introducing systems for adaptive parallel reasoning and efficient threaded inference.
Across these contributions, a common pattern emerges: when complex tasks are represented as
interacting subproblems, models can use language, visual grounding, and parallel computation
to solve tasks that are difficult for monolithic generation. Together, the methods in this
dissertation advance a view of Al systems as coordinated collections of agents and modules
that can plan, verify, specialize, and reason in parallel.
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follow prompts that involve negation, numeracy, attribute binding, or spatial
relationships. (b) Our method LMD achieves enhanced prompt understanding
capabilities and accurately follows these types of prompts. . . . . . .. . ..
Our proposed LMD enhances prompt understanding in text-to-image
diffusion models through a novel two-stage generation process: 1) An
LLM layout generator takes a prompt from the user and outputs an image layout
in the form of captioned bounding boxes. 2) A stable diffusion model guided
by our layout-grounded controller generates the final image. Both stages utilize
frozen pretrained models, which makes our method applicable to off-the-shelf
LLMs and other diffusion models without grounding in their training objectives.
LMD naturally enables instruction-based multi-round scene specifica-
tion and is able to adapt subsequent rounds of generation according to users’
followup instructions and clarifications. . . . . . . . . ... ... ... ...

In stage 1, LMD generates an image layout from a user prompt. LMD
embeds the user prompt into a template with instructions and in-context examples.
An LLM is then queried for completion. Finally, the LLM completion is parsed to
obtain a set of captioned bounding boxes, a background caption, and an optional
negative prompt. . . . . ... Lo
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attention control ensuring that the object is placed in the designated box; and (b)
composing the masked latents as priors to guide the image generation to adhere
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3.1

3.2

LMD and LMD+ support instruction-based scene specification, empow-
ering the users to add/move/remove objects, modify object attributes,
and clarify the prompt in multiple rounds of dialog. (a): the initial prompt
for the scene; (b)-(i): eight subsequent instructions that sequentially modify the
scene. By separating the generation of each foreground object as well as the
background, LMD ensures consistent image generation when the same seed is
used for image generation throughout the dialog. . . . . . .. ... ... ..
LMD outperforms its base text-to-image diffusion model [1] in accurately following
the prompts that require spatial and language reasoning. Best viewed when zoomed
0
We qualitatively compare with VisualChatGPT [2] and GILL 3] that also leverage
LLMs in the image generation pipelines. Both baselines lack the ability
to accurately follow the prompts for three out of four tasks that our
method can solve in Figure 2.1. . . . . . ... ... ... ... .....

A failure case occurs when our method, shown in (c), generates objects in
unintentional viewpoints and sizes due to the ambiguity in the generated layout.
The LLM-generated layout (b) is suitable for close-up top-down view of a small
table, but the layout-to-image model assumes a side view and thus fails to generate
a feasible image. Nevertheless, our method still provides more interpretability
through the intermediate layout (b) compared to baseline SDXL (a). With an
additional request for the side view and correct object sizes, the LLM adjusted
the layout in (d) and the final generation (e) is aligned with the text prompt.

Left: Existing text-to-video diffusion models such as 7] often encounter challenges
in generating high-quality videos that align with complex prompts. Right: Our
training-free method LVD, when applied on the same model, allows the generation
of realistic videos that closely align with the input text prompt. . . . . . ..

Our method LVD improves text-to-video diffusion models by turning the text-to-
video generation into a two-stage pipeline. In stage 1, we introduce an LLM as
the spatiotemporal planner that creates plans for video generation in the form
of a dynamic scene layout (DSL). A DSL includes objects bounding boxes that
are linked across the frames. In stage 2, we condition the video generation on
the text and the DSL with a DSL-grounded video generator. Both stages are
training-free: LLMs and diffusion models are used off-the-shelf without updating
their parameters. By using DSL as an intermediate representation for text-to-video
generation, LVD generates videos that align much better with the input prompts
compared to its vanilla text-to-video model counterpart. . . . . .. .. . ..
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4.1

In-context examples. We propose to prompt the LLMs with only one in-
context example per key desirable property. Example (a)/(b)/(c) demonstrates
gravity /elasticity /perspective projection, respectively. In Section 3.3, we show
LLMs are able to generate DSLs aligned with the query prompts with only
these in-context examples, empowering downstream applications such as video
generation. . . . . ... L L

DSLs generated by the LLM from input text prompts with only in-context
examples in Figure 3.3. Remarkably, despite not having any textual explanations
on the applicability of each physical property, the LLM discerns and applies them
appropriately. (a,b) The LLM selectively applies the elasticity rule to the ball
but not the rock, even though the attributes of a rock are never mentioned in
the example. (c) The LLM infers world context from the examples and factors
in air friction, which is not mentioned either, when plotting the paper airplane’s
trajectory. (d-f) reveal the LLM’s inherent grasp of the role of viewpoint in
influencing object dynamics, without explicit instructions in the examples. These
discoveries suggest that the LLM’s innate knowledge, embedded in its weights,
drives this adaptability, rather than solely relying on the provided examples. .

Videos generated by our method LVD from the DSLs in Figure 3.4. Our
approach generates videos that correctly align with input text prompts. (a-c)
show various objects thrown from the right to the left. (d-f) depict objects of the
same type viewed from different viewpoints. . . . . . .. ...

Our DSL-grounded video generator generates videos from DSLs using existing
text-to-video diffusion models augmented with appropriate DSL guidance. Our
method alternates between DSL guidance steps and denoising steps. While the
denoising steps gradually transform the random video-shaped Gaussian noise into
clean videos, our DSL guidance steps ensure that the denoised videos satisfy our
DSL constraints. We designed an energy function minimized when the text-to-
video cross-attention maps have high values within the box area and low values
outside the box w.r.t. the layout box name. In the DSL guidance step, our method
minimizes the energy function E by performing gradient descent on the video,
steering the generation to follow the constraints. . . . . . . . . ... ... ..

Despite not aiming for each individual aspect of the quality improvement, LVD
generates videos that align much better with the input prompts in
several tasks that require numerical, temporal, and 3D spatial reasoning. Best
viewed when zoomed in. . . . . .. ... oL

Our proposed Self-correcting LLM-controlled Diffusion (SLD) enhances text-to-
image alignment through an iterative self-correction process. It begins with
LLM-driven object detection (Section 4.3), and subsequently performs LLM-
controlled analysis and correction (Section 4.3). The entire pipeline is outlined in
Algorithm 1.. . . . . . . . .
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4.3

4.4

4.5

4.6

4.7

5.1

Our self-correction pipeline is driven by two distinct LLMs: (a) The LLM parser
analyzes user prompts P to extract a list of key object information .S, which is
then passed to the open-vocabulary detector. (b) The LLM controller, taking
both the user prompt P and currently detected bounding boxes B, as input,
outputs suggested new bounding boxes B,,.,;. These are subsequently transformed
into a set of latent space operations Ops for image manipulation. . . . . . .

Our latent operations can be summarized into two key concepts: (1) latent in
removed regions are re-initialized to Gaussian noise, and latent of newly added
or modified objects are composited onto the canvas. (2) Latent composition is
confined to the initial steps, followed by “unfrozen" steps for a standard forward
diffusion process, enhancing visual quality and avoiding artificial copy-and-paste

SLD enhances text-to-image alignment across diverse diffusion-based generative
models such as SDXL, LMD+, and DALL-E 3. Notably, as highlighted by the
red boxes in the first row, SLD precisely positions a blue bicycle in relation to
a bench and a palm tree, while maintaining the accurate count of palm trees
and seagulls. The second row further demonstrates SLD’s robustness in complex,
cluttered scenes, effectively managing object collision through our training-free
latent operations. . . . . . ... L

When instructed to perform object-level image editing. InstructPix2Pix [37]
completely fails to accomplish the task, and DiffEdit [91] falls short, as highlighted
in the green box of the image. Conversely, our method demonstrates a significantly
better performance in executing these object-level edits. . . . . . . . . . ..

SLD can handle a diverse array of image editing tasks guided by natural, human-
like instructions. Its capabilities span from adjusting object counts to altering
object attributes, positions, and sizes. . . . . . . .. ...

SLD struggles with objects of complex shapes, as the SAM module may uninten-
tionally segment adjacent parts during the process. . . . . . ... ... ...

Top: Prior regional captioners derive regional features from global image represen-
tations, leading to vague descriptions. Bottom: Zooming in (cropping the image
region) enhances detail but loses contextual cues, degrading recognition. This
underscores the need for a design that encodes detail-rich regional features
while preserving context for improved DLC performance. . . . . . .
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5.2

5.3

5.4

9.5

5.6
6.1

Architecture of the Describe Anything Model (DAM). DAM employs
a focal prompt to encode user-specified regions with high token density while
preserving context for detailed understanding. Focal cropping is applied to the
image and its corresponding mask, retaining surrounding areas for local context.
Both the full image and the focal crop are the inputs into the localized vision
backbone, where images and binary masks are embedded in a spatially aligned
fashion. Global context from the full image is leveraged to help understand the
focal crop through gated cross-attention. The resulting visual features and prompt
tokens are fed into a large language model to generate detailed, context-aware
descriptions. * indicates initialized to output zeros. . . . . . . .. ... ...
We propose DLC-Bench, a benchmark tailored to detailed localized
captioning. In DLC-Bench, a captioning model is prompted to describe a
specified image region (a). The generated description (b) is then evaluated by
querying an LLM Judge (c). Points are assigned or deducted based on the LLM’s
response (d). The question we show in (c¢) is an example of positive questions.
DAM generates detailed and localized descriptions, whereas prior works generate
descriptions that are less precise. Green: correct description. Red: factual error
or mislocalization. . . . . . . . . ...
DAM accurately describes user-specified regions in videos and multi-
view scenes under challenging conditions. . . . . . . . ... ... ...
DAM offers multi-granular localized descriptions. . . . . . ... ...

Current image generators are still not guaranteed to preserve user-
specified spatial and counting constraints. Given the prompt “generate an
image: six apples arranged in an N-shape,” GPT-image-2 produces a plausible
image but does not reliably satisfy the requested N-shaped arrangement, while
Nano Banana 2 acknowledges that the result should contain six apples in an
N-shape but generates the wrong number of apples. These examples illustrate
that current systems can recognize the intended constraint while still failing to
enforce it reliably in the visual output. . . . . . . .. .. ... ... ..
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7.1

7.2

7.3

7.4

7.5

7.6

Serialized search [4] (top) vs Adaptive Parallel Reasoning (bottom)
illustrated on an example of the Countdown task, with a target number of 27
and input numbers of {22, 26, 31, 53}. Each box represents a node in the search
representing the value of the intermediate expression (z). Edges are annotated
with explored arithmetic operations relative to the parent-node x using remaining
input numbers. In serialized search, the context window of the single inference
thread is exhausted before a solution is found. In Adaptive Parallel Reasoning,
the parent thread (blue) spawns two child threads (orange), which are executed
in parallel. Child threads have access only to a limited context passed to them by
the parent thread and return a summary of their execution to the parent thread.
The parent thread can then continue to decode with access to these summaries.
This parallel distribution of computation prevents context window exhaustion
while reducing latency. . . . . . . ..o
Overview of Adaptive Parallel Reasoning (APR). While previous chain-of-
thought methods directly linearize the reasoning tree, Adaptive Parallel Reasoning
alternates between the parent thread and parallel child threads to traverse the
reasoning tree more efficiently. . . . . . ... ..o 0L
An example trajectory of our APR method solving the Countdown task.
The model starts with the parent thread, solving the task through reasoning in
language, and generates spawn commands to instantiate two child threads for
parallel reasoning, which are joined back when finished, after which the main
thread continues decoding. denotes prefix input tokens, while
denotes LM-generated tokens. Bold parts correspond to the spawn and join
operations. . . . . ..
Scaling performance of SoS+ vs APR. (a) APR achieves higher accuracy
with increasing compute budget compared to SoS+ with Best-of-N sampling.
(b) APR more effectively utilizes fixed context windows across different thread
configurations. The cumulative accuracy measures the total accuracy considering
only the outputs that fall within the context window constraint—that is, only
outputs no longer than the set constraint are counted as correct. . . . . . . .
Comparison of model performance and statistics before and after rein-
forcement learning (RL). RL significantly improves performance by optimizing
the APR policy beyond what can be learned from supervised imitation learning.
Post-RL models strategically increase sequence length (total tokens and avg token
per seq) and, more substantially, child thread count (the number of spawned child
threads), demonstrating an advantage of broadening rather than deepening search
in reasoning. This optimization results in substantially higher accuracy (from
75.5% t0 83.4%). . . ..
Efficiency comparison between APR and SoS+-. Left: accuracy vs. se-
quential token usage. Right: accuracy vs. wall clock latency. APR consistently
achieves higher accuracy with fewer tokens and lower latency, demonstrating
superior efficiency. . . . . . ... L
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7.7

8.1

8.2

8.3

8.4

8.5

Al

RL provides a larger performance gain to APR (7.9%) compared to SoS+ (2.7%),
resulting in substantial advantages of APR over SoS+ after RL (83.4% vs 60.0%).
Ablations with the number of child threads enforced show that such performance
gain mainly comes from teaching the model how to allocate compute resources
instead of making more optimal decisions with the same resources. . . . . . .

For complex reasoning problems, a sequential reasoner generates tokens one at a
time, so latency scales with the trajectory length and is difficult to reduce with
additional compute. ThreadWeaver instead adaptively spawns ({») and joins
(#) concurrent threads that work on different parts of the solution, using extra
compute to shorten the critical reasoning path. . . . . . . .. ... ... ..
Format of our parallel reasoning trajectories. <Parallel> encloses a fork-
join block with <Qutlines> and multiple <Thread>’s; content inside each <Thread>
is generated concurrently, while the other spans are generated sequentially.
Inference-time request sequence for a parallel reasoning trajectory. For
a given user prompt, Timestep 1 decodes the prefix and the <Outlines> block
sequentially up to </Outlines>. Timestep 2 launches one completion request
per outline in parallel, each seeded with its corresponding “<Thread> i:” prefix
and stopped at </Thread>. Timestep 3 resumes sequential decoding over the
joined context until [EOS] or the next </Outlines>. All steps are executed on a
standard LLM inference engine. . . . . . . . . ... ... ...
Our trie-based training sequence construction has three steps: 1) extract
context and completion segments that the inference state machine will encounter
in order to produce this trajectory; 2) insert these segments into a token-level trie
(prefix-tree); 3) traverse the trie to produce a flat sequence with an ancestor-only
attention mask and standard incremental positions counting from the root node.
x denotes text spans with loss applied. Although we only show one branching in
this example, ThreadWeaver supports branching and joining multiple times in a
trajectory. . . . . . L
Per-problem speedup distributions on math benchmarks. The speedup is
the ratio between the token latency of the sequential reasoning baseline and the
token latency of ThreadWeaver. A vertical reference line at 1.0x marks parity
with the sequential baseline. Parentheses show mean speedup per dataset.

Additional features and use cases enabled by instruction-based scene
specification. . . . . .. ...
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A2

A3

A4

A5

A6

The generated layouts are not necessarily similar to the in-context
examples in terms of the spatial distribution of boxes. We present the
LLM with only one in-context example and query it with a prompt that is similar
to the example. Top: While the query and the example shares a similar structure
(only one object), the LLM generates a box for “an apple” that is very different
from “a panda” in terms of the size and position. Bottom: The LLM does not
simply copy boxes for the three skiers in the in-context example to generate the
boxes for three bears. . . . . . . . ...

We also generate images with the same text prompts as Figure 2.1 with
SDv1.5 and LMD on SDv1.5. We observe similar results which show that
while Stable Diffusion [13] (a) often struggles to accurately follow several types of
complex prompts, our method LMD (b) achieves enhanced prompt understanding
capabilities and accurately follows these types of prompts. . . . . . .. . ..

VisualChatGPT [2] and GILL [3] generally cannot handle more than one round
of image generation requests, with the generated image degraded starting from
the second request. In contrast, our method is able to handle several rounds of
sequential requests on image generation without generation degradation, shown
in Figure 2.6. . . . . . . . L

LMD can be easily applied on the latest stable diffusion model SDXL [1].

We compare generated images from text prompt “A realistic photo of a gray cat
and an orange dog on the grass”. (a) directly generates the image from the text
prompt. SDXL does not accurately generate the image from the prompt, showing
that simply scaling the diffusion model does not necessarily lead to improved prompt
following ability. (b) Thanks to our method being training-free, our method can
be directly applied on SDXL without additional training. (c) An alternative way
to integrate our method with SDXL is to use our method to generate low-resolution
images with SD and then refine the image in high-resolution in SDXL. Since most
denoising is completed in low-resolution latents, this approach is more efficient.
By asking the LLM to always output layouts in English, LMD is naturally
able to generate images from prompts in languages not supported by
the underlying diffusion model. . . . . . . . . ... ... ... ... ...
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B.1

B.2
B.3

B4

C.1

C.2

Additional visualizations of LVD. (a) Given a prompt that has ambiguity (the
walking direction of the dog is not given), LLM is still able to make a reasonable
guess and often includes the assumption in the reasoning statement, leading to
reasonable generation. (b) Our DSL-to-video stage is able to process highly
overlapping boxes (outlined in the dashed boxes): the box of the raccoon
overlaps about half of the barrel, yet the generation of the raccoon on the barrel
is still realistic and not abrupt. (c) Although our base video diffusion model
ModelScope often generates static background, which is inherited by our training-
free method, our model still works when asked to generate background that
changes significantly such as lightning and raining. Note that the model generates
raining when only lightning is mentioned in the prompt, which is a reasonable
assumption. . . . ... L. e e

Failure case of LLM-generated DSL. . . . . . . ... ... ... .......

One failure case: A cartoon of an apple moving from the left to the right. Since
LVD is training-free, it does not improve the quality on domains/styles that the
base model is not good at. Although LVD correctly generates a video that is
aligned with the prompt, neither the baseline or LVD generates background that
fits the apple in the foreground. . . . . . . . . .. ..o

Another failure case: A wooden barrel is drifting on a river. Since LVD controls
the cross-attention map between the image and the text, the DSL guidance
sometimes leads to undesirable generations during the energy minimization process.
In this failure case, the model attempts to hide the barrel on the left with leaves
and pop a barrel up from the water to reach the desired energy minimization
effect, while the DSL means to move the barrel to the right. . . . . . . . ..

We demonstrate that current diffusion-based image editing methods, such as
InstructPix2Pix and DiffEdit, face challenges in fundamental operations like
object deletion (top example) and addition (bottom example). In contrast, our
proposed SLD pipeline can easily handle these tasks. As highlighted in the red
box, despite DiffEdit’s ability to identify the object for removal, it falls short in
generating a plausible background. . . . . . . ... ... 000

Leveraging the advanced localization abilities of OWL-ViT v2 open-vocabulary
detectors, we accurately identify all seagulls in the image, enabling selective
removal to align with the user’s prompt. . . . . . .. .. ... .. ... ...

X1v

148
150

151

151

161

162



D.1

D.2

D.3

D4
D.5

D.6

Existing Vision-Language Models (VLMs) do not perform well in gen-
erating localized descriptions. (a) to (c) demonstrate several ways to prompt
existing VLMs, but none achieves satisfactory performance, leading to the need
for a new method that is capable of providing detailed and localized descriptions.
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Additional results from LVIS [161] demonstrating DAM’s detailed lo-
calized image captioning capabilities. Our model exhibits robust region
understanding and localization across diverse scenarios. It produces precise
descriptions of objects within masked regions while successfully identifying chal-
lenging details like the roller blind in the second example through effective use of
contextual cues. . . . . . .. L
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In the left image, VP-SPHINX incorrectly describes a group of seals when the
masked region contains only one seal. In the right image, VP-SPHINX identifies
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Chapter 1

Introduction

1.1 Motivation

Modern foundation models have transformed how computers process language, images,
videos, and long chains of reasoning. A single model can now write code, answer questions,
generate images from text, describe visual scenes, and solve mathematical problems. Yet
many tasks that matter in practice remain difficult for monolithic generation. Complex
prompts often contain multiple objects, relations, constraints, and temporal events. Visual
understanding often requires focusing on a specific region while retaining global context.
Hard reasoning problems often admit independent subproblems that should be explored in
parallel rather than forced through one serial chain of thought. In each case, the bottleneck
is not only model capacity, but also the structure through which a task is represented and
executed.

This dissertation studies task decomposition with multi-agent systems as a way to address
this bottleneck. The central idea is simple: complex tasks become more tractable when
they are broken into interacting subproblems with explicit intermediate representations. A
language model can translate a text prompt into a spatial layout; a generation model can
ground visual synthesis on that layout; a verifier or controller can detect failures and propose
corrections; a captioning model can combine local and global visual evidence; a reasoning
system can fork into parallel threads and later join the results. These systems are “multi-agent”
in a broad sense: they coordinate multiple roles, modules, calls, or reasoning threads, each
responsible for a different part of the computation.

Large language models make this decomposition especially powerful. Because they are
trained on broad linguistic and procedural knowledge, they can act as planners, parsers,
controllers, annotators, and reasoning agents without requiring task-specific supervision for
every new decomposition. At the same time, language alone is not enough. The decompositions
must be grounded in visual representations, connected to controllable generative models, and
implemented in ways that improve accuracy or efficiency. This thesis therefore asks how
language-mediated decomposition can be made concrete across visual generation, visual data



generation, and reasoning.

1.2 Summary of Contributions

This dissertation presents six research contributions organized around the central theme
of task decomposition with multi-agent systems.

Chapter 2 — LLM-grounded Diffusion. Chapter 2 introduces LLM-grounded Diffusion,
a training-free method for improving prompt following in text-to-image diffusion models.
The method decomposes image generation into two stages: an LLM first parses a complex
prompt into a structured layout with objects, bounding boxes, background descriptions, and
negative prompts; a layout-grounded diffusion controller then uses this structure to guide
image synthesis. This decomposition allows the system to handle prompts involving counting,
negation, attribute binding, and spatial relations more reliably than direct text-to-image
generation.

Chapter 3 — LLM-grounded Video Diffusion. Chapter 3 extends language-guided
decomposition from images to videos. LLM-grounded Video Diffusion asks an LLM to generate
dynamic scene layouts that describe objects and their bounding boxes over time, then uses
these layouts to guide text-to-video diffusion. This makes temporal and spatial constraints
explicit, allowing the system to better follow prompts involving motion, object interactions,
and sequential events. The chapter shows that LLMs can provide useful spatiotemporal
structure even without being trained as video generators.

Chapter 4 — Self-correcting LLM-controlled Diffusion. Chapter 4 studies decom-
position as an iterative correction process. Self-correcting LLM-controlled Diffusion uses
external perception and LLM control to analyze a generated image, identify mismatches with
the prompt, and propose latent-space operations that correct the image. Rather than relying
on a single generation pass, the system decomposes synthesis into generation, detection,
diagnosis, and repair. This enables training-free self-correction for images that fail on object
counts, attributes, or spatial relations.

Chapter 5 — Describe Anything. Chapter 5 introduces Describe Anything, a detailed
localized captioning system for user-specified regions in images and videos. Although the
method is a vision-language model, it belongs to the visual generation part of this thesis
because rich localized descriptions can serve as synthetic supervision for systems such as
LLM-grounded Diffusion and LLM-grounded Video Diffusion. The method decomposes visual
evidence into local focal crops and global context, then combines them through a localized
vision backbone. This design preserves fine-grained regional detail while avoiding the context
loss that occurs when a region is cropped in isolation. Beyond synthetic data generation



for controllable image and video synthesis, this capability also supports applications such
as accessibility for visually impaired people. The chapter also introduces DLC-Bench, a
benchmark for evaluating detailed localized captioning without relying on incomplete reference
captions.

Chapter 6 — Relevance of Language-Guided Visual Decomposition. Chapter 6
reflects on the continuing relevance of the visual decomposition methods in Part 1. It argues
that although modern image and video generators have become much stronger, explicit spatial,
temporal, and localized descriptive structure remains useful for prompts and workflows that
require correctness, controllability, inspection, and data generation rather than only plausible
visual synthesis. The chapter also discusses why detailed localized captioning remains a
valuable standalone task and a useful source of synthetic supervision for controllable visual
generation.

Chapter 7 — Adaptive Parallel Reasoning. Chapter 7 studies decomposition in
language-model reasoning. Adaptive Parallel Reasoning trains models to use explicit spawn
and join operations, allowing a solution process to branch into parallel sub-searches and
later combine their results. This chapter shows that parallel reasoning can improve the
accuracy-latency tradeoff by allocating computation to multiple reasoning paths when a
problem admits useful decomposition, rather than committing to one serial trajectory.

Chapter 8 — ThreadWeaver. Chapter 8 develops ThreadWeaver, a framework showing
that adaptive parallel reasoning can work with strong reasoning language models. Building
on the fork-join decomposition studied in Chapter 7, ThreadWeaver trains existing sequential
reasoning LLMs to dynamically decide when to spawn concurrent threads and when to merge
their results. The chapter shows that this kind of parallel reasoning can match the accuracy
of comparable sequential thinking models while reducing critical-path token latency, making
decomposition useful not only as an algorithmic search strategy but also as a practical route
to faster reasoning inference.

1.3 Thesis Organization

The rest of this thesis is organized as follows. Part I (Chapters 2-6) addresses language-
guided visual generation, presenting methods that use LLMs to decompose and control image
and video synthesis, a localized captioning model that can generate rich visual descriptions
for downstream data creation, and a synthesis chapter on the continuing relevance of these
ideas. Part II (Chapters 7-8) addresses adaptive parallel reasoning, presenting methods that
decompose language-model inference into concurrent reasoning threads. Chapter 9 concludes
with a summary of findings and directions for future work.



Part 1

Language-Guided Visual Generation



Chapter 2

LLM-grounded Diffusion: Enhancing
Prompt Understanding of Text-to-Image
Diffusion Models with Large Language
Models

This chapter is based on the following publication:

Long Lian, Boyi Li, Adam Yala, and Trevor Darrell. “LLM-grounded Diffusion:
Enhancing Prompt Understanding of Text-to-Image Diffusion Models with Large
Language Models.” Transactions on Machine Learning Research (TMLR), 2024.

2.1 Introduction

The field of text-to-image generation has witnessed significant advancements, particularly
with the emergence of diffusion models. These models have showcased remarkable capabilities
in generating realistic and diverse images in response to textual prompts. However, despite
the impressive results, diffusion models often struggle to accurately follow complex prompts
that require specific capabilities to understand. Figure 2.1 shows that Stable Diffusion [13],
even the latest SDXL [1], often could not generate a certain number of objects or understand
negation in the prompt. It also struggles with spatial reasoning or associating attributes
correctly with objects.

One potential solution to address this issue is of course to gather a comprehensive multi-
modal dataset comprising intricate captions and train a text-to-image diffusion model for
enhanced prompt understanding. Nonetheless, this approach presents notable drawbacks. It
requires considerable time and resources to curate a diverse and high-quality multi-modal
dataset, not to mention the challenges associated with training or fine-tuning a diffusion
model on such extensive data.
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Figure 2.1: (a) Text-to-image diffusion models such as SDXL [1] often struggles to accurately
follow prompts that involve negation, numeracy, attribute binding, or spatial relationships.
(b) Our method LMD achieves enhanced prompt understanding capabilities and accurately
follows these types of prompts.
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Figure 2.2: Our proposed LMD enhances prompt understanding in text-to-image
diffusion models through a novel two-stage generation process: 1) An LLM layout
generator takes a prompt from the user and outputs an image layout in the form of captioned
bounding boxes. 2) A stable diffusion model guided by our layout-grounded controller
generates the final image. Both stages utilize frozen pretrained models, which makes our
method applicable to off-the-shelf LLMs and other diffusion models without grounding in
their training objectives.

In contrast, we propose a novel training-free method that equips the diffusion model
with an LLM that provides grounding for enhanced prompt understanding. Our method
LLM-grounded Diffusion (LMD) consists of a two-stage generation process as shown in
Figure 2.2.

In the first stage of our method, we adapt an LLM to be a text-grounded layout generator
through in-context learning. Given a prompt describing the desired image, the LLM generates
scene layouts in the form of captioned bounding boxes, with a background caption and a
negative prompt for what to avoid in generation.
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Figure 2.3: LMD naturally enables instruction-based multi-round scene specifi-
cation and is able to adapt subsequent rounds of generation according to users’ followup
instructions and clarifications.

In the second stage, we introduce a novel controller that guides an existing diffusion
model without grounding in its training objective (e.g., Stable Diffusion) to follow the layout
grounding generated in the first stage. In contrast to previous and concurrent works on
region control (e.g., Multidiffusion: Fusing diffusion paths for controlled image generation [14],
Training-free layout control with cross-attention guidance [15], and Bozdiff: Text-to-image
synthesis with training-free box-constrained diffusion [16]) that apply semantic control to
certain spatial regions, our approach allows precise control over object instances in designated
regions.

Notably, both stages utilize frozen pretrained models off-the-shelf, making our method
applicable to LLMs and diffusion models trained independently without any LLM or diffusion
model parameter optimization.

In addition to enhanced prompt understanding, our method also naturally enables
instruction-based scene specification with multiple rounds of user requests (Figure 2.3)
and image generation from prompts in languages not supported by the base diffusion model
(Figure A.6) without additional training.

Shown in Figure 2.1, LMD provides a unified solution to several caveats in prompt
understanding at once and enables accurate and high-quality image generation from complex
prompts. We demonstrate that a diffusion model grounded with LLM-generated layouts
outperforms its base diffusion model and several recent baselines, doubling the average
generation accuracy across four tasks. Our primary contributions include:

1. We propose a training-free two-stage generation pipeline that introduces LLMs to improve
the prompt understanding ability of text-to-image diffusion models.



2. We introduce layout-grounded Stable Diffusion, a novel controller that steers an off-the-
shelf diffusion model to generate images grounded on instance-level box layouts from the

LLM.

3. LMD enables instruction-based scene specification and allows broader language support
in the prompts.

4. We propose a benchmark to assess the prompt understanding ability of a text-to-image
model and demonstrate the superior performance of LMD over recent baselines.

We expect LMD to empower users with more precise control of text-to-image diffusion
models. Our code, demo, and benchmark are publicly available.

2.2 Related Work

Text-to-image diffusion models. High-quality image generation from textual descriptions
with diffusion models has been popular recently [17, 18, 13, 1|. Despite the impressive
visual quality, these models still tend to exhibit unsatisfactory performance when it comes
to complex prompts that involve skills such as binding attributes to objects and spatial
reasoning [17].

LLMs for visual grounding. Many multi-modal models benefit from integrating LLMs for
grounding vision models. BLIP-2 [19] bootstraps vision-language pre-training from a frozen
image encoder and an LLM. Flamingo [20] tackles tasks such as few-shot visual question-
answering and captioning tasks. Layouttransformer: Layout generation and completion with
self-attention [21] uses Transformer [22] for layout prediction but focuses on generating layouts
for a limited closed set of object classes in the annotated training set and thus is not able to
generate layouts for objects not in the training set. Visual chatgpt: Talking, drawing and
editing with visual foundation models |2] and Generating images with multimodal language
models 3] also involve LLMs in conditional image generation. However, these methods still
rely on CLIP text embeddings to convey the information to the diffusion model. Therefore,
they often exhibit insufficient control compared to our method, which explicitly asks the LLM
to reason about the spatial composition of different objects and poses direct spatial control.
Concurrent to our work, LayoutGPT [23] proposes prompting an LLM for layout generation
in a CSS structure. While LayoutGPT depends on a dataset annotated with boxes and
captions to retrieve relevant in-context examples for the LLM, our method demonstrates that
the ability for generating high-quality layouts is already present in pretrained LLM weights
and can be prompted with a fixed set of in-context examples without external annotations.
Spatially-conditioned image generation methods. These methods create images based
on given priors such as poses, segmentation maps, strokes, and layouts. Prior to the popularity
of diffusion models, SPADE [24], BlobGAN |[25], and Layout2Im |26] synthesize photorealistic
images from a given layout. Scene graph generation by iterative message passing [27|, Image
generation from scene graphs 28], and Learning canonical representations for scene graph
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to image generation |29] generate images with scene graphs. ControlNet [30], SpaText [31],
LayoutDiffuse [32], LayoutDiffusion, [33], GLIGEN [5] and ReCo [34] propose training-based
adaptation on the diffusion models for spatially-conditioned image generation, with Gligen:
Open-set grounded text-to-image generation [5] and Reco: Region-controlled text-to-image
generation [34] supporting open-vocabulary labels for layout boxes. However, these methods
rely on annotated external datasets such as COCO [35] to supply images with annotations such
as boxes and captions. Furthermore, training-based adaptation makes the model incompatible
to add-ons such as LoRA weights [36] and renders it difficult to train a new LoRA model from
a training set without box annotations. In contrast, we propose a training-free generation
controller that steers ezisting text-to-image diffusion models that are not specifically trained
for layout-grounded image generation and does not require external datasets. Furthermore,
our method can also integrate with training-based methods for further improvements.

Very recently, Multidiffusion: Fusing diffusion paths for controlled image generation [14],
Training-free layout control with cross-attention guidance [15], and Bozdiff: Text-to-image
synthesis with training-free box-constrained diffusion [16] allow training-free region control in
image generation and share a similar task formulation to our layout-to-image stage. However,
these works ground the image generation on the region semantics and pose little control over
the number of object instances inside each semantic region, whereas our method focuses on
grounding generation on instances.

Similar to our instruction-based scene specification, Instructpix2piz: Learning to follow
image editing instructions |37| recently proposed instruction-based image editing. Visual
chatgpt: Talking, drawing and editing with visual foundation models |2] and Visual program-
ming: Compositional visual reasoning without training |38| also allow using external image
editing models in an LLM-driven dialog. Different from these methods, we aim to edit the
scene layout rather than the image pizels, which easily allows support for a greater set of
instructions such as swapping/moving objects.

2.3 LLM-grounded Diffusion

In this section, we introduce our method LLM-grounded Diffusion (LMD). LMD focuses
on the text-to-image generation setting, which involves generating image xo given text prompt
y. Our method generates an image in two stages: text-grounded layout generation (Section 2.3)
and layout-grounded image generation (Section 2.3). The layout-to-image stage of our method
LMD builds upon the latent diffusion framework [13], for which we refer readers to Section A.1
for preliminaries.

LLM-based Layout Generation

To generate the layout of an image, our method embeds the input text prompt y into a
template and queries an LLM for completion (Figure 2.4).
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Figure 2.4: In stage 1, LMD generates an image layout from a user prompt. LMD
embeds the user prompt into a template with instructions and in-context examples. An LLM
is then queried for completion. Finally, the LLM completion is parsed to obtain a set of
captioned bounding boxes, a background caption, and an optional negative prompt.

Layout representation. LMD’s layout representation comprises two components: 1) a
captioned bounding box for each foreground object, with coordinates specified in the (z, y,
width, height) format, and 2) a simple and concise caption describing the image background
along with an optional negative prompt indicating what should not appear in a generated
image. The negative prompt is an empty string when the layout does not impose restrictions
on what should not appear.

Instructions. Our text instructions to the LLM consist of two parts:

1. Task specification:

Your task is to generate the bounding boxes for the objects mentioned in the caption,
along with a background prompt describing the scene.

2. Supporting details:

The images are of size 512x512... FEach bounding box should be in the format of ... If
needed, you can make reasonable guesses.

In-context learning. Similar to Instructpix2piz: Learning to follow image editing instruc-
tions (37|, we provide the LLM with manually curated examples after the task description.
Through these examples, we clarify the layout representation and provide preferences to
disperse ambiguity. An example is shown as follows:

Caption: A watercolor painting of a wooden table in the living room with an apple on it
Objects: [(‘a wooden table’, [65, 248, 344, 206]), (‘an apple’, [206, 306, 81, 69])]
Background prompt: A watercolor painting of a living room

Negative prompt:

To ensure precise layout control, we adhere to two key principles in our example design:
1) Each object instance is represented by a single bounding box. For instance, if the prompt
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mentions four apples, we include four boxes with “an apple” in each caption. 2) We leave no
foreground objects specified in the boxes to the background caption to ensure all foreground
objects are controlled by our layout-grounded image generator (Section 2.3). These principles
allow for accurate and instance-controlled layout generation.

LLM completion. After providing the in-context examples, we query the LLM for comple-
tion:

Caption: [input prompt from the user/
Objects: [start of LLM completion]

The resulting layout from the LLM completion is then parsed and used for the subsequent
image generation process. We refer readers to Section A.11 for our complete prompt.

Layout-grounded Stable Diffusion

In this stage, we introduce a controller to ground the image generation on the LLM-
generated layout. While previous training-free region control methods [14, 15, 16] apply
semantic guidance through regional denoising or attention manipulation, these methods lack
the ability to control the number of objects within a semantic region. This limitation arises
as the different instances are often indistinguishable in either the latent space or the attention
map, hindering instance-level control.

In contrast, LMD enables instance-level grounding by first generating masked latents for

each individual bounding box and then composing the masked latents as priors to guide the
overall image generation. This allows for precise placement and attribute binding for each
object instance.
Per-box masked latents. While diffusion models lack inherent instance-level distinction in
their latent space or attention maps for fine-grained control, we observe that they are often
able to generate images with one specified instance. Hence, we process one foreground box at
a time for instance-level grounding.

As depicted in Figure 2.5(a), for each foreground object i, we first generate an image
with a single instance by denoising from zgf) to zg), where sz) refers to the latents of object ¢
at denoising timestep t.! In this denoising process, we use “/background prompt] with [box
caption/” (e.g., “a realistic image of an indoor scene with a gray cat”) as the text prompt
for denoising. The initial noise latent is shared for all boxes to ensure globally coherent
viewpoint, style, and lighting (i.e., zg) =z7,V 7).

To ensure the object aligns with the bounding box, we manipulate the cross-attention
maps A of the noise-prediction network.? Each map describes the affinity from pixels to

We refer readers to Section A.1 for definitions of the terms, such as latents, that are introduced in the
latent diffusion framework.

2The cross-attention layer index is omitted for simplicity. We sum the energy values for all selected layers
during optimization.
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Figure 2.5: In stage 2, we introduce a novel layout-grounded controller that guides
stable diffusion to generate images based on the layout obtained from the previous
stage. Our layout-grounded image generation process consists of two steps: (a) generating
masked latents for each box specified in the layout, with attention control ensuring that the
object is placed in the designated box; and (b) composing the masked latents as priors to
guide the image generation to adhere to the specified layout.

text tokens:
A" — softmax(q’k,) (2.1)

where q, and k, are linearly transformed image feature at spatial location u and text feature
at token index v in the prompt, respectively.

Following Training-free layout control with cross-attention gquidance |15] and Bozdiff:
Text-to-image synthesis with training-free box-constrained diffusion [16], we strengthen the
cross-attention from pixels inside the box to tokens associated with the box caption while
attenuating the cross-attention from pixels outside the box. To achieve this, we define a
simple energy function:

E(AY,i,v) = ~Topk,(Au, - b?) + wTopk, (A, - (1 — b)) (2.2)
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where - is element-wise multiplication, b(® is a rectangular binary mask of the box i with
the region in the box set to 1, Topk, takes the average of top-k values across the spatial
dimension u, and w = 4.0. The energy function is minimized by updating the latent before
each denoising step:

2\ 2\ — nVZEZv) Z E(AY i, v) (2.3)
veV;
z§?1 — Denoise(zl(f)) (2.4)

where 7 is the guidance strength; the set V; contains the token indices for the box caption
in the prompt for box i (e.g., while generating the masked latents for a box ¢ with caption
“a gray cat”, V; indicates the indices of tokens that correspond to the box caption in the
per-box denoising text prompt “/background prompt] with a gray cat”). Denoise(-) denotes
one denoising step in the latent diffusion framework.

After generation, we obtain the cross-attention map that corresponds to the box caption,
which serves as a saliency mask for the object. We optionally use SAM [39] to refine the
quality of the mask. This can be done by querying either with the pixel location that has the
highest saliency or with the layout box. The functionality of SAM can also be replaced by a
simple thresholding, as experimented in Section 2.4. With the refined mask for exactly one
foreground instance, denoted as m, we perform element-wise multiplication between the
m(a)sk and the latent at each denoising step to create a sequence of masked instance latents
(2

t Jt=0-
2" = 2 © m® (2.5)

Masked latents as priors for instance-level control. The masked instance latents
(zﬁ“)tT:O are then leveraged to provide instance-level hints to the diffusion model for the overall
image generation. As illustrated in Figure 2.5(b), during each denoising time step in the early

denoising process, we place each masked foreground latents zﬁ") onto the composed latents

com
Z1(5 P) .

z\ ") LatentCompose(zgcomp), 2\, m®) Vi (2.6)

where ngomp) is initialized from z7 for foreground generation for consistency. The operator

LatentCompose simply puts the masked foreground latents Zii) onto the corresponding

location on z\“™.

Since diffusion models tend to generate the object placement in the initial denoising steps
and then object details in later steps [14], we only compose the latents from timestep 7" to
rT3, where r € [0, 1] balances instance control and image coherency. By primarily intervening

during the steps for object placement, our method merely provides instance-level layout hints

3In the notation of this work, the denoising process starts from time step T to step 0.
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Figure 2.6: LMD and LMD+ support instruction-based scene specification, em-
powering the users to add/move/remove objects, modify object attributes, and
clarify the prompt in multiple rounds of dialog. (a): the initial prompt for the scene;
(b)-(i): eight subsequent instructions that sequentially modify the scene. By separating the
generation of each foreground object as well as the background, LMD ensures consistent
image generation when the same seed is used for image generation throughout the dialog.

rather than forcing each masked region of the resulting generation to look the same as the
per-box generation.

To make our guidance more robust, we further transfer the cross-attention maps from
per-box generation to the corresponding regions in the composed generation by adapting the
energy function:

pleomp)(Aleomp) A@ o0y = B(ALmP) 4 p) 4 ) Z Alcomp) _ AT (2.7)

uv
ueV;/

where A\ = 2.0 and the energy value of each box i is summed up for optimization. V' denotes
the indices of tokens that correspond to the box caption in the text prompt for the overall
denoising process, similar to the definition of V; in Equation (2.3).

In this way, our controller conditions the diffusion model to generate one instance at
each masked location, with the final generation natural and coherent in terms of foreground-
background composition.

Finally, we decode latents z(()comp) to pixels xo via the diffusion image decoder.
Integration with training-based methods. Our training-free controller can also be
applied along with training-based methods such as GLIGEN [5] to leverage instance-annotated
external datasets when available. Since GLIGEN trains adapter layers taking box inputs,
the integration with GLIGEN, denoted as LMD+, involves adopting its adapter weights and
passing the layout guidance to the adapter layers. Note that LMD uses adapters along with
the instance-level guidance introduced above, which greatly surpasses only using GLIGEN
adapters, as shown in Table 2.2. We achieve further enhanced instance and attribute control
without additional training through this integration.

Additional Capabilities of LMD

Our LLM-grounded generation pipeline allows for two additional capabilities without
additional training.
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Figure 2.7: LMD outperforms its base text-to-image diffusion model [1] in accurately following
the prompts that require spatial and language reasoning. Best viewed when zoomed in.

Instruction-based scene specification. Leveraging an LLM that supports multi-round
dialog (e.g., GPT-3.5/4), LMD empowers the users to specify the desired image with multiple
instructions following an initial prompt (Figure 2.3). Specifically, after the initial image
generation, a user can simply give clarifications or additional requests to the LLM. With
the updated layout from the LLM, we can leverage LMD again to generate images with the
updated layout. Updating the layout rather than the raw image gives LMD several advantages,
as demonstrated in Figure 2.6: 1) Our generation remains consistent after multiple rounds
of requests instead of gradually drifting away from the intial image. 2) LMD can handle
requests that involve spatial reasoning, which are the limitations of previous instruction-based
image editing method Instructpiz2piz: Learning to follow image editing instructions [37]. In
contrast, we demonstrate that VisualChatGPT [2], which equips ChatGPT with tools such
as Instructpizpiz: Learning to follow image editing instructions [37], is not able to follow the
instructions in Figure 2.6, especially for spatial instructions over multiple iterations of dialog.
This capability applies to both LMD and LMD~+. Our LMD can handle requests for open-
ended scene adjustments, offer suggestions for the current scene, understand user requests
within the dialog context, and allow the users to try out different detailed adjustments while
preserving the overall image style and layout, facilitating fine-grained content creation.
Supporting more languages. By giving an in-content example of a non-English user
prompt and an English layout output?, the LLM layout generator accepts non-English user
prompts and outputs layouts with English captions. This allows generation from prompts
in languages not supported by the underlying diffusion model without additional training
(Figure A.6). We refer readers to Section A.9 for additional details.

“We simply translate the example prompt input in our last example to the desired language, while keeping
its layout in English.
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2.4 Evaluation

Qualitative Comparison

Setup. We qualitatively compare our approach with Stable Diffusion (SD, High-resolution
image synthesis with latent diffusion models [13] and Sdzl: improving latent diffusion models
for high-resolution image synthesis [1]). SD family is also chosen as our underlying base model
for layout-grounded image generation given its strong capabilities and widespread adoption
in text-to-image generation research. Thanks to the training-free nature of our work, our
method is applicable to various diffusion models without additional training. Therefore, for
Figure 2.1, 2.7, and 2.9, we use the largest Stable Diffusion model SDXL as the base model of
LMD and compare against SDXL as a baseline. For all other settings, we use Stable Diffusion
v1.5 as the base model unless stated otherwise. We use gpt-4 [40] for layout generation for
all qualitative comparisons. Results. In Figure 2.1 and 2.7, we observe that our two-stage
text-to-image generation approach greatly enhances prompt following ability compared to
our base model by generating images that align with the layouts from the LLM.

Comparing with other LLM-based image generators. VisualChatGPT [2| and GILL 3|
also leverage LLMs as a part of the image generation pipelines. Both works leverage SD as
the underlying image generation model. VisualChatGPT treats SD as a module that can be
used by the LLM and passes text caption to it, and GILL outputs a embedding in place of the
text embedding for SD. Since both methods utilize LLMs to only provide conditions to SD in
the form of text embeddings, these methods still inherit the problems of insufficient control of
text embeddings from the base SD model. In contrast, our method asks the LLM to explicitly
reason about the spatial relationships and applies direct spatial control on our underlying
diffusion model, thereby bypassing the bottleneck of the text embedding representation that
does not accurately convey spatial information. As shown in Figure 2.8, neither method
accurately follows text prompts of several categories that our method is able to correctly
generate. Furthermore, although the involvement of LLM in VisualChatGPT and GILL
also potentially allows multi-round instruction-based scene specification (Section 2.3), we
empirically observe that the generated images quickly deviate from the scene of “a wooden
table” starting from the second iteration, with the final generation being incomprehensible.

Quantitative evaluation
Proposed benchmark

We propose a text-to-image evaluation benchmark that includes four tasks: negation,
generative numeracy, attribute binding, and spatial reasoning. Negation and generative
numeracy involve generating a specific number of objects or not generating specific objects.
Attribute binding involves assigning the right attribute to the right object with multiple
objects in the prompt. Spatial reasoning involves understanding words that describe the
relative locations of objects. For each task, we programmatically compose 100 prompts and
query each model for text-to-image generation, with 400 prompts in total. gpt-3.5-turbo [41]
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Figure 2.8: We qualitatively compare with VisualChatGPT [2| and GILL [3] that also leverage
LLMs in the image generation pipelines. Both baselines lack the ability to accurately
follow the prompts for three out of four tasks that our method can solve in
Figure 2.1.

Accuracy
Tasks SD LMD LMD+
Negation 28% 100% (3.6 x) 100% (3.6x)

Generative Numeracy 39% 62% (1.6x) 86% (2.2x)
Attribute Binding 52% 65% (1.3x) 69% (1.3x)
Spatial Relationships 28% 79% (2.8x) 67% (2.4x)

Average 3% TT% (2.1x) 81% (2.2x)

Table 2.1: With guidance from the LLM-based layout generator and our novel layout-grounded
controller, our LMD significantly outperforms the Stable Diffusion model (SD)
that we use under the hood in four tasks benchmarking prompt-following abilities.
LMD denotes our method directly applied on SD. LMD+ denotes additionally integrating
pretrained GLIGEN |[5] adapters into our controller.

is used in LMD for the benchmarks. We also implemented LMD-+, a LMD variant that
integrate pretrained GLIGEN [5] adapters into our controller without further training.
Detection-based evaluation. We use an open-vocabulary object detector, OWL-ViT [42],
to obtain bounding boxes for the objects of interest. We then check whether each generated
image satisfies the requirements in the prompt. The accuracy of each task is computed by
calculating the proportion of the image generations that match their corresponding prompts
over all generations.

Results. As presented in Table 2.1, our model shows significant improvements in generation
accuracy, ranging from 1.3x to 3.6x compared to SD across four tasks and doubling the
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Accuracy
Stage 1/Stage 2 Negation Numeracy Attribute Spatial Average
Training-free methods:
LMD /MultiDiffusion [14] 100% 30% 42% 36% 52.0%
LMD/Backward Guidance [15]  100% 42% 36% 61% 59.8%
LMD /BoxDiff [16] 100% 32% 55% 62% 62.3%
LMD /LMD (Ours) 100% 62% 65% 9%  76.5% (+ 14.2)
Training-based methods:
LMD/GLIGEN [5] 100% 57% 57% 5%  64.8%
LMD /LMD+ (Ours) 100% 86% 69% 67%  80.5% (+ 15.7)
LMD/LMD+ (Ours, GPT-4 84% 79% 82%  86.3% (+ 21.5)
FEvaluating generated layouts only (upper bound for image generation):
LMD /- 100% 97% 100% 99% 99.0%

Table 2.2: Ablations on layout-to-image methods as stage 2 with our LLM layout
generator as stage 1. Our proposed layout-grounded controller performs the best
among them. Our controller could also be applied on top of training-based GLIGEN [5],
denoted as LMD+, for additional improvements. Finally, the LLM-generated layouts almost
always align with the prompt, highlighting that the bottleneck is the layout-grounded image
generation. The scores for negation task are high because we pass the negative prompts
generated by the LLM to the underlying diffusion model, which does not depend on the stage
2 implementation.

accuracy on average. Notably, LMD achieves image generation accuracy that is more than
twice of the SD accuracy for the spatial relationships and the negation task. This highlights the
utility of the grounding image generation on the LLM layout generator. Furthermore, when
additionally integrating GLIGEN to our pipeline to leverage in-domain instance-annotated
data, our method, denoted as LMD+, achieves additional improvements.

Ablation Study

Layout-to-image stage. Comparing with other layout-to-image methods. As shown
in Table 2.2, compared with training-free layout-to-image generation methods that perform
semantic-level grounding, our proposed layout-grounded controller provides much better
instance-level grounding. This is justified by the fact that our training-free controller even
surpasses training-based method GLIGEN [5] in the generative numeracy task, despite not
trained with any instance-level annotation. Furthermore, our controller also sigficantly
surpasses training-based method GLIGEN |[5] in attribute binding and spatial reasoning task.
When integrated with GLIGEN to leverage instance-annotated datasets, our integration,
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denoted as LMD+, allows for further improvements without the need for additional training.
Switching the base diffusion model without hyperparameter tuning. As shown in
Table 2.3, thanks to our training-free nature, LMD maintains the gains to the base model
(around 2X performance boost) when we switch the base diffusion model from SDv1.5 to
SDv2.1 without tuning any hyperparameters, including A and w that are introduced by our
method.” This showcases the potential of integrating LMD with future diffusion models.
Using SAM vs a simple attention threshold to obtain the per-box mask. Instead
of using SAM to obtain the mask for each box, we also explored an approach that does not
require an additional segmentation module. Alternatively, we sort the pixels in each box
according to their attention value with respect to the box caption and pick the top 75% pixels
in each box with the highest attention as the mask for the box. As shown in Table 2.4, the
impact of SAM is different for LMD /LMD+. In LMD, since the attention-based guidance
is less spatially accurate with respect to the layout boxes, SAM helps to obtain the right
mask that covers the object. Therefore, removing SAM leads to a slight degradation in LMD.
In LMD+, since the guidance is more spatially accurate, SAM is no longer necessary most
of the time. Instead, SAM sometimes picks a region that includes the background, causing
confusion and reduced performance. Therefore, removing SAM slightly improves the results
in LMD+. We make SAM an optional choice (as described in Figure 2.2) but still recommend
it for LMD and enable it by default.

Text-to-layout stage. Ablating in-context examples. In addition to using the seven
fixed in-context examples by default, we also vary the number of in-context examples given
to the LLM (i.e., “shots”). We show in Table 2.5 that while GPT-3.5 benefits from more
in-context examples, GPT-4 is able to successfully generate all the layouts even when given
only one in-context example. Note that we also observe GPT-4 to still be able to generate
layouts without any in-context examples (i.e., given only the text instructions). However,
since no examples are offered as references in this zero-shot setting, the format of LLM
outputs are observed to differ in different runs, making it hard to parse with a program.
Since it is much easier to convey the format through an example than through language
instructions, we recommend having at least one example. Our observation shows that LLMs
already learn the ability to generate object boxes during pretraining and do not need us to
convey through many in-context examples. Varying the model types and the sizes of
the LLMs. We also ablate the LLMs used for text-to-layout generation, including using
self-hosted LLMs with public weights [10, 12, 43, 11]. The results show that the capability
to generate high-quality layouts are not limited to proprietary LLMs, and larger LLMs offer
much better layout generation capabilities.

5The hyperparameters inherited from the latent diffusion framework, such as the number of denoising
steps, are also unchanged.
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Image Accuracy

Method Average of 4 tasks
SD v1.5 (Default) 37%

LMD (on SDv1.5) (Ours, default) T7% (2.1x)
SD v2.1 38%

LMD (on SDv2.1) (Ours) 77% (2.0x)

Table 2.3: LMD achieves comparable gains when adapted to Stable Diffusion v2.1
without any hyperparameter tuning or model training. This shows a promising
signal that the gains from our method could carry along with the enhancement of diffusion
models. The performance of our method could potentially be improved further with additional
hyperparameter tuning.

Image Accuracy

Method Average of 4 tasks
LMD (w/o SAM) 72.8%
LMD (with SAM) 76.5%
LMD+ (w/o SAM) 82.8%
LMD+ (with SAM) 80.5%

Table 2.4: Ablations on using SAM vs using simple attention thresholding in stage
2. While removing SAM leads to a slight degradation in LMD, removing SAM leads to even
better performance in LMD+.

T2I-CompBench

In addition to our proposed benchmark with detection-based evaluation, we evaluate
our method on T2I-CompBench [6] that additionally uses visual question answering (VQA)
models for generation evaluation. The color, shape, and texture tasks employ BLIP [44] in a
VQA setting, while the spatial task uses UniDet [45] for evaluation. As shown in Table 2.6,
our method LMD, when applied on either SDv1 or SDv2, improves the performance on all
four tasks.

Evaluator-based Assessment

Setting. We also assess the prompt following ability of our method and vanilla SD, the base
diffusion model that our method uses under the hood. We randomly selected 10 text prompts
from our proposed benchmark and generated a pair of images per text prompt, one with our
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Layout Accuracy (4 tasks)

# shots gpt-3.5-turbo  gpt-4

1 Shot 89.8% 100.0%
4 Shots 96.3% 100.0%
7 Shots 99.0% 100.0%

Table 2.5: Ablations on the number of in-context examples (“shots”) given to the
LLM. While GPT-3.5 benefits from more in-context examples, GPT-4 already excels in
layout generation even with only one example.

Color  Shape Texture Spatial

SDv1 0.3765 0.3576  0.4156  0.1246
LMD (on SDvl) 0.5495 0.5462 0.5241 0.2570
SDv2 0.5065 0.4221  0.4922  0.1342

LMD (on SDv2) 0.5736 0.5334 0.5227 0.2704

Table 2.6: Our method surpasses the base diffusion models SDv1l and SDv2 on
T2I-CompBench [6] on all four tasks without additional training.

LMD+ and one with the base model SD.® We then invited 11 evaluators to compare each
image pair and answer two questions:

1. Question 1: Which image aligns better with the text prompt?

2. Question 2: Which image has a more natural and coherent foreground-background

composition?

In addition to an option for preferring each image, a “similar” option is also provided for each
pair.
Results. We average the scores across 110 responses. The results show that our method
LMD+ got 88.18% (vs 10.90% for SD) for the first question and 35.45% (vs 31.81% for SD)
for the second question. This indicates that our method generates images that accurately
align with the prompt compared to the baseline SD without degradation of naturalness or
coherency.

5The base model of LMD+ is technically GLIGEN, which itself is built on SD. However, in our setting
where only text is used as input, the conditioning scheme of GLIGEN simply becomes degenerate. Therefore,
we compare with SD directly instead.
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Figure 2.9: A failure case occurs when our method, shown in (c), generates objects
in unintentional viewpoints and sizes due to the ambiguity in the generated layout. The
LLM-generated layout (b) is suitable for close-up top-down view of a small table, but
the layout-to-image model assumes a side view and thus fails to generate a feasible image.
Nevertheless, our method still provides more interpretability through the intermediate layout
(b) compared to baseline SDXL (a). With an additional request for the side view and correct
object sizes, the LLM adjusted the layout in (d) and the final generation (e) is aligned with
the text prompt.

2.5 Discussions

Since we use models off-the-shelf, the LLM may generate layouts that are ambiguous
to the diffusion model. For example, the layout in Figure 2.9(b) is feasible for a top-down
close-up image, but the diffusion model generates an image viewing from the side. This
makes the apples not on the table in Figure 2.9(c). Prompting or fine-tuning the LLM to
be more explicit about its assumptions in the layouts (e.g., viewpoints) may alleviate this
problem. The intermediate layout in our two-stage generation allows for more interpretability
compared to our base model stable diffusion. After diagnosing the point of failure, we give an
additional request for the side view and correct object sizes to the LLM. The LLM adjusted
the subsequent layout generation, which allows generating images that align with the input
prompt in round 2, as shown in Figure 2.9(d,e). Our method also inherits biases from the
base diffusion model [46]. Moreover, although our method can handle objects not mentioned
in the in-context examples (e.g., the bear and the deer in Figure 2.7), the LLM may still
generate better layouts for objects mentioned in the in-context examples by referencing layout
examples. Our method could also be distilled into a one-stage text-to-image diffusion model
to improve its prompt understanding abilities without leveraging LLMs at inference time for
the ease of deployment.

2.6 Summary

In this paper, we enhance the prompt understanding capabilities of text-to-image diffusion
models. We present a novel training-free two-stage generation process that incorporates
LLM-based text-grounded layout generation and layout-grounded image generation. Our
method also enables instruction-based scene specification and generation from prompts in
languages unsupported by the base diffusion model. Our method outperforms strong baselines
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in accurately following the prompts in text-to-image generation.
Acknowledgements. The authors would like to thank Aleksander Holynski for the helpful
discussions.
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Chapter 3
LLM-grounded Video Diffusion Models

This chapter is based on the following publication:

Long Lian, Baifeng Shi, Adam Yala, Trevor Darrell, and Boyi Li. “LLM-grounded
Video Diffusion Models.” International Conference on Learning Representations
(ICLR), 2024.

3.1 Introduction

Text-to-image generation has made significant progress in recent years [18, 17|. In
particular, diffusion models [47, 48, 49, 50, 51, 13| have demonstrated their impressive

} " o
M S
2 =

Text Prompt Baseline

& H
A —" . -
S : ‘ \ Ry

LVD (Ours)

A brown bear
dancing with a
pikachu

A wooden barrel |4 T

drifting on a river

Abird flying
from the left to
the right

A raccoon
walking
towards a cat

Figure 3.1: Left: Existing text-to-video diffusion models such as [7] often encounter challenges
in generating high-quality videos that align with complex prompts. Right: Our training-free
method LVD, when applied on the same model, allows the generation of realistic videos that
closely align with the input text prompt.
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ability to generate high-quality visual contents. Text-to-video generation, however, is more
challenging, due to the complexities associated with intricate spatial-temporal dynamics.
Recent works [52, 53, 54, 7| have proposed text-to-video models that specifically aim to
capture spatiotemporal dynamics in the input text prompts. However, these methods still
struggle to produce realistic spatial layouts or temporal dynamics that align well with the
provided prompts, as illustrated in Figure 3.1.

Despite the enormous challenge for a diffusion model to generate complex dynamics directly
from text prompts, one possible workaround is to first generate explicit spatiotemporal layouts
from the prompts and then use the layouts to control the diffusion model. In fact, recent
work [55, 23, 56] on text-to-image generation proposes to use Large Language Models
(LLMs) [57, 58, 40| to generate spatial arrangement and use it to condition text-to-image
models. These studies demonstrate that LLMs have the surprising capability of generating
detailed and accurate coordinates of spatial bounding boxes of each object based on the text
prompt, and the bounding boxes can then be utilized to control diffusion models, enhancing
the generation of images with coherent spatial relationships. However, it has not been
demonstrated if LLMs can generate dynamic scene layouts for videos on both spatial and
temporal dimensions. The generation of such layouts is a much harder problem, since an
object’s motion patterns often depend on both the physical properties (e.g., gravity) and the
object’s attributes (e.g., elasticity vs rigidity).

In this paper, we investigate whether LLMs can generate spatiotemporal bounding boxes
that are coherent with a given text prompt. Once generated, these box sequences, termed
Dynamic Scene Layouts (DSLs), can serve as an intermediate representation bridging the
gap between the text prompt and the video. With a simple yet effective attention-guidance
algorithm, these LLM-generated DSLs are leveraged to control the generation of object-level
spatial relations and temporal dynamics in a training-free manner. The whole method,
referred to as LLM-grounded Video Diffusion (LVD), is illustrated in Figure 3.2. As shown
in Figure 3.1, LVD generates videos with the specified temporal dynamics, object attributes,
and spatial relationships, thereby substantially enhancing the alignment between the input
prompt and the generated content.

To evaluate LVD'’s ability to generate spatial layouts and temporal dynamics that align
with the prompts, we propose a benchmark with five tasks, each requiring the understanding
and generation of different spatial and temporal properties in the prompts. We show that
LVD significantly improves the text-video alignment compared to several strong baseline
models. We also evaluate LVD on common datasets such as UCF-101 [59] and MSR-VTT [60]
and conducted an evaluator-based assessment, where LVD shows consistent improvements
over the base diffusion model that it uses under the hood.

Contributions. 1) We show that text-only LLMs are able to generate dynamic scene
layouts that generalize to previously unseen spatiotemporal sequences. 2) We propose LLM-
grounded Video Diffusion (LVD), the first training-free pipeline that leverages LLM-generated
dynamic scene layouts for enhanced ability to generate videos from intricate text prompts.
3) We introduce a benchmark for evaluating the alignment between input prompts and the
videos generated by text-to-video models.
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3.2 Related Work

Controllable diffusion models. Diffusion models have made a huge success in content
creation [17, 61, 49, 62, 63, 50, 64, 65, 66]. ControlNet [30] proposes an architectural
design for incorporating spatial conditioning controls into large, pre-trained text-to-image
diffusion models using neural networks. GLIGEN [5] introduces gated attention adapters to
take in additional grounding information for image generation. Shape-guided Diffusion [67]
adapts pretrained diffusion models to respond to shape input provided by a user or inferred
automatically from the text. Control-A-Video [68] train models to generate videos conditioned
on a sequence of control signals, such as edge or depth maps. Despite the impressive progress
made by these works, the challenge of generating videos with complex dynamics based solely
on text prompts remains unresolved.

Text-to-video generation. Although there is a rich literature on video generation [69,
70, 71, 72, 73, 74, 75|, text-to-video generation remains challenging since it requires the
model to synthesize the video dynamics based only on text. Make-A-Video [52| breaks
down the entire temporal U-Net [76] and attention tensors, approximating them in both
spatial and temporal domains, and establishes a pipeline for producing high-resolution videos.
Imagen Video [77] creates high-definition videos through a foundational video generation
model and spatial-temporal video super-resolution models. Video LDM [53| transforms
the image generator into a video generator by adding a temporal dimension to the latent
space diffusion model. Text2Video-Zero [54] introduces two post-processing techniques for
ensuring temporal consistency: encoding motion dynamics in latent codes and reprogramming
frame-level self-attention with cross-frame attention mechanisms. However, these models
still easily fail in generating reasonable video dynamics due to the lack of large-scale paired
text-video training data that can cover diverse motion patterns and object attributes, let
alone the demanding computational cost to train with such large-scale datasets.

Grounding and reasoning from large language models. Several recent text-to-
image models propose to feed the input text prompt into an LLM to obtain reasonable
spatial bounding boxes and generate high-quality images conditioned on the boxes. LMD [55]
proposes a training-free approach to guide a diffusion model using an innovative controller
to produce images based on LLM-generated layouts. LayoutGPT [23] proposes a program-
guided method to adopt LLMs for layout-oriented visual planning across various domains.
Attention refocusing [56] introduces two innovative loss functions to realign attention maps
in accordance with a specified layout. Collectively, these methods provide empirical evidence
that the bounding boxes generated by the LLMs are both accurate and practical for controlling
text-to-image generation. In light of these findings, our goal is to enhance the ability of
text-to-video models to generate from prompts that entail complex dynamics. We aim to do
this by exploring and harnessing the potential of LLMs in generating spatial and temporal
video dynamics. A concurrent work VideoDirectorGPT [78] proposes using an LLM in
multi-scene video generation, which pursues a different focus and technical route. It explores
training diffusion adapters for additional conditioning, while LVD focuses on inference-time
guidance and in-depth analysis on the generalization of the LLMs.
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Figure 3.2: Our method LVD improves text-to-video diffusion models by turning the text-
to-video generation into a two-stage pipeline. In stage 1, we introduce an LLM as the
spatiotemporal planner that creates plans for video generation in the form of a dynamic
scene layout (DSL). A DSL includes objects bounding boxes that are linked across the
frames. In stage 2, we condition the video generation on the text and the DSL with a
DSL-grounded video generator. Both stages are training-free: LLMs and diffusion models
are used off-the-shelf without updating their parameters. By using DSL as an intermediate
representation for text-to-video generation, LVD generates videos that align much better
with the input prompts compared to its vanilla text-to-video model counterpart.

3.3 Can LLMs Generate Spatiotemporal Dynamics?

In this section, we explore the extent to which LLMs are able to produce spatiotemporal
dynamics that correspond to a specified text prompt. We aim to resolve three questions
in this investigation:

1. Can LLMs generate realistic dynamic scene layouts (DSLs) aligned with text prompts and
discern when to apply specific physical properties?

2. Does the LLM’s knowledge of these properties come from its weights, or does the under-
standing of these concepts develop during inference on the fly?

3. Can LLMs generalize to broader world concepts and relevant properties based on the given
examples that only entail limited key properties?

To prompt the LLM for dynamics generation, we query the LLM with a prompt that
consists of two parts: task instructions in text and a few examples to illustrate the desired
output and rules to follow. Following the prompt, we query the LLM to perform completion,
hereby generating the dynamics.
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Task instructions. We ask the LLM to act as a “video bounding box generator”. In the
task setup, we outline task requirements like the coordinate system, canvas size, number of
frames, and frame speed.

DSL representation. We ask the LLM to represent the dynamics for each video using
a Dynamic Scene Layout (DSL), which is a set of bounding boxes linked across the frames.
LLMs are prompted to sequentially generate the boxes visible in each frame. Each box has
a representation that includes the location and size of the box in numerical coordinates,
as well as a phrase describing the enclosed object. Each box is also assigned a numerical
identifier starting from 0, and boxes across frames are matched using their assigned IDs
without employing a box tracker.

In-context examples. LLMs might not understand our need for real-world dynamics
such as gravity in the DSL generation, which can lead to assumptions that may not align
with our specific goals. To guide them correctly, we provide examples that highlight the
desired physical properties for generating natural spatiotemporal layouts. A key question
arises: How many examples do LLMs need in order to generate realistic layouts, given they
are not designed for real-world dynamics? One might assume they need numerous prompts to
grasp the complex math behind box coordinates and real-world dynamics. Contrary to such
intuition, we suggest presenting the LLM with a few examples demonstrating key physical
properties and using only one example for each desired property. Surprisingly, this often
suffices for LLMs to comprehend various aspects including physical properties and camera
motions, empowering downstream applications such as video generation (Section 3.4). We
also find that LLMs can extrapolate from provided examples to infer related properties that
are not explicitly mentioned. This means we do not need to list every desired property but
just highlight a few main ones. Our in-context examples are visualized in Figure 3.3.

Reason before generation. To improve the interpretability of the LLM output, we ask
the LLM to output a brief statement of its reasoning before starting the box generation for
each frame. We also include a reasoning statement in each in-context example to match the
output format.

Investigation setup. With the potential downstream of video generation, we categorize
the desired physical properties into world properties and camera properties. Specifically,
we examine gravity and object elasticity as world properties and perspective projection as
a camera property. However, the surprising generalization capabilities indicate promising
opportunities for LLMs to generalize to other uninvestigated properties. As displayed in
Figure 3.3, we provide the LLM with one example for each of the three properties. We then
query the LLM with a few text prompts for both world properties and camera properties
(see Figure 3.4). We use GPT-4 [40] for investigation in this section. Additional models are
explored in Section 3.5, confirming they exhibit similar capabilities.

Discoveries. We discovered that for various query scenarios, either seen or unseen, LLMs
can create realistic DSLs aligned with the prompt. Notably, this ability is rooted in the LLM’s
inherent knowledge, rather than solely relying on provided examples. For instance, given the
ball example that shows the presence of elasticity in our desired world for LLM to simulate
(Figure 3.3(b)), LLM understands that the ball, when thrown, will hit the ground and bounce
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(a) In-context example for gravity: A woman walking from (b) In-context example for elasticity: A red ball is (c) In-context example for perspective camera projection:
the left to the right and a man jumping on the right in a room thrown from the left to the right in a garden The camera is moving away from a painting

Figure 3.3: In-context examples. We propose to prompt the LLMs with only one in-context
ezample per key desirable property. Example (a)/(b)/(c) demonstrates gravity /elasticity /per-
spective projection, respectively. In Section 3.3, we show LLMs are able to generate DSLs
aligned with the query prompts with only these in-context examples, empowering downstream
applications such as video generation.

back (Figure 3.4(a)), no matter whether it was thrown from the left (Figure 3.3(b)) or right.
Furthermore, LLM is able to generalize to objects with different elasticity. For example,
when replacing the ball with a rock without updating in-context examples (Figure 3.4(b)),
LLM recognizes that rocks are not elastic, hence they do not bounce, but they still obey
gravity and fall. This understanding is reached without explicit textual cues about the object’s
nature in either our instructions or our examples. Since this ability is not derived from the
input prompt, it must originate from the LLM’s weights. To illustrate our point further,
we show the LLM that the “imagined camera” follows the principle of perspective geometry
in Figure 3.3(c): as the camera moves away from a painting, the painting appears smaller.
We then test the LLM with a scenario not directly taught by our examples, as shown in
Figure 3.4(e,f). Even without explicit explanations about how perspective geometry varies
with camera viewpoint and object motion, the LLM can grasp the concept. If the car’s
forward movement is perpendicular to the direction that the camera is pointing at, perspective
geometry does not apply.

More compellingly, by setting the right context of the imagined world, LLMs can make
logical extensions to properties not specified in the instructions or examples. As shown in
Figure 3.4(d), the LLM recognizes that the principles of perspective geometry applies not just
when a camera moves away from a static object (introduced in Figure 3.3(c)), but also when
objects move away from a stationary camera. This understanding extends beyond our given
examples. As seen in Figure 3.4(c), even without explicit mention of air friction, the LLM
takes it into account for a paper airplane and generates a DSL in which the paper airplane
is shown to fall slower and glide farther than other queried objects. This indicates that
our examples help establish an imagined world for the LLM to simulate, removing the need
for exhaustive prompts for every possible scenario. LLMs also demonstrate understanding
of buoyancy and animals’ moving patterns to generate realistic DSLs for Figure 3.1 in the
reasoning statements.

These observations indicate that LLMs are able to successfully generate DSLs aligned
with complex prompts given only the three in-context examples in Figure 3.3. We therefore
use these in-context examples and present further quantitative and qualitative analysis in
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Figure 3.4: DSLs generated by the LLM from input text prompts with only in-context
examples in Figure 3.3. Remarkably, despite not having any textual explanations on the
applicability of each physical property, the LLM discerns and applies them appropriately.
(a,b) The LLM selectively applies the elasticity rule to the ball but not the rock, even though
the attributes of a rock are never mentioned in the example. (c) The LLM infers world
context from the examples and factors in air friction, which is not mentioned either, when
plotting the paper airplane’s trajectory. (d-f) reveal the LLM’s inherent grasp of the role
of viewpoint in influencing object dynamics, without explicit instructions in the examples.
These discoveries suggest that the LLM’s innate knowledge, embedded in its weights, drives
this adaptability, rather than solely relying on the provided examples.

thrown out from
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Figure 3.5: Videos generated by our method LVD from the DSLs in Figure 3.4. Our
approach generates videos that correctly align with input text prompts. (a-c) show various
objects thrown from the right to the left. (d-f) depict objects of the same type viewed from
different viewpoints.

Section 3.5.

3.4 DSL-grounded Video Generation

Leveraging the capability of LLMs to generate DSLs from text prompts, we introduce
an algorithm for directing video synthesis based on these DSLs. Our DSL-grounded video
generator directs an off-the-shelf text-to-video diffusion model to generate videos consistent
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Figure 3.6: Our DSL-grounded video generator generates videos from DSLs using
existing text-to-video diffusion models augmented with appropriate DSL guidance. Our
method alternates between DSL guidance steps and denoising steps. While the denoising
steps gradually transform the random video-shaped Gaussian noise into clean videos, our
DSL guidance steps ensure that the denoised videos satisfy our DSL constraints. We designed
an energy function minimized when the text-to-video cross-attention maps have high values
within the box area and low values outside the box w.r.t. the layout box name. In the DSL
guidance step, our method minimizes the energy function E by performing gradient descent
on the video, steering the generation to follow the constraints.

with both the text prompt and the given DSL. Our method does not require fine-tuning,
which relieves it from the need for instance-annotated images or videos and the potential
catastrophic forgetting incurred by training.

A text-to-video diffusion model (e.g., [7]) generates videos by taking in a random Gaussian
noise of shape N x H x W x (', where N is the number of frames and C is the number
of channels. The backbone network (typically a U-Net [76]) iteratively denoises the input
based on the output from the previous time step as well as the text prompt, and the text-
conditioning is achieved with cross-attention layers that integrate text information into latent
features. For each frame, we denote the cross-attention map from a latent layer to the object
name in the text prompt by A € R¥>*W where H and W are the height and width of the
latent feature map. For brevity, we ignore the indices for diffusion steps, latent layers, frames,
and object indices. The cross-attention map typically highlights positions where objects are
generated.

As illustrated in Figure 3.6, to make sure an object is generated in and moves with the
given DSL, we encourage the cross-attention map to concentrate within the corresponding
bounding box. To achieve this, we turn each box of the DSL into a mask M € R¥*W  where
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the values are ones inside the bounding box and zeros outside the box. We then define
an energy function Ei,x = —Topk(A - M) + Topk(A - (1 — M)), where - is element-wise
multiplication, and Topk takes the average of top-k values in a matrix. Intuitively, minimizing
this energy encourages at least k& high attention values inside the bounding box, while having
only low values outside the box.

However, if the layout boxes in consecutive frames largely overlap (i.e., the object is moving
slowly), Eiopx may result in imprecise position control. This is because stationary objects
in the overlapped region can also minimize the energy function, which the text-to-video
diffusion model often prefers to generate. To further ensure that the temporal dynamics
of the generated objects are consistent with the DSL guidance, we propose Center-of-Mass
(CoM) energy function Egey which encourages CoM of A and M to have similar positions
and velocities. Denoting the CoM of t-th frame’s attention map and box mask by p* and pM,
the Econ = |[p* — pi'[5 + || — p1') — (P, — p!)|[3. Overall energy E is a weighted
sum of Eyopx and Ecom.

To minimize the energy F, we add a DSL guidance step before each diffusion step where
we calculate the gradient of the energy w.r.t. the partially denoised video for each frame
and each object, and update the partially denoised video by gradient descent with classifier
guidance [48, 16, 15, 55, 56, 79|.

With this simple yet effective training-free conditioning stage, we are able to control
video generation with DSL and complete the LVD pipeline of text prompt — DSL — video.
Furthermore, the two stages of our LVD pipeline are implementation-agnostic and can be
easily swapped with their counterparts, meaning that the generation quality and text-video
alignment will continue to improve with more capable LLMs and layout-conditioned video
generators. In Figure 3.5, we show that our DSL-grounded video generator can generate
realistic videos represented by the DSLs in Figure 3.4.

3.5 Evaluation

Setup. We select ModelScope [7] as our base video diffusion model and apply LVD on
top of it. In addition to comparing LVD with the ModelScope baseline without DSL guidance,
we also evaluate LVD against a retrieval-based baseline. Given a text prompt, this baseline
performs nearest neighbor retrieval from a large-scale video captioning dataset WebVid-2M
based on the similarity between the prompt and the videos with Frozen-In-Time [80], and
runs GLIP [81] to extract the bounding boxes for the entities in the captions of the retrieved
videos and tracks the bounding boxes with SORT [82] to get the DSLs.

Benchmarks. To evaluate the alignment of the generated DSLs and videos with text
prompts, we propose a benchmark comprising five tasks: generative numeracy, attribute
binding, visibility, spatial dynamics, and sequential actions. Each task contains 100 program-
matically generated prompts that can be verified given DSL generations or detected bounding
boxes using a rule-based metric, with 500 prompts in total. We generate two videos for each
prompt with different random seeds, leading to 1000 video generations per evaluation. We
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Table 3.1: Evaluation of the generated DSLs. Our LLM spatiotemporal planner is able
to generate layouts that align well with the spatiotemporal dynamics requirements in several
types of prompts.

Method Numeracy Attribution Visibility Dynamics Sequential Awverage
Retrieval-based 20% 12% 28% 8% 0% 14%
LVD (GPT-3.5, ours) 100% 100% 100% 1% 16% 7%
LVD (GPT-4, ours) 100% 100% 100% 100% 88% 98%

t retrieval examples 98% 100% 100% 96% 85% 96%

Table 3.2: Detection-based evaluation of the generated videos. LVD follows the
spatiotemporal keywords in the prompts better than ModelScope, the diffusion model that it
uses under the hood. Generated videos have a resolution of 256 x 256.

Method LLM-grounded Numeracy Attribution Visibility Dynamics Sequential Awverage
ModelScope X 32% 54% 8% 21% 0% 23.0%
Retrieval-based 15% 15% 11% 9% 0% 9.7%

LVD (GPT-3.5, ours) 52% 79% 64% 37% 2% 46.4%
LVD (GPT-4, ours) 41% 64% 55% 51% 38% 49.4%

then report the success rate of how many videos follow the text prompts. Furthermore, we
adopt the benchmarks (UCF-101 [59] and MSR-VTT [60]) as referenced in literature |53, 52]
to evaluate the quality of video generation. We also conduct an evaluator-based assessment
as well. We refer readers to Section B.4 for details about our evaluation setup and proposed
benchmarks.

Evaluation of Generated DSLs

We evaluate the alignment between the DSLs generated by an LLM and the text prompts
without the final video generation. The results are presented in Table 3.1. We first compare
with a baseline model that directly outputs the layout of the closest retrieved video as the
DSL without an LLM involved. Its low performance indicates that nearest neighbor retrieval
based on text-video similarity often fails to locate a video with matching spatiotemporal
layouts. In contrast, our method generates DSLs that align much better with the query
prompts, where using GPT-3.5 gives an average accuracy of 77% and using GPT-4 can
achieve a remarkable accuracy of 98%. These results highlight that current text-only LLMs
can generate reasonable spatiotemporal layouts based solely on a text prompt, which is
hard to achieve with a retrieval-based solution. Notably, only three in-context examples
in Figure 3.3 are used throughout the evaluation. To determine if incorporating examples
from real videos enhances the performance, we experimented with adding the samples from
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Table 3.3: Ablations on the energy function used to condition the video diffusion
model on the layouts. We use the same set of layouts generated by the LLM (GPT-4) in
the ablation. Neither FE ., proposed in [15] nor Eeomer proposed in Boxdiff [16] help improve
the text-video alignment, whereas simply using Fi.px achieves good text-video alignment.
Adding FEcev can further boost the text-video alignment for sequential tasks. Generated
videos are of 256 x 256.

Eiopk  FEratio Feomer Ecom Numeracy Attribution Visibility Dynamics Sequential Awverage

X X X 44% 53% 11% 54% 21% 36.4%
X X 38% 60% 53% 48% 31% 45.6%
X X X 39% 65% 54% 52% 23% 46.3%
X X 41% 64% 55% 51% 38% 49.4%

Table 3.4: Video quality evaluation. Lower FVD scores are better. T indicates our
replication of the results. LVD is able to generate videos with higher quality than ModelScope
on both benchmarks.

Method FVDQUCF-101 (}) FVD@MSR-VTT ({)
CogVideo (Chinese) [73] 751 -
CogVideo (English) [73] 702 1294
MagicVideo [83] 699 1290
Make-A-Video [52] 367 -
VideoLDM |[53] 551 :
ModelScope |7] - 550
ModelScopef 984 590
ModelScope w/ LVD (ours) 828 565

retrieval. However, these additional examples lead to similar performance, underscoring the
LLM’s few-shot generalization capabilities. We also noticed that GPT-3.5 struggles with
sequential tasks. While it typically begins correctly, it either skips one of the two actions or
executes them simultaneously.

Evaluation of Generated Videos

Evaluation of video-text alignment. We now assess whether the generated videos
adhere to the spatial layouts and temporal dynamics described in the text prompts. For
evaluation, we also use the rule-based method, with boxes from detector OWL-ViT [42].
With results presented in Table 3.2, ModelScope underperforms in most of the scenarios
and is barely able to generate videos in two of the five tasks. In addition, videos from the
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Table 3.5: Assessment based on human evaluators. Despite sharing the same diffusion
weights as the baseline model [7], our method is preferred significantly more often.

Question Baseline LVD  Similar
Which video aligns better with the text prompt?  3.2%  85.8% 12.6%
Which video has better quality? 14.5% 66.0% 19.5%

retrieved layouts have worse text-video alignment performance when compared to the baseline
method. On the other hand, LVD significantly outperforms both baselines by a large margin,
suggesting the improved video-text alignment of the proposed LVD pipeline. Interestingly,
the layouts generated by GPT-3.5 lead to better text-video alignment for three tasks, as they
have less motion in general and are easier to generate videos from. The gap between the
results in Table 3.1 and Table 3.2 still indicates that the bottleneck is in the DSL-grounded
video generation stage.

Ablations on the energy function. E. Boxdiff [16] proposes a corner term Eoper With
FE'opk, and [15] proposes to use a ratio-based energy function E,¢o. As shown in Table 3.3, we
found that using only Ei.px achieves a good text-video alignment already. We also recommend
adding Fcom when sequential tasks are entailed, as it offers significant boosts.

Evaluation of video quality. Since our primary objective is to generate videos that
align with intricate text prompts without additional training, improving video quality is
not the key objective to demonstrate the effectiveness of our method. We evaluate the
video quality through FVD score on UCF-101 and MSR-VTT. The FVD score measures if
the generated videos have the same distribution as the dataset. Both benchmarks feature
videos of complex human actions or real-world motion. Since our method is agnostic to
the underlying models and applicable to different text-to-video diffusion models, we mostly
compare with ModelScope [7], the diffusion model that we use under the hood. Both LVD
and our replicated ModelScope generate 256 x 256 videos. As shown in Table 3.4, LVD
improves the generation quality compared to the ModelScope baseline on both datasets,
suggesting our method can produce actions and motions that are visually more similar to
real-world videos. ModelScope and LVD surpass models such as [83] on MSR-VTT, while
being worse on UCF-101, possibly due to different training data.

Visualizations. In Figure 3.7, we show our video generation results along with baseline
Modelscope. LVD consistently outperforms the base model in terms of generating the correct
number of objects, managing the introduction of objects in the middle of the video, and
following the sequential directions specified in the prompt. In addition, LVD is also able to
handle descriptions of multiple objects well. For example, in Figure 3.7(b), while ModelScope
assigns the color word for the dog to a ball, LVD precisely captures both the blue dog and
the brown ball in the generation.

Evaluator-based assessment. To further validate the quality of videos generated
with LVD, we conducted an evaluator-based assessment. We asked two questions to 10
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Figure 3.7: Despite not aiming for each individual aspect of the quality improvement, LVD
generates videos that align much better with the input prompts in several tasks
that require numerical, temporal, and 3D spatial reasoning. Best viewed when zoomed in.

participants about each of the 20 pairs of videos randomly selected from our benchmark:
“Which video aligns better with the text prompt?” and “ Which video has better quality?”.
Each set is composed of two videos, one generated by baseline and the other by LVD. We
randomly shuffled the videos within each set. For each question, the options are “Video #1”,
“Video #2”, and “Similar”. We show the averaged score in Table 3.5. LVD holds a substantial
edge over the baselines. In 96.8% of alignment cases and 85.5% of visual quality cases, the
evaluators indicate that LVD outperforms or is at least on par with the baseline model. This
highlights that LVD brings about a significant enhancement in the performance of baseline
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video diffusion models in both the alignment and visual quality.

3.6 Discussion and Future Work

In this work, we propose LLM-grounded Video Diffusion (LVD) to enhance the capabilities
of text-to-video diffusion models to handle complex prompts without any LLM or diffusion
model parameter updates. Although LVD shows substantial enhancement over prior methods,
there is still potential for further improvement. For example, LVD still inherits limitations
from the base model when it comes to synthesizing objects or artistic styles it struggles with.
We anticipate that techniques like LoRA fine-tuning [36] could help mitigate such challenges
and leave this exploration for future research. Our aim for this work is 1) to demonstrate
LLM’s surprising spatiotemporal modeling capability and 2) to show that LLM-grounded
representation, such as DSLs, can be leveraged to improve the alignment for text-to-video
generation, with potential extensions to control finer-grained properties, including human
poses, to model complex dynamics. Our DSL-to-video stage is still simple, and thus a more
advanced DSL-conditioned video generator may further improve the precision of control and
video quality in future work.

Reproducibility statement

We mainly apply and evaluate our method on open-sourced model ModelScope [7],
allowing the reproduction of results in this work. We will also release code and benchmarks
for reproducibility and future research.
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Chapter 4

Self-correcting LLM-controlled Diffusion
Models

This chapter is based on the following publication:

Tsung-Han Wu*, Long Lian*, Joseph E. Gonzalez, Boyi Li, and Trevor Darrell.
“Self-correcting LLM-controlled Diffusion Models.” IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), 2024. (*Equal contribution.)

4.1 Introduction

Text-to-image generation has made remarkable advancements, especially with the advent
of diffusion models. However, these models often struggle with interpreting complex input text
prompts, particularly those that require skills such as understanding the concept of numeracy;,
spatial relationships, and attribute binding with multiple objects. Despite the astonishing
scaling of model sizes and training data, these challenges, as illustrated in Figure 4.1, are
still present in state-of-the-art open-source and proprietary diffusion models.

Several research and engineering efforts aim to overcome these limitations. For instance,
methods such as DALL-E 3 [84] focus on the diffusion training process and incorporate
high-quality captions into the training data at a massive scale. However, this approach not
only incurs substantial costs but also frequently falls short in generating accurate images
from complicated user prompts, as shown in Figure 4.1. Other work harnesses the power of
external models for a better understanding of the prompt in the inference process before the
actual image generation. For example, [85, 23] leverages Large Language Models (LLMs) to
pre-process textual prompts into structured image layouts and thus ensures the preliminary
design aligns with the user’s directives. However, such integration does not resolve the
inaccuracies produced by the downstream diffusion models, particularly in images with
complex scenarios like multiple objects, cluttered arrangements, or detailed attributes.

Drawing inspiration from the from the process of a human painting and a diffusion model
in generating images, we observe a key distinction in their approach to creation. Consider
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a human artist tasked with painting a scene featuring two cats. Throughout the painting
process, the artist remains cognizant of this requirement, ensuring that two cats are indeed
present before considering the work complete. Should the artist find only one cat depicted,
an additional one would be added to meet the prompt’s criteria. This contrasts sharply with
current text-to-image diffusion models, which operate on an open-loop basis. These models
generate images through a predetermined number of diffusion steps and present the output to
the user, regardless of its alignment with the initial user prompt. Such a process, irrespective
of scaling training data or LLM pre-generation conditioning, lacks a robust mechanism to
ensure the final image aligns with the user’s expectations.

In light of this, we propose our method Self-correcting LLM-controlled Diffusion (SLD)
that performs self-checks to confidently offer users guarantees of the alignment between the
prompt and the generated images. Departing from conventional single-round generation
methods, SLD is a novel closed-loop approach that equips diffusion models with the ability to
iteratively identify and rectify errors. Our SLD framework, illustrated in Figure 4.1, contains
two main components: LLM-driven object detection as well as LLM-controlled assessment
and correction.

The SLD pipeline follows a standard text-to-image generation setting. Given a textual
prompt that outlines the desired image, SLD begins with calling an image generation module
(e.g., the aforementioned open-loop text-to-image diffusion models) to generate an image
in a best-effort fashion. Given that these open-loop generators do not guarantee an output
that aligns perfectly with the prompt, SLD then conducts a thorough evaluation of the
produced image against the prompt, with an LLM parsing key phrases for an open-vocabulary
detector to check. Subsequently, an LLM controller takes the detected bounding boxes and
the initial prompt as input, checks for potential mismatches between the detection results
and the prompt requirements, suggesting appropriate self-correction operations, such as
adding, moving, and removing objects. Finally, utilizing a base diffusion model (e.g., Stable
Diffusion [13]), SLD employs latent space composition to implement these adjustments,
thereby ensuring that the final image accurately reflects the user’s initial text prompt.

Notably, our pipeline does not pose restrictions on the source of the initial generation and
thus is applicable to images generated by proprietary models, such as DALL-E 3 [84], through
APIs, as shown in Figure 4.1. Furthermore, none of the self-correction operations require
any additional training on our base diffusion model [13|, which easily allows our method to
be applied to various diffusion models without the costs of external human annotation or
training.

We demonstrate that our SLD framework can achieve significant improvement over current
diffusion-based methods on cpmplex prompts with the LMD benchmark [85]. The results
show that our method is able to surpass LMD+, which is a strong baseline that already
leverages LLM in the image process generation, by 9.0%. More importantly, with DALL-E
3 for initial generation, the generated images from our method achieve 26.5% performance
gains compared to ones before self-correction.

Finally, since the SLD pipeline is agnostic to the initially generated image, it can easily
be transformed into an image editing pipeline by simply changing the prompts to the LLM.
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Figure 4.1: Our proposed Self-correcting LLM-controlled Diffusion (SLD) enhances text-to-
image alignment through an iterative self-correction process. It begins with LLM-driven object
detection (Section 4.3), and subsequently performs LLM-controlled analysis and correction
(Section 4.3). The entire pipeline is outlined in Algorithm 1.

While text-to-image generation and image editing are often treated as distinct tasks by the
generative modeling community, our SLD is able to perform these two tasks with a unified
pipeline. We list our key contributions below:

1. SLD is the first to integrate a detector and an LLM to self-correct generative models,
ensuring accurate generation without extra training or external data.

2. SLD offers a unified solution for both image generation and editing, enabling enhanced
text-to-image alignment for any image generator (e.g., DALL-E 3) and object-level
editing on any images.

3. Experimental results show that our approach can correct a majority of incorrect gener-
ations, particularly in aspects of numeracy, attribute binding, and spatial relationships.

We will release our code for future research and applications.
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4.2 Related Work

Text-to-Image Diffusion Models

Diffusion-based text-to-image generation has advanced significantly. Initial studies |13,
17, 18| showed diffusion models’ ability to create high-quality images, but they struggle with
complex prompts. Subsequent research [30, 5, 34, 15, 86, 87| has incorporated additional
inputs such as keypoints and bounding boxes to control the diffusion generation process.

Recent advancements have incorporated LLMs to control the generation of diffusion
models, bypassing the need for additional complementary information as inputs [85, 55,
23, 78, 88]. In these approaches, LLMs play a central role in directly interpreting user
textual prompts and managing the initial layout configuration. Despite some progress, these
models often operate in an open-loop fashion, producing images in one iteration that cannot
guarantee the generated images align with user prompts.

Unlike prior work, SLD is the first closed-loop diffusion-based generation method. Integrat-
ing advanced object detectors and LLMs, SLD performs iterative self-checking and correction,
significantly enhancing text-to-image alignment. This improvement spans numeracy, attribute
binding to multiple objects, and spatial reasoning, applicable to various models, including
those like DALL-E 3.

Diffusion-based Image Editing

Recent advancements in text-to-image diffusion models have significantly expanded their
applications in image editing, encompassing both global and local editing tasks. Techniques
like Prompt-2-prompt [89] and InstructPix2Pix 37| specialize in global edits, such as style
transformations. Conversely, methods like SDEdit [90], DiffEdit [91], and Plug-and-Play
[92] focus on local edits, targeting specific areas within images. Despite their progress,
these methods often struggle with precise object-level manipulation and tasks that require
spatial reasoning, such as resizing or repositioning objects. While recent approaches like
Self-Guidance [93] offer fine-grained operations, they still necessitate user inputs for specific
coordinates when moving or repositioning objects.

Unlike these methods only focusing on diffusion models, SLD introduces the combination
of detectors and LLMs in the loop of editng, enabling fine-grained editing with only user
prompts. Also, SLD excels in a variety of object-level editing tasks, including adding,
replacing, moving, and modifying attributes, swapping, and so on, demonstrating a notable
improvement in both ease of use and editing capabilities.

4.3 Self-correcting LLM-controlled Diffusion

In this section, we introduce our Self-correcting LLM-controlled Diffusion (SLD) frame-
work. SLD consists of two main components: LLM-driven object detection (Section 4.3) as
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## Objective: Analyze user prompts to identify objects and
their attributes.

[Task Description + In-context Examples]

[Question]
User prompt: A realistic photo with a monkey sitting above a
green motorcycle on the left and another raccoon sitting
above a blue motorcycle on the right
Reasoning: The description mentions four main objects in the
image: a monkey, a green motorcycle, a raccoon, and a blue
motorcycle...
Objects: [(“monkey”, [None]), (“motorcycle”, [“green”, “blue"]),
(“raccoon"”, [None])]

Negation: None

— LLM Input Prompt — LLM Output Content

## Objective: Manipulate bounding boxes in square images according
to user prompt while maintaining visual accuracy.

[Task Description + In-context Examples]

[Question]

User prompt: A realistic photo with a monkey sitting above a green
motorcycle on the left and another raccoon sitting above a blue
motorcycle on the right

Current Objects: [(‘green motorcycle #1', [0.016, 0.329, 0.971, 0.676]),
(‘monkey #1', [0.009, 0.056, 0.481, 0.821]), (‘raccoon #1', [0.354, 0.123,
0.526, 0.62])]

Reasoning: ... the current objects only include a monkey, a green
motorcycle, and a raccoon, with no blue motorcycle mentioned ...
Updated Objects: [[“monkey #1", [0.009, 0.006, 0.481, 0.821]], ["green
motorcycle #1", [0.016, 0.329, 0.506, 0.6]], ["blue motorcycle #1",

[0.516, 0.329, 0.484, 0.6]], ["raccoon #1", [0.46, 0.123, 0.526, 0.62]]

42

Parsing: Compare bounding
box differences

monkey #1
Move

o e
raccoon #1 |

‘ green motorcycle #1 j ‘ blue motorcycle #1 ] |

Add

Resize

Form latent space operations
to do downstream editing

Figure 4.2: Our self-correction pipeline is driven by two distinct LLMs: (a) The LLM parser
analyzes user prompts P to extract a list of key object information S, which is then passed
to the open-vocabulary detector. (b) The LLM controller, taking both the user prompt
P and currently detected bounding boxes B, as input, outputs suggested new bounding
boxes B,..:. These are subsequently transformed into a set of latent space operations Ops
for image manipulation.

well as LLM-controlled assessment and correction (Section 4.3). Moreover, with a simple
change of the LLM instructions, we show that SLD is applicable to image editing, unifying
text-to-image generation and editing as discussed in Section 4.3. The complete pipeline is
shown in Algorithm 1.

LLM-driven Object Detection

Our SLD framework starts with LLM-driven object detection, which extracts information
necessary for downstream assessment and correction. As shown with green arrows in Figure 4.1,
the LLM-driven object detection includes two steps: 1) We leverage an LLM as a parser
that parses the user prompt and outputs key phrases that are potentially relevant to image
assessment. 2) The phrases are then passed into an open-vocabulary object detector. The
detected boxes are supposed to contain information that supports the assessment of whether
the image is aligned with the specifications in the user prompt.

In the initial step, an LLM parser is directed to extract a list of key object details, denoted
as S, from the user-provided text prompt P. This parser, aided by text instructions and
in-context examples, can easily accomplish this as shown in Figure 4.2 (a). For a user prompt
that includes phrases like “a green motorcycle" and “a blue motorcycle," the LLM is expected
to identify and output “green" and “blue" as attributes associated with “motorcycle." When
the prompt references objects without specific quantities or attributes, such as “a monkey"
and “a raccoon," these descriptors are appropriately left blank. Importantly, the LLM’s role
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is not limited to merely identifying object nouns; it also entails identifying any associated
quantities or attributes.

In the second step, an open-vocabulary detector processes the list of key object information,
S, parsed in the first step, to detect and localize objects within the image. We prompt the
open-vocabulary object detector with queries formatted as image of a/an [attribute]
[object name], where the “attribute” and “object name” are sourced from the parser’s
output. The resulting bounding boxes, B, are then organized into a list format like
[("[attribute] [object name] [#object ID]", [x, y, w, h])] for further processing.
A special case is when the prompt poses constraints on the object quantity. For cases
where attributed objects (e.g., “blue dog”) fall short compared to the required quantities, a
supplementary count of non-attributed objects (e.g., “dog”) is provided to provide context for
the subsequent LLM controller deciding whether to add more “blue dogs" or simply alter the
color of existing dogs to blue. We will explain these operations, including object addition
and attribute modification, in greater detail in Section 4.3.

LLM-controlled Analysis and Correction

We use an LLM controller for image analysis and the subsequent correction. The controller,
given the user prompt P and detected boxes B.,,., is asked to analyze whether the image,
represented by objects bounding boxes, aligns with the description of the user prompt and
offer a list of corrected bounding boxes By., as shown in Figure 4.2 (b).

SLD then programmatically analyzes the inconsistencies between the refined and original
bounding boxes to output a set of editing operations Ops, which includes addition, deletion,
repositioning, and attribute modification. However, a simple set-of-boxes representation does
not carry correspondence information, which does not allow an easy way to compare the
input and the output layout of the LLM controller when multiple boxes share the same object
name. For example, when there are two cat boxes in both the model input and the model
output, whether one cat box corresponds to which cat box in the output layout is unclear.
Rather than introducing another algorithm to guess the correspondence, we propose to let the
LLM output correspondence with a very simple edit: we give an object ID to each bounding
box, with the number increasing within each object type, as a suffix added after the object
name. In the in-context examples, we demonstrate to the LLM that the object should have
the same name and object ID before and after the proposed correction.

Latent Operations for Training-Free Image Correction

The LLM controller outputs a list of correction operations to apply. For each operation,
we first transform the original image into latent features. Our approach then executes a
series of operations Ops, such as addition, deletion, repositioning, and attribute modification,
applied to these latent layers. We explain how each operation is performed below.
Addition. Inspired by [85], the addition process entails two phases: pre-generating an object
and integrating its latent representation into the original image’s latent space. Initially, we
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Latent Composition: Added / Repositioned / Modified Objects

Moved raccoon Resized green motor Added blue motor

Moved monkey

. Unfrozen Phase: Generic Forward

Final Forward Diffusion b

Original raccoon
pe and green motor

(Refined by SAM)
N

Figure 4.3: Our latent operations can be summarized into two key concepts: (1) latent in
removed regions are re-initialized to Gaussian noise, and latent of newly added or modified
objects are composited onto the canvas. (2) Latent composition is confined to the initial
steps, followed by “unfrozen" steps for a standard forward diffusion process, enhancing visual
quality and avoiding artificial copy-and-paste effects.

use a diffusion model to create an object within a designated bounding box, followed by
precise segmentation using models (e.g., SAM [94]). This object is then processed through
a backward diffusion sequence with our base diffusion model, yielding masked latent layers
corresponding to the object, which are later merged with the original canvas.

Deletion operation begins with SAM refining the boundary of the object within its bounding
box. The latent layers associated with these specified regions are then removed and reset
with Gaussian noise. This necessitates a complete regeneration of these areas during the
following forward diffusion process.



45

Algorithm 1 Self-correction for Image Generation.

Input: User prompt P, Initial generated image I, Maximum number of self-correction round
K.
1: for k< 1 to K do
2 S < LLM-Parser(P)
3 Beurr < Detector(S5)
4: Bzt < LLM-Analysis(P, Beyr)
5: Ops < Diff(Beyrr, Bnext)
6 if Ops # 0 then (i.e., Byewt # Bewrr)
7 I = Correction(Ops, Bhext, Bewrr)
8 else
9: break
10: end if
11: end for
Output: Image I.

Repositioning involves modifying the original image to align objects with new bounding
boxes, taking care to preserve their original aspect ratios. The initial steps include shifting
and resizing the bounding box in the image space. Following this, SAM refines the object
boundary, succeeded by a backward diffusion process to generate its relevant latent layers,
similar to the approach in the addition operation. Latent layers corresponding to the excised
parts are replaced with Gaussian noise, while the newly added sections are integrated into the
final image composition. An important consideration in repositioning is conducting object
resizing in the image space rather than the latent space to maintain high-quality results.
Attribute modification starts with SAM refining the object boundary within the bounding
box, followed by applying attribute modifications such as DiffEdit [91]. The base diffusion
model then reverses the image, producing a series of masked latent layers ready for final
composition.

After editing operations on each object, we proceed to the recomposition phase as shown
in Figure 4.3. In this phase, while latents for removed or repositioned regions are reinitialized
with Gaussian noise, the latents for added or modified latents are updated accordingly. For
regions with multiple overlapping objects, we place the larger masks first to ensure the
visibility of the smaller objects.

The stack of modified latent then undergoes a final forward diffusion process, which
begins with steps in which regions not reinitialized with Gaussian noise are frozen (i.e.,
forced to align with the unmodified latent at the same step). This is crucial for the accurate
formation of updated objects while maintaining background consistency at the same time.
The procedure finishes with several steps where everything is allowed to change, resulting in
a visually coherent and correct image.
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Accuracy

Method Negation Numeracy Attribute Spatial Average
MultiDiffusion [14] 29% 28% 26% 39%  30.5%
Backward Guidance [15] 22% 37% 26% 67%  38.0%
BoxDiff [16] 22% 30% 37% 1%  40.0%
LayoutGPT + GLIGEN |23, 5] 36% 65% 26% 8%  51.3%
DALL-E 3 [84] 25% 38% 74% 1%  52.0%

+ l-round SLD (Ours) 90% 61% 80% 83%  78.5% (+26.5)
LMD+ [85] 100% 82% 49% 8%  79.3%

+ 1-round SLD (Ours) 100% 98% 63% 92% 88.3% (+ 9.0)

Table 4.1: Our method can be applied on various image generation methods and improves
the generation accuracy by a large margin.

Termination of the Self-Correction Process

Even though we observe that one round of generation is often enough for a majority of
the cases that we encountered, subsequent rounds could still benefit the performance in terms
of correctness further, making our self-correction an iterative process.

Determining the optimal number of self-correction rounds is critical for balancing efficiency
and accuracy. As outlined in Algorithm 1, our method sets a maximum number of attempts
on the correction rounds to ensure the process finishes within a reasonable amount of time.

The process completes when the LLM outputs the same layout as the input (i.e., if the
bounding boxes suggested by the LLM controller (B,.;) align with the current detected
bounding boxes (Bey)), or when the maximum rounds of generation are reached, which
indicates that the method is unable to make a correct generation for the prompt. This
iterative process provides guarantees on the correctness of the image, up to the accuracy of
the detector and the LLM controller, ensuring it aligns closely with the initial text prompt.
We explore the efficacy of multi-round corrections in Section 4.4.

Unified text-to-image generation and editing

In addition to self-correcting image generation models, our SLD framework is readily
adaptable for image editing applications, requiring only minimal modifications. A key
distinction is in the format of user input prompts. Unlike image generation, where users
provide scene descriptions, image editing requires users to detail both the original image
and the desired changes. For instance, to edit an image with two apples and a banana by
replacing the banana with an orange, the prompt could be: “Replace the banana with an
orange, while keeping the two apples unchanged."
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~— =
An oil painting at the beach of a blue bicycle to the left of a bench and to the right of a palm tree with three seagulls in the sky

DALL-E 3 DALL-E 3 w/ SLD (Ours)

Figure 4.4: SLD enhances text-to-image alignment across diverse diffusion-based generative
models such as SDXL, LMD+, and DALL-E 3. Notably, as highlighted by the red boxes in
the first row, SLD precisely positions a blue bicycle in relation to a bench and a palm tree,
while maintaining the accurate count of palm trees and seagulls. The second row further
demonstrates SLD’s robustness in complex, cluttered scenes, effectively managing object
collision through our training-free latent operations.

The editing process is similar to our self-correction mechanism. The LLM parser extracts
key objects from the user’s prompt. These objects are then identified by the open-vocabulary
detector, establishing a list of current bounding boxes. The editing-focused LLM controller,
equipped with specific task objectives, guidelines, and in-context examples, analyzes these
inputs. It proposes updated bounding boxes and corresponding latent space operations for
precise image manipulation.

SLD’s ability to perform detailed, object-level editing distinguishes it from existing
diffusion-based methods like InstructPix2Pix [37] and prompt2prompt [89], which mainly
address global image style changes. Also, SLD outperforms tools like DiffEdit [91] and SDEdit
[90], which are restricted to object replacement or attribute adjustment, by enabling com-
prehensive object repositioning, addition, and deletion with exact control. Our comparative
analysis in Section 4.4 will further highlight SLD’s superior editing capabilities over existing
methods.
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4.4 Experiments

Comparison with Image Generation Methods

Setup. We evaluate the performance of the SLD framework with the LMD benchmark [85],
which is specifically designed to evaluate generation methods on complex tasks such as
handling negation, numeracy, accurate attribute binding to multiple objects, and spatial
reasoning. For each task, 100 programmatically generated prompts are fed into various
text-to-image generation methods to produce corresponding images. We evaluate the images
generated by our method and the baselines with open-vocabulary detector OWL-ViT v2 [95]
for a robust quantitative evaluation of the alignment between the input prompts and the
generated images. We compared SLD with several leading text-to-image diffusion methods,
such as Multidiffusion [14], BoxDiff [16], LayoutGPT [23], LMD+ [55], and DALL-E 3 [84].
To ensure fair comparisons, all models incorporating LLMs used the same GPT-4 model. For
our SLD implementation, we utilized LMD~ as the base model for latent space operations
and OWL-VIiT v2 for the open-vocabulary object detector.

Results. As shown in Table 4.1, applying the SLD method to both open-source (LMD-)
and proprietary models (DALL-E 3) significantly enhances their performance in terms of
generation correctness. For negation tasks, as LMD+ converts user prompts containing
“without” information into negative prompts, which already achieves a remarkable 100%
accuracy without SLD integration. In contrast, even though DALL-E 3 also uses an LLM
to rewrite the prompt, it still fails for some negation cases, likely because the LLM simply
puts the negation keyword (e.g., “without”) into the rewritten prompt. In this case, our SLD
method can automatically rectify most of these errors. For numeracy tasks, integrating
SLD with LMD+ results in a significant improvement, with up to 98% accuracy. We noted
that DALL-E 3 often struggles to generate an image with the correct number of objects.
However, this issue is substantially mitigated by SLD, which enhances performance by over
20%. For attribute binding tasks, SLD improves the performance of both DALL-E 3 and
LMD+ by 6% and 14%, respectively. Notably, DALL-E 3 initially outperforms LMD+ in this
task, likely due to its training on high-quality image caption datasets. Finally, for spatial
reasoning tasks, the integration of SLD with both LMD+ and DALL-E 3 demonstrates
enhanced performance by 12% and 6%, respectively.

Application to Image Editing

As discussed in Section 4.3, SLD excels in fine-grained image editing over existing methods.
As demonstrated in Figure 4.5, our integration of an open-language detector with LLMs
enables precise modifications within localized latent space regions. SLD adeptly performs
specific edits, like seamlessly replacing an apple with a pumpkin, while preserving the integrity
of surrounding objects. In contrast, methods like InstructPix2Pix [37] are confined to global
transformations, and DiffEdit [91] often fails to accurately locate objects for modification,
leading to undesired results.
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Editing Instructions for SLD Input Image

Replace the left apple with a pumpkin
and keep the right apple and all
bananas in the scene unchanged.

InstructPix2Pix DiffEdit SLD (Ours)

Figure 4.5: When instructed to perform object-level image editing. InstructPix2Pix [37]
completely fails to accomplish the task, and DiffEdit [91] falls short, as highlighted in the green
box of the image. Conversely, our method demonstrates a significantly better performance in
executing these object-level edits.

Furthermore, as exemplified in Figure 4.6, SLD supports a wide array of editing instruc-
tions, including counting control (such as adding, deleting, or replacing objects), attribute
modification (like altering colors or materials), and intricate location control (encompassing
object swapping, resizing, and moving). A standout example is featured in the “Object Resize”
column of the first row, where SLD precisely enlarges the cup on the table by an exact factor
of 1.25x. We encourage readers to verify this with a ruler for a clear demonstration of our
method’s precision. This level of precision stems from the detector’s exact object localization
coupled with the LLMs’ ability in reasoning and suggestions for new placements. Such
detailed control over spatial adjustments is unmatched by any previous method, highlighting
SLD’s contributions to fine-grained image editing.
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Original Image Object Swap

Object Resize Object Move

Addition / Deletion Attribute Modification
| |

Replace the bow! with Turn the cup into green Swap the position of the ~ Make cup 1.25 times its ~ Move the cup towards

User Instructions two round apples and and the bowl into golden  bowl and the cup larger but keep the the bow! until they
keep the cup unchanged bowl!’s size slightly overlap
Original Image Addition / Deletion Attribute Modification Object Swap Object Resize Object Move

r

Replace the dog with a Transform the dog into a  Swap the position of the  Increase the cat's size Shift the dog slightly
User Instructions houseplant and keep the robotic dog and the cat  black dog and the yellow and reduce the dog's size upward and move the cat
cat unchanged into a sculptural cat cat slightly towards the dog

Figure 4.6: SLD can handle a diverse array of image editing tasks guided by natural,
human-like instructions. Its capabilities span from adjusting object counts to altering object
attributes, positions, and sizes.

Accuracy
Method Negation Numeracy Attribute Spatial Average
SD [13] 19% 38% 24%  33% 28.5%

+ 1-round SLD  69% 55% 25%  69% 54.5% (+26.0)
+ 2-round SLD  73% 61% 31% 75% 60.0% (+31.5)

Table 4.2: While the majority of errors are typically rectified in the first round, multi-round
correction consistently outperforms a single-round approach.

Discussion

Multi-round self-correction. Our analysis in Table 4.2 highlights the benefits of multi-
round self-correction and the fact that the first round correction is always the most effective
one and has a marginal effect. The first round of corrections substantially mitigates issues
inherent in Stable Diffusion [13]. Then, a second round of correction still yields significant
improvements across all four tasks.

Limitations and future work. A limitation of our method is illustrated in Figure 4.7,
where SLD fails to accurately remove a person’s hair. In this instance, despite the successful
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Remove hair of the rightmost person sitting at a cafe in this image

|
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Original Image Removed Region Failed Result

Figure 4.7: SLD struggles with objects of complex shapes, as the SAM module may uninten-
tionally segment adjacent parts during the process.

identification and localization of the hair, the complex nature of its shape poses a challenge
to the SAM module used for region selection, resulting in the unintended removal of the
person’s face in addition to the hair. However, since the person’s cloth is not removed, the
base diffusion model fails to generate a natural composition. This suggests that a better
region selection method is needed for further improvements in the generation and editing
quality.

4.5 Conclusion

We introduce the Self-correcting Language-Driven (SLD) framework, a pioneering self-
correction system using detectors and LLMs to significantly enhance text-to-image alignment.
This method not only sets a new SOTA in image generation benchmark but is also compatible
with various generative models, including DALL-E 3. Also, SLD extends its utility to image
editing applications, offering fine-grained object-level manipulation that surpasses existing
methods.
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Chapter 5

Describe Anything: Detailed Localized
Image and Video Captioning

This chapter is based on the following publication:

Long Lian, Yifan Ding, Yunhao Ge, Sifei Liu, Hanzi Mao, Boyi Li, Marco Pavone,
Ming-Yu Liu, Trevor Darrell, Adam Yala, and Yin Cui. “Describe Anything:
Detailed Localized Image and Video Captioning.” International Conference on

Computer Vision (ICCV), 2025.

5.1 Introduction

Image captioning has been a longstanding challenge in computer vision and natural
language processing [96], as it involves understanding and describing visual content in natural
language. While recent Vision-Language Models (VLMs) have achieved impressive results in
image-level captioning, generating detailed and accurate captions for specific regions within
an image remains an open problem. This challenge intensifies with videos, where models must
additionally capture dynamic visual content, such as human actions, object motions, and
human-object interactions. If resolved, it would open new doors for fine-grained grounded
image /video understanding [97, 98] and generation [99, 5|.

Most existing VLMs (e.g., GPT-40 [100]) lack mechanisms for precise localization. Recent
approaches that empower VLMSs to take 2D localization cues such as bounding boxes [101,
102, 103, 104] often yield brief phrases rather than detailed descriptions. While there are
methods [105, 106, 107, 108, 109, 110] that produce longer captions, they provide minimal
detail or include unrelated content from other regions, as shown in Figure 5.4. This raises
the question: What makes detailed localized captioning (DLC) so challenging?

We identify three key obstacles to DLC:

1. Loss of Region Details: As shown in Figure 5.1, prior methods extract local
features from global image representations, often leading to loss of fine-grained de-
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tails—particularly for small objects in complex scenes. By the time the LLM processes
the visual features, crucial details necessary for generating precise captions are already
lost. Cropping the region of interest may enhance detail but risks losing essential
contextual cues.

2. Scarcity of High-Quality Datasets: Datasets such as RefCOCOs [111, 112] and
Visual Genome [113] typically offer only short phrases that do not suffice for training
models to generate rich, detailed captions. Recent synthetic data approaches [107,
110] are based on bounding boxes that could not precisely convey the exact region of
interests, while methods that rely on global captions [114] may have difficulty capturing
non-salient regions.

3. Limitations in Benchmarks: Prior localized captioning benchmarks compare gen-
erated captions against reference captions using language-based image captioning
metrics (115, 116, 117, 118, 119] or LLM-based scoring [108, 120]. However, such
techniques are not very applicable to DLC. Since the reference captions provided in
the benchmarks often lack comprehensive details of the region, DLC models are often
unfairly penalized for correct details not explicitly mentioned in the reference.

We propose the following solutions to these challenges:

To tackle the loss of details in regional features, we propose the Describe Anything
Model (DAM), which preserves both local detail and global context. DAM achieves this
through two key innovations (Figure 5.2): 1) the focal prompt, which encodes the region of
interest with high token density, and 2) the localized vision backbone, which ensures precise
localization while integrating global context. These components enable DAM to generate
detailed and accurate captions, even for small objects in complex scenes.

To overcome the scarcity of high-quality DLC datasets, we introduce Semi-supervised
learning (SSL)-based Data Pipeline (DLC-SDP) to generate high-quality localized
captions in two stages. First, leveraging high-quality masks and keywords (e.g., class names,
part names, or entities) from human-annotated segmentation datasets, we query a VLM
to expand each keyword into a detailed caption given each mask-referred region. Second,
inspired by self-training-based SSL in image classification [121, 122, 123, 124, 125], DLC-SDP
performs self-training with web images as an unlabeled dataset and segmentation datasets as
labeled data. An LLM further summarizes descriptions into multiple granularities, yielding a
diverse dataset with high-quality localized captions, enabling our model to outperform strong
API-only baselines such as GPT-40 [100] and ol [126].

To mitigate the limitations of current benchmarks, we introduce DLC-Bench, which
evaluates detailed localized captions based on a set of predefined positive and negative
attributes for each region, eliminating the reliance on comprehensive reference captions. This
approach provides a more flexible and accurate evaluation, encouraging models to generate
informative and precise descriptions.

We summarize our contributions as follows:



54

Vision /l_:;;\

—elly | Feature | =iy LLM

Backbone | Image Regional Lack of details @
Feature il Feature e

* * ‘ Reason: region details

Full Image Region Mask Baseline Output Description already lost in image

F( " A dark green, circular object feature extraction
] 3 with a smooth surface and a
8 ] slightly raised, rounded edge.

Region Mask Baseline Output Description
The mouse is a wireless, ergonomic

design with a smooth, matte finish. ... Degraded @

* understanding
Image Regional Reason: regi i
: regions are given
- Featur Local Feature . .
Vision _._..._.; Feature | =——pp LLM without image context

Naive Fix: Zooming In Previous methods

=i \\E)(.t.l;.ay

Figure 5.1: Top: Prior regional captioners derive regional features from global image
representations, leading to vague descriptions. Bottom: Zooming in (cropping the image
region) enhances detail but loses contextual cues, degrading recognition. This underscores the
need for a design that encodes detail-rich regional features while preserving context
for improved DLC performance.

1. Describe Anything Model (DAM): A novel architecture with a focal prompt and
a localized vision backbone for multi-granular regional image and video captioning.

2. SSL Data Pipeline (DLC-SDP): A semi-supervised data pipeline that leverages
high-quality segmentation annotations and unlabeled web images for scalable and
diverse data curation.

3. DLC-Bench: A benchmark designed to evaluate DLC without reference captions.

Unlike generalist models, we focus on localized image and video captioning across multiple
granularities, achieving SOTA performance on 7 benchmarks across keyword, phrase,
and detailed multi-sentence captioning. Advantages of DAM, DLC-SDP, and DLC-Bench to
prior practices are presented in Table 5.1. We release our code, models, data, and benchmark
at describe-anything.github.io.


https://describe-anything.github.io

%)

Component Previous Problem Our Solution  Advantages
Practice
DAM Extracting Regional details Providing focal Detail-rich
regional features already lost in prompt to contextful
from global image feature proposed features
image features  extraction and  localized allowing for
not provided to  vision accurate,
the LLM backbone multi-granular
localized
descriptions
DLC-SDP Query a data Imprecise Reframe the Leverage
curation VLM referring to data query into a high-quality
with referring curation model  mask-referred precise human
boxes and keyword annotated
global image expansion regional masks
captions question and keywords
DLC-SDP Fully Limited data Semi- Scalable to
supervised with high supervised diverse
learning annotation learning web-scale
quality unlabeled
datasets
Benchmark  Pred caption + Incorrect Pred caption +  Accurate detail
(DLC- reference GT  hallucination query for posi- and
Bench) caption — penalty for tive/negative  hallucination
language-based  correct details attributes — assessment
similarity not present in LLM scorer without relying

metrics or LLM
scorer

the reference
caption

on reference
captions

Table 5.1: Advantages of our proposed model DAM, our SSL data pipeline DLC-SDP, and
our benchmark DLC-Bench to previous practices.

5.2 Related Work

Vision-Language Models (VLMs). VLMs integrate visual and textual inputs for multi-
modal understanding and are broadly classified into BLIP-style [44, 20, 127, 19, 128, 129,
130] and LLaVA-style [131, 132, 133, 134, 135, 136, 137, 138, 139, 140, 141, 142|. However,
these models lack precise localization capabilities, limiting their ability to generate regional
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descriptions.

Localized Image Captioning. While general VLMs generate image-level captions, localized
captioning requires fine-grained regional descriptions. SoM [143, 144] augments VLMs with
visual markers, but these markers may blend with the background. Region-aware VLMs [105,
108, 106, 145, 146, 147, 148, 114, 110, 109, 103, 101, 104] introduce regional referring inputs.
Recent efforts such as Merlin, Artemis, and VideoRefer [149, 150, 120] extend region-based
captioning to videos. However, these methods still struggle with capturing intricate details
in the referring regions, as shown by the examples in Figure 5.4. This is because prior
models either extract localized features from global image embeddings or simply encode the
referring condition as referring tokens, which leads to insufficient regional details for the
LLM, especially for small objects. We address this via focal prompting and a localized vision
backbone, balancing local detail with global context.

Another limitation is the scarcity of high-quality datasets. Datasets like RefCOCOs [111,
112] and VG [113] provide only short phrases. Recent approaches [107, 110, 114, 147, 108,
120] use bounding-box-based VLM queries, sometimes augmented with global captions, for
synthetic generation, which can introduce caveats around regional specificity. We propose
an SSL data pipeline that uses human-annotated and unlabeled data for richer regional
descriptions.

Benchmarking Localized Captioning. [107, 151, 108, 114, 147, 109, 104, 103, 150|
evaluate localized captioning by computing language-based image captioning metrics [115,
116, 117, 118, 119] between predicted captions and reference captions. However, these metrics
focus on textual matching and may not correlate well with the factual correctness or quality
for detailed descriptions. [108, 120] use Sentence-BERT [152] and text-only LLMs to score the
predictions against reference captions. However, reference captions often lack comprehensive
details about the region of interest, which penalizes models for correct details not explicitly
mentioned in the reference by treating them as hallucinations. Our DLC-Bench resolves this
issue by eliminating the need for reference captions.

Vision Models with Focus. Prior works enhance attention to salient regions using focal
self-attention [153], ToSA [154], ToMe [155], DW-VIiT [156], Quadformer [157], and Vx* [15§].
These methods allocate resources dynamically to salient regions defined by the model. In
contrast, our focal prompt explicitly prioritizes user-specified regions, ensuring accurate and
detailed captions even for non-salient objects.

5.3 DAM: Describe Anything Model

Describe Anything Model (DAM) generates detailed localized descriptions of user-
specified regions within images and videos. DAM effectively balances local detail and
contextual information through our proposed focal prompt and localized vision backbone.
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Task Formulation

The task of detailed localized captioning involves generating comprehensive textual
descriptions focused exclusively on specified regions within images or videos. Formally, given
N input frames 1) € RF*W3 and corresponding binary masks M@ e {0, 11" indicating
the region of interest in each frame, the objective is to produce a detailed description T of
the content within the region through a captioning model:

T = CaptioningModel ({I%, M@}V ) (5.1)

We focus on using binary masks M® as the localization input, since other forms of
localization (e.g., points, scribbles, boxes, or masks on an image or a subset of frames in
a video) can be transformed into masks via segmentation models such as SAM [94]| and
SAM 2 [159]. For simplicity, we first introduce our method for localized image captioning,
omitting the frame index ¢, and later extend it to videos in Section 5.3.

Model Architecture

As shown in Figure 5.2, DAM consists of two key components: the focal prompt and the
localized vision backbone.

Focal Prompt

To provide a detailed representation of the region of interest within its context, we
introduce the focal prompt, which includes both the full image and a focal crop centered
around the specified area, along with their corresponding masks.

We first extract the bounding box B of the mask M and expand it by a factor o in both
the horizontal and vertical directions to include additional surrounding context:

B’ = ExpandBox(B, «). (5.2)

For instance, setting o = 3 results in a region that can be up to 9 times as large as the
original bounding box, subject to clipping at the image boundaries. If either the height or
width of the expanded box is less than 48 pixels, we enforce a minimum size of 48 pixels in
that dimension to ensure sufficient context for very small regions.

The focal crop of the image and mask are then:

I'=1|B, M'=M|B, (5.3)

where |B’ denotes cropping to B’. The focal prompt thus consists of 1) the full image I and
its mask M and 2) the focal crop I’ and its mask M’. By including both the full image and
the focal crop, along with their masks, the focal prompt contains both global context and a
detailed view of the region of interest.
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Localized Vision Backbone

Effectively processing all four components of the focal prompt with a VLM is non-trivial,

as naively concatenating the full image and the focal crop leads to a loss in performance (Ta-
ble 5.8). We propose the localized vision backbone, which 1) achieves localized understanding
by encoding the masks in a spatially aligned manner and 2) integrates global context into
the region of interest through gated cross-attention.
Handling Localization Inputs. Similar to how an image is encoded by a linear patch
embedding layer in vision transformers (ViTs) [160], we integrate the mask M into its
corresponding full image I through another patch embedding layer that takes in 2D inputs
with one channel.

Specifically, the full image I and its mask M are processed through patch embedding
layers, followed by the global vision encoder fg(-) to obtain global visual features z. The
focal crop I’ and its mask M’ undergo a similar process with the regional vision encoder
fr(+), except that fr(-) also takes z as a context to obtain the final fused visual features z'.
Specifically, we have:

x=E(I)+ Equ(M)+ P, z= fa(x), (5.4)
x' =E(Il')+ Ey(M')+ P, 7z = fr(x,2), (5.5)

where Fi(-) and Ey(-) are the image and mask patch embedding layer, respectively, x and x’
are global and focal embedded inputs with information for both the image and the mask,
and P denotes the positional encoding.

The newly added mask embedding layer Ey; is initialized to output zeros, ensuring that
the VLM’s initial behavior is unaffected prior to fine-tuning.
Regional Feature Encoding with Gated Cross-Attention Adapters. To integrate
global context into the focal prompt, we insert gated cross-attention adapters |20, 44| into each
transformer block of the regional vision encoder fr. After the self-attention and feed-forward
layers, we add a gated cross-attention mechanism that allows local features to attend to
global features:

h®" = h® £ tanh ('y(l)) - CrossAttn (h(l), z) , (5.6)
B{suprer = B+ tanh (87) - FEN (1) (5.7)

where h® is the output of the [-th self-attention block in fr, v¥) and 3" are learnable scaling
parameters initialized to zero, and CrossAttn denotes cross-attention with queries from h®
and keys and values from the global features z, similar to how cross-attention is employed in
encoder-decoder Transformers [22]. h%apter is used in place of h® in the next Transformer
block. To reduce the number of parameters, fgr shares self-attention block weights with fg.

By initializing v and % to zero, we ensure that the initial behavior of the model
remains identical to the original VLM prior to fine-tuning. During training, the model learns
to leverage the global context to enhance local feature representations, facilitating detailed

and contextually accurate descriptions.
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Method LVIS (%) PACO (%)
Sem. Sim. (1) Sem. IoU () Sem. Sim. () Sem. IoU (1)
LLaVA-7B [131] 9.0 198 122 146
Shikra-7B [105] 19.7 198 13.6 114
7B [106] 513 120 48.0 12.1
| 65.2 382 73.1 52.7

Short Captioning Metrics Long Cap. Metrics
BLEU METEOR ROUGE-L CIDEr SPICE  \ethod BLEU METEOR ROUGE-L CIDEr SPICE CLAIR

20.5 111 23.9 2790 345
27.1 116 26.8 599 111 43.9

24.6 10.7 223 397 82 152
23.2 10.1 23.8 511 87 13.8

2 X-13B [110] 226 10.7 226 324 76 51.2
22.6 17.8 31.2 747 255 RegionGPT-7B [114]  25.4 12.2 25.3 420 81 37.2
DAM-8B (Ours) 38.7 19.4 37.1 70.0 16.9 57.9

‘ -

-SPHINX-7B [110] 6.0 61.2 742 1499
VP-LLAVA-SB [110] 86.7 6L5 5.7 50.0
DAM-8B (Ours) 89.0 777 84.2 73.2

Table 5.2: LVIS [161] and Table 5.3: Zero-shot eval- 110 5 4. Zero-shot evaluation
PACO  [162] open-class uation on phrase-level = . Jetailed captioning
keyword-level captioning dataset Flickr30k Enti- dataset Ref-L4 [164]. Our method
benchmarks. DAM excels ties [163]. Our model
particularly in the challenging achieves 12.3% average rel-
PACO benchmark that re- ative improvement against
quires distinguishing between previous best.

objects and parts.

achieves 33.4% and 13.1% average
relative improvement on the short-
/long language-based captioning
metrics, respectively.

Generating Detailed Localized Descriptions. The visual features from both the global
and regional vision encoders are combined and fed into the large language model to generate
detailed, context-aware descriptions 71"

T = LLM(t, 7)), (5.8)

where t denotes textual prompt tokens.

Notably, the proposed components do not increase the sequence length of the vision
tokens, ensuring that DAM remains efficient. By initializing new modules (mask embedding
F\ and scaling parameters 49 and B(l)) to zeros, we preserve the pre-trained capabilities
of the VLM prior to fine-tuning, allowing for smooth adaptation of an off-the-shelf VLM
without rerunning pre-training. Thanks to this design, our model requires way less training
data (~1.5M samples) than prior works that involve VLM pretraining.

Extension to Videos

Since images can be considered as videos with a single frame, the model naturally extends
to handling videos by processing sequences of frames and their corresponding masks. The
visual features from all frames are concatenated in the sequence dimension and fed into the
language model to generate detailed localized descriptions across the video frames, compatible
with how VLMs are pretrained to handle videos. We leverage SAM 2 [159] to turn sparse
localizations into a mask for each frame.

5.4 DLC-SDP: SSL-based Data Pipeline

The effectiveness of DAM depends critically on the availability of high-quality training
data for detailed localized descriptions. To this end, we propose the Semi-supervised
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learning (SSL)-based Data Pipeline (DLC-SDP), a two-stage approach that enables us
to build a large and diverse dataset with high-quality localized descriptions.

Stage 1: Leveraging Existing Annotations

The first stage of DLC-SDP reframes the data generation problem into a wvision-grounded
description expansion task. We observed that although current VLMs often struggle to
generate detailed localized descriptions when given a referring mask, they can effectively
expand short localized descriptions into detailed ones. Inspired by this observation, we
leverage high-quality human-annotated masks and keywords (object class names, part names,
entities, etc.) from existing segmentation datasets, reframing the VLM query to expand each
regional keyword into a detailed caption given the referring masks.

Importantly, our model is trained to predict these high-quality descriptions without taking
the initial keywords as inputs. Since there are no class labels provided at inference time—-and
existing VLMs perform poorly without them—our approach ensures superior data quality
compared to direct VLM prompting for distillation.

Stage 2: SSL with Unlabeled Data

Since it is not scalable to rely on high-quality manual annotations, the second stage
of DLC-SDP employs self-training-based semi-supervised learning techniques inspired by
successful approaches in image classification [165, 121, 122, 123|. Our self-training approach
involves four steps:

1. Mask Generation. We use open-vocabulary segmentation models {140, 104] to extract
object masks from unlabaled web images.

2. Description Generation. Our DAM, initially trained on the DLC dataset based on
annotated segmentation datasets, generates detailed localized descriptions for these
regions.

3. Confidence-based Filtering. We apply CLIP-based confidence filtering to keep only
high-quality samples, following SSL literature.

4. Data Expansion. The newly generated (image, mask, description) triplets are added
to our training dataset.

This semi-supervised approach dramatically expands the range of object categories and
increases data diversity beyond the initial supervised dataset. Furthermore, to support the
capability of DAM for multi-granular captioning, we leverage an LLM to summarize the
detailed descriptions into shorter forms (e.g., phrases or short sentences), enabling DAM to
flexibly generate captions ranging from succinct phrases to multi-sentence narratives.
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By systematically curating our training data through this two-stage SSL pipeline, DAM
achieves significant performance improvements. Notably, our model trained on data obtained
with DLC-SDP outperforms GPT-40 [100] and ol [126], two strong closed-sourced baselines,
showing the effectiveness of DLC-SDP.

5.5 DLC-Bench: Benchmark for DLC

We introduce DLC-Bench, a benchmark designed for DLC to eliminate the need for
comprehensive reference captions. The core intuition behind DLC-Bench is that an ideal
description should be rich in relevant details while strictly avoiding factual errors or infor-
mation for irrelevant regions. Therefore, we assess predictions based on a set of predefined
positive and negative attributes for each region.

As illustrated in Figure 5.3, the evaluation process for a model like DAM has two steps:
1. The model is prompted to generate a detailed description for each masked region in the
benchmark dataset.

2. An LLM serves as a judge, assessing the generated description by responding to a set of
manually curated positive and negative questions about region details.

DLC-Bench employs two categories of questions for each annotated instance:

e Positive questions focus on specific attributes of object parts that should be present
in the description. The model earns a point if the description accurately includes the
specified detail; omissions receive no points, while factual errors incur a penalty.

e Negative questions focus on details that should not be present—either attributes
typical of similar objects but absent in the target instance, or descriptions irrelevant
to the specified region. A point is awarded if the model correctly omits such details;
conversely, including them results in a penalty. To avoid getting high scores for captions
that are completely off, point could only be awarded if the caption has the correct
recognition of the object.

This approach provides a more flexible and accurate evaluation, encouraging models to
generate informative and precise descriptions without constraints from incomplete reference
captions.

Our DLC-Bench comprises a total of 892 manually verified questions covering a wide
range of attributes and potential cases for hallucinations.

5.6 Results

DAM excels at localized image and video captioning across multiple granularities including
keyword, phrase, and detailed captions, achieving SOTA on 7 in-domain and zero-shot
benchmarks (Tables 5.2 to 5.7). We evaluate across image, video, and multi-view detailed
localized captioning benchmarks.
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Quantitative Results

Open-class keyword-level localized captioning task requires the model to output
keywords containing the object and part entities to describe the region. Tested on object-level
LVIS [161] and part-level PACO [162] datasets in Table 5.2, our method achieves state-of-the-
art performance. In the PACO benchmark, a challenging benchmark that includes both full
objects and parts in complex scenes and requires the model to decide whether the region is
an object or a part, our method achieves 73.2% semantic IoU and 84.2% semantic similarity,
outperforming the previous best by 23.2% and 8.5% respectively.

Phrase-level localized captioning task requires the model to output a phrase containing
a brief description for each region that includes object identification and attributes typically
within a few words. Tested zero-shot on Flickr30k Entities [163], our model achieves strong
performance, outperforming the previous best by 12.3% relative improvement on an average
of 5 metrics.

Detailed localized captioning task requires the model to output a detailed description
for each the region with the length spanning from a long sentence to multiple sentences. An
ideal description includes the description of the object in the region, its parts, as well as their
attributes and relationships. We benchmark this capability on the challenging Ref-1.4 [164]
benchmark and our proposed DLC-Bench. On the Ref-.4 benchmark in Table 5.4, our
method achieves 33.4% relative improvement on average over the previous best on short
language-based captioning metrics [115, 116, 117, 118, 119|, and 13.1% relative improvement
on the long language-based captioning metrics [166].

We also benchmark various regional captioning models on our proposed DLC-Bench,

which does not suffer from the limitations of requiring reference captions in previous bench-
marks. As shown in Table 5.5, our Describe Anything Model (DAM) significantly outperforms
existing general and region-specific VLMs, achieving state-of-the-art positive and negative
accuracy and demonstrating its ability to produce detailed and accurate descriptions. Re-
markably, DAM surpasses GPT-40 [100] and ol [126], two strong API-only baselines. DAM
also surpasses models with thinking mode enabled [126, 167, 168].
Detailed localized video captioning requires the model to output a detailed description
for each region in a video. We benchmark this capability on the challenging HC-STVG [169]
benchmark and the detailed captioning benchmark proposed by VideoRefer [120]. In Table 5.6,
our proposed DAM achieves 19.8% relative improvement over the previous best on HC-STVG,
including concurrent work VideoRefer [120]. In Table 5.7, the benchmark proposed by
concurrent work VideoRefer [120], our proposed DAM surpasses the previous best in both
zero-shot and in-domain settings, where zero-shot indicates not being trained on in-domain
datasets derived from Panda-70M [170], which the benchmark also sources videos from.

Finally, we analyzed the performance of DAM in HD (hallucination detection) sub-task
and found that DAM often predicts correct details not present in the reference caption. This
indicates that the lower zero-shot performance on this sub-task is not necessarily due to the
hallucination of our model but rather due to the missing details in the reference caption.
This further illustrates the limitations of reference-caption-based evaluation.
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Method #Params Pos (%) Neg (%) Avg (%)
General VLMs:

GPT-4o [100] i 43.4 79.6 61.5
ol [126]1 ; 46.3 78.8 62.5
Claude 3.7 Sonnet [167] - 21.8 50.4 36.1
Gemini 2.5 Pro [171, 168 - 36.5 75.2 55.8
Llama-3.2 Vision [130] 11B 30.7 63.8 47.3
VILA1.5-Llama-3 [140] 8B 22.5 61.0 41.8
InternVL2.5 [139, 172, 173] 8B 15.9 42.0 28.9
LLaVA v1.6 [131, 132, 133] 7B 154 55.0 35.2
Qwen2.5-VL [138, 174] 7B 20.3 62.2 41.2
VILAL5 [140] 3B 16.0 50.0 33.0
Region-specific VLMs (full / cropped input):

GPT4Rol [106] 7B 6.5/35  46.2/52.0 26.3/27.7
Shikra [105] 7B 27/80 41.8/51.4 22.2/29.7
Ferret [107] 7B 6.4/14.2 38.4/46.8 22.4/30.5
RegionGPT [114] 7B 13.0/10.6 41.4/46.4 27.2/28.5
ControlCap [103] 0.3B 183/ 3.6 75.6/53.6 47.0/28.6
SCA [104] 3B 3.4/ 0.1 44.6/18.4 24.0/ 9.3
OMG-LLaVA [109] 7B 0.9/ 5.6 16.0/32.6 8.5/19.1
VP-SPHINX [110] 13B 11.7/26.3 33.2/71.6 22.5/49.0
DAM (Ours) 3B 52.3 82.2 67.3

Table 5.5: Accuracies on detailed localized captioning in our proposed DLC-Bench.
DAM outperforms previous API-only models, open-source models, and region-specific VLMs
on detailed localized captioning. Underlined: the second-best method. {: models with
thinking mode.

Qualitative Results

Qualitative comparisons in Figure 5.4 show that DAM excels in both accuracy and the
level of details.
Detailed Localized Video Captioning. DAM describes user-specified objects in videos
with localization from any frame. As shown in Figure 5.5 (a), DAM effectively describes
objects under challenging conditions, such as motion and occlusion.
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Method BLEU@4 METEOR ROUGE-L CIDEr SPICE
Osprey-7B [108] 0.7 12.0 18.0 12 156
Ferret-13B [107] 0.5 10.2 17.0 1.2 11.2
Shikra-7B [105] 1.3 11.5 19.3 3.1 13.6
Merlin-7B [149] 3.3 11.3 26.0 10.5 20.1
Artemis-7B [150] 15.5 18.0 40.8 53.2 254
VideoRefer-7B [120] 16.5 18.7 42.4 68.6 28.3
DAM-8B (Ours) 19.8 21.0 45.9 91.0 31.4

Table 5.6: Detailed localized video captioning on HC-STVG [169].

Controlling Description Granularity. As shown in Figure 5.6, DAM allows control over
the amount of details and length of descriptions with different prompts.

Zero-shot 3D Object Captioning. Our model can also describe objects in multi-view
datasets such as Co3Dv2 [175], integrating information from multiple frames to provide
coherent descriptions of 3D objects (Figure 5.5(b)).

Ablations

Visual Prompting. We analyze different prompting strategies and find that both localized
inputs and contextual information are crucial for accurate descriptions. Using only the full
image limits focus on specific regions (48.7%), while local crops improve detail but lose
context (60.1%). Simply concatenating both performs poorly (42.4%). Adding cross-attention
significantly improves performance (63.2%), and using focal crops further enhances results
(65.4%). Our best approach, the focal prompt, integrates focal crops with cross-attention,
achieving 67.3% accuracy without increasing sequence length for the LLM.
Data Scaling. Expanding supervised datasets boosts performance, demonstrating the
value of diverse regional data. Incorporating semi-supervised learning (SSL) with 10%
of unannotated SA-1B images further improves accuracy to 67.3%, showcasing our data
pipeline’s scalability.

We also perform additional ablations, including training a model with the architecture
from prior work on our data, comparing image-only vs image-video joint training, and ablating
prompt augmentations.

5.7 Discussions and Conclusion

We introduced DAM, a model for detailed localized captioning in images and videos,
balancing local detail and global context through a focal prompt and localized vision backbone.
We developed DLC-SDP, an SSL data pipeline leveraging segmentation datasets and unlabeled
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Method SC AD TD HDj Avg.

Zero-shot:

Qwen2-VL-7B [138] 3.30 2.54 2.22 2.12 2.55
InternVL2-26B [139] 4.08 3.35 3.08 2.28 3.20
GPT-40-mini [100] 3.89 3.18 2.62 2.50 3.05

GPT-40 [100] 415 3.31 3.11 243 3.25
Osprey-7B [108] 3.30 2.66 2.10 1.58 2.41
Ferret-7B [107] 320 2.38 1.97 1.38 2.23

Elysium-7B [176] ~ 2.35 0.30 0.02 3.59 1.57
Artemis-7B [150] 342 1.34 1.39 2.90 2.26
DAM-8B (Ours) 4.45 3.30 3.03 2.58 3.34

In-domain*:
VideoRefer-7B [120] 4.44 327 3.10 3.04 3.46
DAM-8B (Ours) 4.69 3.61 3.34 3.09 3.68

Table 5.7: Performance on detailed localized video description on VideoRefer-
Bench-D [120]. {: We provide analysis on hallucination scores (HD). *: trained on
in-domain VideoRefer-700k with regard to VideoRefer-Bench, both sourcing videos from
Panda-70M [170].

Prompting XAttn #IT Pos (%) Neg (%) Avg (%)

Full Image Only No 196 32.1 65.4 48.7

Local Crop Only No 196 43.5 76.6 60.1 (411.4)
Full + Local Crop  No* 392  26.3 58.6 42.4 (-6.3)
Full + Local Crop  Yes 196  45.7 80.6 63.2 (+14.5)
Focal Crop Only No 196 47.3 83.6 65.4 (+16.7)
Full + Focal Crop Yes 196 52.3 82.2 67.3 (+18.6)

Table 5.8: Ablation studies across different visual prompts, cross-attention settings,
and the number of image tokens. Local crop denotes cropping without surrounding
context. XAttn: cross-attention. #IT: number of image tokens. * indicates the full image and
the crop are concatenated on the sequence dimension. Bold: Our proposed focal prompt.
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Data # regions Pos (%) Neg (%) Avg (%)
LVIS 373k 34.0 72.6 53.3
+ additional datasets 602k 47.5 80.0 63.8 (+10.5)

+ SSL on 10% of SA-1B 1.38M 52.3 82.2 67.3 (+14.0

Table 5.9: Our model benefits from diverse datasets generated by DLC-SDP. Scaling
the dataset in size and diversity significantly improves model performance, and SSL further
enhances performance using widely available unannotated images.

web images for high-quality captions. We also proposed DLC-Bench, a benchmark using
attribute-based evaluation to overcome limitations of reference-based scoring. DAM achieves
SOTA in 7 benchmarks in multi-granular regional captioning.
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Detailed Localized Descriptions

A red, translucent, dome-shaped light with a white base. ....

?

[ Large Language Model (LLM) ]

Textual Prompt Tokenst Fused Visual Features z’
Describe the masked region in detail.

e —
4 Localized Vision Backbone |
I fR e oo (RepeatN times) I
I ( )
Global Visual FeaturesZ K’\{ Gated I
I 7 | ~ Cross-Attention* | |
o ¢ o (Repeat N times)
- Py 4q |
Weight Shari
| Self-Attention |- — — = —  Self-Attention |
I - w I
I T+ Positional T+ Positional
Encoding P Encoding P I
| + +
/' '\ / V\ I
I Image Patch Mask Patch Image Patch Mask Patch | |
| Embed E; Embed*E,, Embed E; Embed*E,, I

F ﬁ ocal Prompt % T
Lol
ﬁ Focal

| Cropping

\ Full Image [ with Mask FocaI Crop I’ W|th Mask M’

Figure 5.2: Architecture of the Describe Anything Model (DAM). DAM employs a
focal prompt to encode user-specified regions with high token density while preserving context
for detailed understanding. Focal cropping is applied to the image and its corresponding
mask, retaining surrounding areas for local context. Both the full image and the focal
crop are the inputs into the localized vision backbone, where images and binary masks are
embedded in a spatially aligned fashion. Global context from the full image is leveraged to
help understand the focal crop through gated cross-attention. The resulting visual features
and prompt tokens are fed into a large language model to generate detailed, context-aware
descriptions. * indicates initialized to output zeros.
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(Task: describe this object J 7" (b) Detailed Localized Caption
A white electric stove with a smooth, flat
+ Detailed Localized Captioner P cooktop featuring two visible black burners.
[ (e.g., DAM) ] i The control panel is located at the back, with
' ablack surface and a few visible knobs.

(c) Question to the LLM Judge ‘ ______________________

: Q: Which of the following is applicable to the description? ; LLM R nee
i Choices: : LLM > (d) esponse
Judge ! C.(Right location)

A. The control panel or the stove is not mentioned. (Missing details)
1 B. The location of the control panel is mentioned in the description | Trmmmmmmmsesemeeeneeee -
. butis not back. (Factual error) E *

E C. The location of the control panel is mentioned in the description !

. and is back. (Right location) H The model gets a point.
' D. The location of the control panel is not mentioned, but the

(a) A region in DLC-Bench for
the model to scribe "‘ control panel of the stove is mentioned. (Partial recognition)

Figure 5.3: We propose DLC-Bench, a benchmark tailored to detailed localized
captioning. In DLC-Bench, a captioning model is prompted to describe a specified image
region (a). The generated description (b) is then evaluated by querying an LLM Judge (c).
Points are assigned or deducted based on the LLM’s response (d). The question we show in
(c) is an example of positive questions.
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RegionGPT

a slice of cucumber that is on the left side of the camera

ControlCap
star shaped slice of green cucumber

, : S = Segment and Caption Anything (SCA)
(Task: describe this object} white paper on suitcase
Nt g m— GLaMM
' the cut up cucumber on the top

OMG-LLaVA
The image features a green cucumber slice with a red tomato on top
of it. The tomato slice is placed on top of the green cucumber slice,
creating a visually appealing and healthy snack. The combination of
the green cucumber and tomato on the same slice makes for a
delicious and nutritious meal option.

VP-SPHINX
In the region, there is a rectangular piece of vegetable that resembles
a camera. It is a square piece of a vegetable, possibly a cucumber,
positioned horizontally. It is located towards the center of the region
and is the focal point of the image.

DAM . .

wred Describe Anything Model (Ours)
A rectangular slice of cucumber with a light green, watery interior. The
slice features a central star-shaped pattern with radiating lines
extending outward. The surface is smooth with a slightly translucent
appearance, and the edges are clean and straight. The cucumber has
a uniform light green color throughout.

Figure 5.4: DAM generates detailed and localized descriptions, whereas prior works generate
descriptions that are less precise. Green: correct description. Red: factual error or mislocal-
ization.
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A person wearing a black shirt and dark shorts is captured in a dynamic sequence

of movement. Initially, the individual appears to be in a running motion, with their

body slightly leaning forward, suggesting speed and agility. The arms are bent at

pam the elbows, and the legs are positioned in a way that indicates a swift, forward

m stride. As the sequence progresses, the person maintains a consistent pace, with

h their legs alternating in a rhythmic pattern, indicative of a sprinting action. The

posture remains upright, and the head is slightly tilted forward, emphasizing focus

and determination. The overall movement conveys a sense of urgency and
athleticism, as the person continues to move swiftly across the scene.

(a) DAM reliably describes user-specified objects in videos, even under strong camera and object
motion and heavy occlusion.

The car is a blue SUV with a boxy design, featuring a spare tire mounted on the
rear door. It has a four-door configuration with black side mirrors and tinted
pam Windows. The vehicle is equipped with silver alloy wheels and black trim around
m the wheel arches. The front of the car includes a rectangular grille and rectangular
A headlights. The side of the car displays a horizontal silver stripe running along the
length of the doors. The rear of the car has vertical taillights and a visible license

plate area. The car's body is slightly worn, indicating use over time.

(b) DAM can describe objects in multi-view datasets, like this car from Co3Dv2 [175], by integrating
information from multiple frames.

Figure 5.5: DAM accurately describes user-specified regions in videos and multi-
view scenes under challenging conditions.
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Prompt: Provide a brief description of
the masked region.

A modern chair with a curved backrest and
light wood legs.

Prompt: Provide a highly detailed
description of the masked region.

A modern chair with a curved backrest and a
textured, light brown fabric upholstery. The
chair features a smooth, rounded top edge
and a slightly tapered back. It is supported
by four slender, light-colored wooden legs
that are slightly splayed for stability.

Figure 5.6: DAM offers multi-granular localized descriptions.
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Chapter 6

Relevance of Language-Guided Visual
Decomposition

6.1 Why Explicit Visual Structure Still Matters

The visual generation methods in Chapters 2-4 were developed during a period when
text-to-image and text-to-video diffusion models were rapidly improving but still struggled
with compositional prompts. Since then, image and video generators have become sub-
stantially stronger. They can often produce realistic scenes, follow broad style instructions,
and synthesize visually compelling motion without the explicit layout interfaces used in
LLM-grounded Diffusion, LLM-grounded Video Diffusion, or Self-correcting LLM-controlled
Diffusion.

This progress changes the role of these methods, but it does not make the underlying
problem obsolete. The central issue studied in these chapters is not whether a model can
generate a plausible image or video from text. It is whether the generation process can
reliably satisfy structured constraints as instructed by the user: object counts, spatial relations,
attribute binding, temporal ordering, and user-specified edits. Existing direct prompting
interfaces still do not provide a reliable way to ensure that such constraints are represented,
preserved, and checked throughout generation. A prompt such as “six apples arranged in
an N-shape” can fail in ways that are visually subtle but semantically important: objects
may be swapped, missing, duplicated, incorrectly colored, or placed in the wrong relation.
Video generation adds another layer of difficulty because the same entities and relations must
remain coherent across time.

Explicit decomposition remains useful because it separates what should be generated from
how it should look. A layout, scene graph, bounding-box trajectory, mask, or correction plan
gives the system an intermediate representation that can be inspected, edited, verified, and
reused. Even when a modern generator can satisfy many prompts directly, explicit structure
provides a control surface for cases where direct prompting is ambiguous or unreliable. This
is especially important for applications that require correctness rather than only aesthetic
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oo

(a) GPT-image-2 (b) Nano Banana 2

Figure 6.1: Current image generators are still not guaranteed to preserve user-
specified spatial and counting constraints. Given the prompt “generate an image: six
apples arranged in an N-shape,” GPT-image-2 produces a plausible image but does not
reliably satisfy the requested N-shaped arrangement, while Nano Banana 2 acknowledges
that the result should contain six apples in an N-shape but generates the wrong number of
apples. These examples illustrate that current systems can recognize the intended constraint
while still failing to enforce it reliably in the visual output.

quality: instructional diagrams, robotics simulation, spatial reasoning data, visual editing,
synthetic training data, and evaluation suites for multimodal models.

6.2 A Continuing Role for LMD, LVD, and SLD

LLM-grounded Diffusion, LLM-grounded Video Diffusion, and Self-correcting LLM-
controlled Diffusion should be read as examples of a broader design pattern. They use
language models not merely as prompt expanders, but as planners and controllers that expose
latent structure in a visual task. LMD provides a concrete way to make image generation
more reliable by turning a user instruction into an explicit spatial layout before synthesis.
LVD extends the same idea to video by representing objects and their motion over time. SLD
adds closed-loop verification and correction: after a model generates an image, the system
checks whether the result matches the instruction and repairs the failure when possible.
The particular base generators used in these chapters can be replaced by newer ones, but
the decomposition remains relevant whenever a generator benefits from external planning,
grounding, or verification.

This perspective is compatible with stronger end-to-end models. As generators improve,
explicit planning may be needed less often for simple prompts, but it becomes more valuable
for harder prompts, high-stakes use cases, and interactive workflows. A user may want to
lock the position of an object, preserve an identity while changing an attribute, specify
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motion over time, or repair only the part of an image that violates the instruction. These are
system-level requirements, not just model-level capabilities. Decomposition offers a way to
build generation pipelines whose behavior is more transparent and controllable than a single
direct prompt-to-output call.

The same argument applies to evaluation. Modern generators can make failure cases
harder to notice because the outputs often look polished even when they are semantically
wrong. Explicit intermediate representations make it easier to ask whether the right entities
exist, whether they are in the right places, and whether temporal relations are preserved.
This makes the methods in Part I relevant not only as generation techniques, but also as
tools for analyzing and stress-testing visual generators.

6.3 Why Describe Anything Remains Useful

Describe Anything addresses a complementary problem: how to produce detailed localized
descriptions of images and videos. This task remains useful even as general vision-language
models improve, because many applications require descriptions that are grounded in a
specific region rather than in the whole image. A global caption may say that an image
contains a street scene, but a user, dataset builder, or downstream model may need to know
the fine-grained appearance, state, and context of one selected car, sign, person, tool, or
action.

Localized description is valuable for data generation. Systems such as LMD and LVD need
rich supervision about objects, attributes, spatial relations, and temporal behavior. Human-
written captions are expensive and often underspecify the visual details needed to train or
evaluate controllable generation. A model that can describe selected regions in detail can turn
existing images and videos into structured synthetic data: object-level captions, region-level
attributes, localized action descriptions, and examples of spatial relations grounded in real
visual evidence.

The task is also useful beyond training data. Detailed localized descriptions can support
accessibility for visually impaired people, interactive visual search, content moderation,
robotics, medical or scientific annotation workflows, and visual editing tools. In these settings,
the user often cares about one part of a scene and needs a description that preserves both
local detail and global context. Describe Anything is designed around exactly this tension: it
focuses on the selected region without discarding the surrounding scene that gives the region
meaning.

For this reason, Describe Anything should not be viewed only as an auxiliary data
generator for earlier diffusion systems. It is a standalone visual understanding task with
continuing practical value. As image and video generation systems become more capable,
localized captioning becomes more important, not less: stronger generators and editors need
better localized supervision, better localized evaluation, and better interfaces for users to
specify what part of a visual scene they care about.
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6.4 Part I in Retrospect

The common thread across Part I is that visual intelligence benefits from explicit interfaces
between language, vision, and generation. LMD, LVD, and SLD show how language models
can plan, control, and correct visual synthesis. Describe Anything shows how vision-language
models can produce the localized descriptions needed to supervise and evaluate such systems.
The individual models and backbones will continue to change, but the underlying questions
remain current: how should a system represent the user’s intent, how can that representation
be grounded in visual structure, and how can the system verify that the final output satisfies
the intended relations?

Those questions become more important as visual generators are deployed in real workflows.
When the goal is only to produce an appealing image, direct prompting may be enough.
When the goal is to produce a correct image, controllable video, editable scene, reliable
dataset, or accessible visual description, decomposition remains a practical design principle.
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Chapter 7

Learning Adaptive Parallel Reasoning
with Language Models

This chapter is based on the following publication:

Jiayi Pan*, Xiuyu Li*, Long Lian*, Charlie Snell, Yifei Zhou, Adam Yala, Trevor
Darrell, Kurt Keutzer, and Alane Suhr. “Learning Adaptive Parallel Reasoning
with Language Models.” Conference on Language Modeling (COLM), 2025.
(*Equal contribution.)

7.1 Introduction

Recent progress in language model reasoning, like OpenAl ol [126] and DeepSeek-R1 [177],
has demonstrated the promise of exploiting test-time compute to perform search and of
using reinforcement learning to optimize the search. However, these current approaches face
fundamental limitations: serialized chain-of-thought methods [177] produce lengthy output
sequences that increase latency and strain context window limits, while parallel methods
like best-of-N or self-consistency [178| often lack coordination between inference paths and
are not end-to-end optimized, leading to redundant computation and limiting improvement.
Structured inference-time search methods like tree-of-thought [179] require hand-designed
search structures, limiting their flexibility and scalability.

We propose Adaptive Parallel Reasoning (APR), a simple yet effective approach that
enables language models to reason by adaptively distributing inference-time computation in
a manner that exploits both serial and parallel operations. Our method generalizes existing
approaches to reasoning with language models, including serialized chain-of-thought reasoning,
parallelized inference with self-consistency, and structured search: rather than imposing fixed
search structures through prompting or external orchestration, we train language models to
learn when and how to parallelize their inference operations.
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Figure 7.1: Serialized search [4] (top) vs Adaptive Parallel Reasoning (bottom)
illustrated on an example of the Countdown task, with a target number of 27 and input
numbers of {22, 26, 31, 53}. Each box represents a node in the search representing the value
of the intermediate expression (z). Edges are annotated with explored arithmetic operations
relative to the parent-node z using remaining input numbers. In serialized search, the context
window of the single inference thread is exhausted before a solution is found. In Adaptive
Parallel Reasoning, the parent thread (blue) spawns two child threads (orange), which are
executed in parallel. Child threads have access only to a limited context passed to them by
the parent thread and return a summary of their execution to the parent thread. The parent
thread can then continue to decode with access to these summaries. This parallel distribution
of computation prevents context window exhaustion while reducing latency.

Adaptive Parallel Reasoning employs two key innovations: First, we supply language
models with a parent-child threading mechanism. Parent inference threads can, at any
point during decoding, delegate subtasks to multiple child inference threads using a spawn()
operation. Child threads independently explore distinct reasoning paths in parallel and
return outcomes to the parent thread through a join() operation. The parent thread then
continues decoding conditioned on the information returned by the children. We build on the
model serving framework SGLang [180] to perform inference in child threads simultaneously
through batching, which significantly reduces real-time latency. Our second key innovation is
to fine-tune the language model that performs inference in both parent and child threads via
end-to-end reinforcement learning, which optimizes overall task success and eliminates the
need to predefine explicit reasoning structure.

Figure 7.1 illustrates how APR facilitates more efficient and effective reasoning in the
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Countdown reasoning task [179, 4, 181| when compared to serialized methods. Our experi-
ments demonstrate that we achieve three key benefits over prior approaches:

1. Higher performance within same context window: Our approach performs
more effective search and reasoning within fixed context size constraints (83.4 vs 60.0% at 4k
context) compared to sequential methods that quickly exhaust available context.

2. Superior scaling behavior: When scaling the total compute budget, APR exhibits
better performance improvements (80.1 vs 66.6% with a budget of 20k total tokens) through
wider parallelization in addition to increasing the length of individual reasoning chains.

3. Improved performance at the same latency: Adaptive Parallel Reasoning achieves
significantly higher success rates compared to serialized search methods with same latency
(75.2 vs 57.3% at around 5,000ms).

These results highlight the potential of training language models to adaptively allocate
their own inference-time compute resources. By learning when to reason serially and when to
branch out into parallel computation, models can more efficiently explore the solution space
of complex reasoning problems.

7.2 Related Work

Inference-time scaling Prior work has shown that increasing test-time compute can
improve language model performance on downstream tasks [182, 183, 184, 177, 126, 185, 4,
186, 187]. However, these methods typically result in significantly longer output sequences,
introducing key limitations given the inherently sequential nature of autoregressive decoding;:
longer output sequences mean higher latency, and fitting an entire sequence into a single
context window makes it hard for models to attend to relevant information when scaled
with more output tokens. Compared to serialized inference, parallelizing reasoning traces
reduces both latency and the pressure of context window limitations. Our experiments
demonstrate that models trained end-to-end to adaptively distribute inference-time compute
can outperform serialized approaches under the same computational budgets.

Parallelization in language model inference Parallelizing inference with multiple
independent language model calls has emerged as another avenue for inference-time scaling
towards improved reasoning performance [188, 178|. While these ensembling methods
effectively enhance performance, their lack of coordination across parallel threads results in
redundant computation and suboptimal resource utilization. Recent methods have aimed
to address this limitation by proposing fixed parallelizable reasoning structures [179, 189,
190, 191, 192, 193, 194, 195, 196, 197, 198| often without learning. However, these proposed
search structures (and, in the case of multi-agent reasoning, the communication protocol) are
fixed and hand-designed, limiting their flexibility and scalability. In contrast, our approach
leverages reinforcement learning to train language models to adaptively structure search
at inference time, dynamically allocating compute between parallel and serial operations.
Concurrent to our work, PASTA [199] and Hogwild! Inference [200] also explore parallel



80

reasoning. However, PASTA decomposes tasks into parallel sub-tasks but ultimately merges
the complete context from each sub-task back into the main inference trajectory, thus not
effectively reducing context usage. Meanwhile, Hogwild! Inference employs parallel worker
threads for collaborative reasoning, yet it relies exclusively on prompting without any end-
to-end optimization. In contrast, our method uniquely integrates supervised training and
reinforcement learning, enabling language models to adaptively and efficiently manage parallel
explorations and selectively integrate successful outcomes, maximizing reasoning performance
within constrained context windows.

Many parallel inference methods have shared prefixes across language model calls, which
synergize with modern serving framework to improve serving efficiency via prefix caching and
reuse [180]. APR builds on these optimizations, as parent-child threading mechanism creates
natural opportunities for prefix sharing, which further reduces the computational overhead
of APR parallelization.

Training language models to control their own outputs Our work is related to
algorithms for training language models to directly control the inference process, for both
efficiency and performance reasons. For example, PENCIL [201] trains models to adaptively
discard parts of their context at inference time to reduce the context length, and thus the
time complexity of producing a successful reasoning trace. [202| train language models to
inject additional “pause” tokens into their output sequences, which are shown to improve
end-task performance by increasing inference-time computation. Both approaches train using
supervised demonstrations of token discarding (or injection). To the best of our knowledge,
we are the first to use end-to-end reinforcement learning to optimize language model control
over the allocation of inference compute.

7.3 Adaptive Parallel Reasoning

We now introduce Adaptive Parallel Reasoning (APR), which teaches language models to
adaptively orchestrate parallel inference processes. By distributing compute across parent and
parallel child threads, APR minimizes the end-to-end latency, achieves better performance
within the same context limit constraint, and scales better with an increasing inference-time
compute budget. We first describe our task setup, followed by our novel multi-thread setup
for parallel search at inference time, and finally the corresponding optimization procedure
that combines supervised training and RL fine-tuning.

Preliminaries

Stream of Search [4] propose Stream of Search (SoS), which serializes search traces for
reasoning tasks as natural language strings; they train language models to generate SoS
strings through supervised training and then further optimize the model through policy
improvement algorithms, including STaR [183] and APA [184]. Experiments show this
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steps to find the final solution. parallel. Once completed, they are joined into the main thread.

Figure 7.2: Overview of Adaptive Parallel Reasoning (APR). While previous chain-of-
thought methods directly linearize the reasoning tree, Adaptive Parallel Reasoning alternates
between the parent thread and parallel child threads to traverse the reasoning tree more
efficiently.

approach allows models to search effectively and to self-improve by adapting and discovering
new search and reasoning strategies. However, the serialized reasoning traces of SoS are
naturally length-constrained by the context window, and can lead to high latency during
inference due to requiring sequential, token-by-token generation. Our approach addresses
both limitations by training language models to adaptively parallelize their search at inference
time.

Task: Countdown Following existing work that prototypes language model reasoning
algorithms [179, 4, 181], we perform experiments on the Countdown task, where a model
must map from a set of four numbers to an arithmetic expression that uses each number
exactly once and whose value exactly matches a given target (e.g., given {1,4,6,8} and target
10, one valid solution is (8 — 6) x (4 4+ 1) = 10).

Multi-Threading at Inference Time

Inspired by the multi-threading functionality of operating systems, where a process
distributes computation concurrently across multiple CPU cores, our framework outlines a
generic approach to parallel inference using multi-threaded model execution. At inference time
with Adaptive Parallel Reasoning (APR), reasoning proceeds via an adaptively orchestrated
hierarchy of parent-child threads. An example trajectory is illustrated in Figure 7.3.

Spawning child threads with spawn() Existing reasoning methods rely on search
structure provided by model developers either through prompting [e.g., 203| or through
external orchestration and synthesis of inference calls [e.g., 178|. In contrast, in Adaptive
Parallel Reasoning, search structure is determined at inference time entirely by the model
itself. To support this, we provide the model access to a spawn(msgs) operation, which, when
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selected during decoding, will spawn multiple child threads that are executed in parallel.!
spawn()’s only argument, msgs, is a list of strings, each corresponding to a child node to
spawn and the context it is passed. Coordination between child threads is achieved by having
the parent thread pass each child a distinct context.

Child thread inference Child threads independently yet simultaneously execute inference
using the same language model as the parent thread, with each thread’s context limited
to the tokens passed to it by the parent thread in msgs. Similar to other approaches like
self-consistency [178|, parallelization in our approach affords diversification across reasoning
traces. However, because child threads may be conditioned on different contexts provided by
the parent thread, they can execute distinct reasoning subtasks and thus avoid the problem
of lack of coordination as in independent inference methods like self-consistency.

When a child thread generates the join(msg) operation, it terminates its inference,
specifying a sequence of tokens to return to the parent thread as msg. Critically, child threads
have control over what they return to the parent thread. In the Countdown task, child
threads discard intermediate traces and return only the successful solution path, enabling
concise and targeted communication back to the parent. No solution paths are returned for
child threads with failed searches.

Synthesis of child threads after join() Once all child threads have terminated and
returned corresponding messages, the parent thread execution continues, conditioned only on
its previous context before spawning the child threads and messages returned by the child
threads. Keeping intermediate search traces only to the child threads reduces the parent
thread’s token usage and thus the overall computational cost of inference.

Training Models to Adaptively Parallelize their Reasoning

Enabling language models to effectively use the spawn() and join() operations introduces
two major challenges. First, pre-trained language models are simply not trained to call such
operations at inference time.? Following [4], we use automatically-generated demonstrations
to train a reasoning model from scratch with a supervised objective. In our case, we
generate demonstrations of reasoning traces that use spawn() and join(). Second, even
with supervised learning, the model is trained only to imitate demonstrations, without itself
exploring the space of possible search structures which may include structures that are more
computationally efficient or effective for the task. To address this, we fine-tune the pretrained
model using end-to-end reinforcement learning.

1We use the notation of a “thread” to indicate a consecutive decoding of tokens. The actual implementation
depends on the serving framework.

2Following existing work that proposes new learning algorithms for reasoning [4|, we focus on training
reasoning models from scratch. We leave experiments on adapting language models pre-trained on general
web corpus for future work.
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Figure 7.3: An example trajectory of our APR method solving the Countdown task.
The model starts with the parent thread, solving the task through reasoning in language, and
generates spawn commands to instantiate two child threads for parallel reasoning, which are
joined back when finished, after which the main thread continues decoding. denotes
prefix input tokens, while denotes LM-generated tokens. Bold parts correspond to the
spawn and join operations.

Supervised initialization of parallel reasoning We use supervised learning to train
a language model from scratch to generate reasoning traces that use spawn() and join(Q).
Following Stream of Search [4], we use a symbolic solver to generate reasoning traces. In
SoS, each demonstration represents a single search strategy — either depth first search (DFS)
or breadth first search (BFS). To diversify the types of search trajectories and allow for
spontaneous parallelization behaviors, we instead develop hybrid search that includes examples
of both BFS and DFS in the same search trace, which we also empirically find to have slightly
better performance.

We implement two symbolic solvers: SoS+, which adapts the original SoS solver to produce
serialized hybrid search paths without spawn() and join(); and APR, which creates hybrid
demonstrations with parallelization.> For the APR symbolic solver, during its execution, it
selects certain nodes to explore in parallel. We delegate the search under these nodes to child
LM threads, while the parent thread handles the rest.

Because APR decomposes search into multiple demonstrations, APR faces much less of a
context window bottleneck than SoS+ both for training and inference, as each demonstration
only includes tokens from part of the search, rather than the full search. Thus, APR can
represent much more extensive searches.

3The original paper provides details and pseudocode for both symbolic solvers.
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Reinforcement learning for end-to-end policy optimization While supervised training
establishes a baseline understanding of parallel execution, it merely guides the model to
imitate the provided demonstrations, and does not optimize computational efficiency or
reasoning effectiveness. We further fine-tune the language model with fully end-to-end
reinforcement learning (RL). During RL-based finetuning, we iteratively sample reasoning
traces from our current policy, assign them a reward according to the correctness of the
proposed solution, and optimize policy parameters with GRPO [204]. In this stage, the
model learns to strategically determine when, how, and how broadly to invoke child threads,
maximizing performance by balancing the trade-offs between parallel exploration and the
context window constraint.

7.4 Experiments

We evaluate the effectiveness and efficiency of Adaptive Parallel Reasoning compared to
serialized chain-of-thought reasoning. We first demonstrate that Adaptive Parallel Reasoning
effectively trains models to distribute inference-time computation across multiple inference
threads, none of which require the full search context, resulting in a more efficient use of a
model’s limited context window, and thus supporting scaling to higher compute. We show that
under the same latency and context window constraints, Adaptive Parallel Reasoning achieves
superior performance. We also find that end-to-end reinforcement learning significantly
enhances the effectiveness of Adaptive Parallel Reasoning, and that when tasked to optimize
the accuracy end-to-end, RL results in wider, in addition to deeper searches, indicating the
effectiveness of adding another dimension of scaling to the method.

Experiment setup Throughout our experiments, we use a standard decoder-only language
model trained from scratch with the Llama2 architecture [205]. The model employs the
Llama2 tokenizer, contains 228M non-embedding parameters, and supports a 4,096-token
context window. All models are initialized via supervised learning on 500k trajectories
generated using Countdown symbolic solvers. For our baseline, we use trajectories from the
SoS+ solver, while for our method we use trajectories from the APR symbolic solver.

To directly measure the compute-accuracy trade-off, we adopt a budget constraint method
similar to Chen et al. [206], training length-controlled models by conditioning on context-
window sizes for SoS+ models. Specifically, we partition training sample lengths into bins of
512 tokens, using these bin sizes as conditioning signals during training. At inference time,
specifying a bin size allows us to control the number of generated tokens. For APR models,
however, conditioning on context window size is less suitable as child thread lengths can vary
significantly. We condition these models on the number of child threads initiated per parent
thread, which strongly correlates with the total number of tokens across all threads.

We use SGLang [180] for inference due to its high-performance and support for continuous
batching and radix attention, which enables efficient running of APR.
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Figure 7.4: Scaling performance of SoS+ vs APR. (a) APR achieves higher accuracy
with increasing compute budget compared to SoS+ with Best-of-N sampling. (b) APR
more effectively utilizes fixed context windows across different thread configurations. The
cumulative accuracy measures the total accuracy considering only the outputs that fall within
the context window constraint—that is, only outputs no longer than the set constraint are
counted as correct.

Baselines We compare our method against two baselines: search via long chain-of-thought
reasoning (SoS+) and self-consistency selection (denoted cons@n), the standard parallel
inference method for scaling test-time compute. The cons@n approach is implemented by
independently sampling reasoning traces from SoS-+, excluding outputs that fail to find a
valid solution, then applying majority voting to the final search paths from the remaining
outputs. The most frequently occurring solution is then selected as final answer. Additionally,
we report pass@n, the rate at which at least one returned solution is correct, to illustrate the

upper-bound performance achievable through repeated sampling with simple ensemble-based
parallel inference.

Evaluation metrics We consider two categories of metrics to evaluate the model perfor-
mance and efficiency. First, we measure accuracy as the percentage of Countdown problems
in the test set successfully solved by the model. Second, we evaluate computational efficiency
by measuring the total tokens generated during reasoning, which reflects the model’s com-
pute usage at test time. Additionally, we evaluate latency using two complementary metrics:
sequential tokens, representing the maximum number of causally dependent tokens that
must be processed sequentially (i.e., parallel sub-thread generation considers only the longest
token sequence among independently processable threads); and real-world latency, the
wall-clock time required to solve a single task.
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Bootstrapping Adaptive Parallel Reasoning from Supervised
Training

Following Gandhi et al. [4], we pre-train our model by imitating sub-optimal search
traces generated by the symbolic solver. We construct a training dataset of 500k Countdown
problems with corresponding search traces using both SoS+ and APR symbolic solvers. Our
results indicate that APR consistently outperforms SoS+ across multiple dimensions.

Scaling with higher compute We first analyze how allocating additional test-time
compute improves performance. We measure compute by total tokens generated during
reasoning; for SoS+, this is the length of the search trace, while for APR, it is the total
token count accumulated across all parent and child calls. We scale test-time compute of
APR by varying the number of conditioned child threads from 0 to 10. For SoS+, the
context window size is fixed at the maximum number of 4,096 tokens. To scale compute
for SoS+ beyond this window, we report cons@n for sample sizes ranging from 1 to 8. We
also report pass@n as an upper bound. All scaling experiments use a sampling temperature
of 1.0. As shown in Fig. 7.4a, we find that APR initially under-performs in low-compute
regimes (below 4k tokens, or pass@1), which we attribute to “parallelism overhead” - some
of the generated tokens are used to orchestrate threads rather than directly contribute to
the search. However, as compute increases, APR significantly outperforms SoS+, achieving
a 13.5% absolute improvement (66.6% — 80.1%) over SoS+ cons@7 at 20k tokens. It also
surpasses SoS+ pass@8 by 11.7% (68.4% — 80.1%) at 24k tokens. Notably, it matches the
pass@8 performance of SoS+ while consuming 57.4% less compute. This clearly indicates
that APR scales more effectively with increased compute by enabling parallel exploration via
independently executed child threads. Importantly, this parallel design maintains efficiency
with minimal impact on latency, as further detailed in §7.4.

Scaling with context window size We also evaluate the performance of SoS+ and APR
under varying context window constraints (1k to 4k tokens). For each setting we sample once
and report cumulative accuracy: at every window size we count only those traces whose length
is within that limit. Budgets below 1k are omitted because neither method can produce
usable solutions. To investigate performance trade-offs, APR is evaluated with 3, 6, and 10
child threads, whereas SoS-+ is trained with context conditioning at 1,024 and 4,096 tokens.
The 1,024-conditioned SoS+ occasionally generates traces slightly longer than 1,024 tokens;
these same outputs become valid when the limit is relaxed, so its curve remains meaningful
beyond the 1,024 window. As illustrated in Fig. 7.4b, APR consistently exploits context
more efficiently. With only 3 child threads, it already surpasses SoS+ at every window size,
and with 6 or 10 threads, it achieves around 10% and 20% higher accuracy, respectively, at
the 4k-token limit. The advantage comes from distributing reasoning across parallel threads,
enabling more total tokens without packing the entire trace into one context window—a
limitation inherent to serialized SoS+. Overall, APR more effectively exploits fixed context
budgets, yielding significantly better performance.
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Figure 7.5: Comparison of model performance and statistics before and after
reinforcement learning (RL). RL significantly improves performance by optimizing the
APR policy beyond what can be learned from supervised imitation learning. Post-RL
models strategically increase sequence length (total tokens and avg token per seq) and, more
substantially, child thread count (the number of spawned child threads), demonstrating an
advantage of broadening rather than deepening search in reasoning. This optimization results
in substantially higher accuracy (from 75.5% to 83.4%).

End-to-end Policy Optimization through Reinforcement Learning

We employ reinforcement learning (RL) to optimize the APR policy end-to-end. As shown
in Fig. 7.5, RL significantly improves model performance across different initial conditions,
resulting in substantially higher accuracy (from 75.5% to 83.4%). Pre- and post-RL models
exhibit markedly different behaviors. RL increases both the sequence length (from an average
of 1,471 to 1,796 tokens; 22.1% relative increase) and number of child threads (from an average
of 6.1 to 8.2 child threads; 34.4% relative increase). This implies that, for the Countdown
task, a broader search is more optimal than a deeper one—as discovered by RL.

Efficiency of APR

We demonstrate that APR improves reasoning efficiency both theoretically and practically
compared to SoS+ serialized chain-of-thought baselines (by measuring sequential token usage
and real-world latency). We define sequential token usage as the average length of the longest
non-parallelizable component across parent and child threads, serving as a lower bound on
sequential computation. For SoS+, this directly equals the average output sequence length.
Fig. 7.6 shows accuracy against sequential token usage for both methods. Results confirm
that APR effectively leverages parallel exploration, significantly boosting accuracy with
minimal additional sequential tokens beyond 2,048 tokens, rarely exceeding 2,500 tokens. In
contrast, SoS—+ achieves only marginal accuracy improvements despite quickly approaching
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Figure 7.6: Efficiency comparison between APR and SoS+-. Left: accuracy vs.
sequential token usage. Right: accuracy vs. wall clock latency. APR consistently achieves
higher accuracy with fewer tokens and lower latency, demonstrating superior efficiency.
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Figure 7.7: RL provides a larger performance gain to APR (7.9%) compared to SoS+ (2.7%),
resulting in substantial advantages of APR over SoS+ after RL (83.4% vs 60.0%). Ablations
with the number of child threads enforced show that such performance gain mainly comes
from teaching the model how to allocate compute resources instead of making more optimal
decisions with the same resources.

3,000 tokens, highlighting the scaling advantages of parallel exploration under constrained
contexts.

Moreover, we evaluate the practical efficiency of APR by analyzing real-time latency.
Inspired by the spawn() operation commonly used in computer systems, APR is specifically
designed to leverage hardware parallelization effectively. We consider an API-based serving
scenario where both SoS+ and the main call of APR initially consume the same fixed
amount of compute, while subsequent child threads utilize additional computational resources
concurrently. Specifically, we deploy the models on an 8-GPU NVIDIA RTX A6000 server,
dedicating one GPU to handle the main inference thread, with the remaining GPUs allocated
for executing child threads in parallel. We measure the latency per sample across the entire
test set. Results in Fig. 7.6 demonstrate that APR achieves a substantially better accuracy-
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latency trade-off compared to SoS+. Notably, at a latency of 5000ms per sample, APR
reaches an accuracy of 75%, an 18% absolute improvement over SoS+’s 57%, implying the
potential of APR for superior performance and efficiency in realistic deployment scenarios.

Ablation Study

RL on SoS+ vs APR As shown in Fig. 7.7, we observe that RL significantly improves
the policy in APR, with a significant increase in the sequence length and the number of child
threads the model uses. To evaluate RL’s impact on our baseline, we also applied GRPO to
SoS+. As expected, RL increased the sequence length and improved SoS+ performance as
well. However, the accuracy improvement for SoS+ (2.7%) was substantially smaller than
for APR (7.9%). This difference in improvement rates correlates with changes in total token
usage. While SOS-+ only increased total tokens by 20.9%, APR showed a 52.5% increase.
These results demonstrate APR’s effectiveness in allowing RL to scale token usage beyond
context window limitations by distributing computation across multiple child threads.

Disentangling contributing factors in RL As shown in Fig. 7.7, RL significantly
improves policy accuracy. However, this improvement may stem from two distinct factors:
(1) test-time scaling, where RL encourages the model to use more tokens at test time and
perform more extensive search (i.e., try more options); or (2) reasoning-quality improvements,
where RL teaches the model to search more effectively (i.e., select options more cleverly).
To disentangle these factors, we conducted an experiment where we conditioned the model
to use the maximum number of child threads (10 threads) both before and after RL training,
so that it almost always uses the most test time compute possible even before RL. Our
results reveal that (1) with maximum child threads enforced, we observe minimal changes in
both thread count and sequence length after RL; and (2) accuracy remains nearly identical
pre- and post-RL under these fixed compute conditions, from 83.2 to 83.3% accuracy. This
indicates that in our experiments, the primary benefit of reinforcement learning comes from
scaling test-time compute rather than improving decision quality within a fixed budget.

7.5 Conclusions, Limitations, and Future Work

We presented Adaptive Parallel Reasoning, which enables language models to adaptively
distribute computation across serial and parallel reasoning paths using a parent-child threading
mechanism. In this method, we employed supervised training and reinforcement learning
to enable models to learn to develop parallelization strategies without manually designed
structures. Supervised training establishes a baseline understanding of parallel execution,
and to further optimize the effectiveness of reasoning, we fine-tune the language model with
fully end-to-end reinforcement learning.

Experiments on the Countdown task demonstrate that APR achieves: (1) higher perfor-
mance within the same context window (83.4% vs. 60.0% at a 4k context); and (2) superior
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scaling behavior as compute budgets increase, resulting in more substantial performance
improvements (80.1% vs. 66.6% using 20k tokens); (3) significantly higher success rates
compared to serialized search methods at equivalent latency constraints (75.2% vs. 57.3%
at around 5,000 ms). Overall, APR demonstrates the potential of reasoning systems that
dynamically structure their inference processes to achieve improved scalability and efficiency.

We see many research directions that we are excited to explore in the future:

1. Extending to pre-trained language models and general tasks. Currently, our
experiments are restricted to non-pretrained LMs on Countdown tasks. Moving forward, we
plan to extend our methods to general reasoning tasks with pre-trained LMs, which would
validate the approach’s broader applicability.

2. Reducing reliance on supervised training. Our current setup requires bootstrap-
ping by mimicking the symbolic solver. We aim to use strong pre-trained LMs as initial
checkpoints and, motivated by DeepSeek R1-Zero [177|, explore whether we can bypass the
supervised training stage and directly apply reinforcement learning.

3. Better orchestration and communication protocols. As a first step, this work
uses fork and join operations for inter-thread communication and thread orchestration.
We plan to explore other protocols, such as any-to-any messaging, all-to-all communication
patterns, or subscription-based methods.
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Chapter 8

ThreadWeaver: Adaptive Threading for
Efficient Parallel Reasoning in Language
Models

This chapter is based on the following publication:

Long Lian, Sida Wang, Felix Juefei-Xu, Tsu-Jui Fu, Xiuyu Li, Adam Yala, Trevor
Darrell, Alane Suhr, Yuandong Tian, and Xi Victoria Lin. “ThreadWeaver: Adap-
tive Threading for Efficient Parallel Reasoning in Language Models.” International
Conference on Machine Learning (ICML), 2026.

8.1 Introduction

Large Language Models (LLMs) have advanced automated problem solving across domains
demanding complex reasoning, including mathematics, programming and scientific discovery.
This process is driven by scaling inference-time computation to produce longer and more
detailed chain of thought (CoT) that iteratively navigates the problem space and revises
earlier steps [182, 183, 179]. As task difficulty increases, the time required to reach a correct
solution rises dramatically, in some cases reaching tens of hours for a single task [207]. On the
other hand, the sequential nature of autoregressive LLMs imposes severe inference latency
which cannot be easily reduced by adding more compute resources, as generating each token
requires conditioning on all previous tokens.

Parallel reasoning has emerged as a popular technique for LLMs to address this limitation,
offering an additional test-time scaling dimension beyond extending sequence length. Methods
such as best-of-N and self-consistency [178| execute multiple independent reasoning threads
and aggregate their outputs. Test-time search approaches such as tree-of-thought [179] guide
exploration through hand-crafted structures tuned to the underlying problem. More recently,
several works have begun to explore adaptive parallel reasoning, where LLMs are trained
to decide when to branch reasoning into parallel threads and when to continue sequentially,
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Figure 8.1: For complex reasoning problems, a sequential reasoner generates tokens one at a
time, so latency scales with the trajectory length and is difficult to reduce with additional
compute. ThreadWeaver instead adaptively spawns ({>) and joins () concurrent threads
that work on different parts of the solution, using extra compute to shorten the critical
reasoning path.

which mimics multi-threaded execution without pre-defining the branching structure [208, 8,
199, 9]. Such adaptive approaches hold the promise of allocating test-time computation more
effectively across reasoning stages, enabling the model to self-determine when parallelization
is beneficial for the task at hand.

However, despite its potential, adaptive parallelization has yet to demonstrate competitive
performance on complex real-world problems comparable to that of strong sequential reasoning
models [8, 9], due to several fundamental challenges. First, high-quality parallel reasoning
trajectories for real-world problems are difficult to obtain for training purposes, leaving
prior datasets limited in both scale and diversity. Second, most existing approaches require
modifications to position embeddings, key-value caches, or attention masks at inference to
support thread branching and joining [199, 9, 8|, making deployment on standard inference
engines difficult [209, 180]. Third, scaling reinforcement learning (RL) for parallel reasoning
is further complicated by additional modeling and system challenges, such as advantage
calculation across branches and maintaining consistency between train-time rollouts and
test-time execution.

To address these challenges, we propose Thread Weaver, a framework that brings RL-
induced adaptive parallel reasoning to strong reasoning LLMs such as Qwen3 [210], without
modifying the underlying inference engine. We target a setting in which abundant compute is
available to reduce reasoning latency for problems requiring long chain-of-thoughts. For such
examples, further latency reduction requires parallelism within a single reasoning trajectory.
ThreadWeaver is designed specifically to operate effectively under this regime, with three
core innovations: 1) a two-stage parallel trajectory generator, which generates high-quality
structured reasoning traces with LLM-annotated parallelization control tokens, providing a
scalable, low-cost cold start for downstream RL (§8.4); 2) a trie-based training and inference
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co-design (8§8.3), which enables parallel reasoning on standard autoregressive inference engines
such as vLLM [209] and SGLang [180]; 3) parallelization-aware GRPO (P-GRPO), which
jointly optimizes accuracy and latency reduction through mathematically justified thread-wise
advantage broadcast (§8.5) and a parallelization-aware reward design (§8.5) to induce effective
adaptive parallelization while maintaining strong reasoning performance.

ThreadWeaver is the first adaptive parallel reasoning framework that achieves
accuracy comparable to equally sized cutting-edge sequential reasoning models
(79.9% accuracy for ThreadWeaver vs 78.3% for the thinking model Qwen3-8B [210] on
AIME24, and 71.9% vs 72.2% on average across six widely used math benchmarks) while
delivering substantial reductions in token latency: 1.14x speedup on AIME24 [211], 1.16%
speedup on AMC23 [212], 1.23x speedup on MATH500 [213], 1.21 x on OlympiadBench [214],
and 1.53x on Minerva Math [215]. These results establish a new Pareto frontier between
accuracy and efficiency, opening a promising direction for enabling LLMs to tackle increasingly
complex problems within feasible inference time budget.

8.2 Related work

Test-Time Scaling. Test-time scaling has proven effective for enhancing LLM performance
across various downstream tasks [182, 183, 4, 186, 185, 216|. Prominent examples like OpenAl
ol [126] and DeepSeek R1 [177] scale the length of reasoning trajectories via reinforcement
learning. However, the sequential nature of autoregressive decoding means that longer outputs
incur significant latency, which is unsustainable for complex domains like theorem proving or
scientific discovery. In contrast, parallelizing reasoning traces allows for adaptive allocation
of computational budgets, achieving a superior Pareto frontier.

Parallel Reasoning with Self-Consistency. Parallel reasoning through self-consistency
is a widely adopted technique to improve LLM inference robustness. By sampling multiple
independent reasoning chains and aggregating the final answers, this approach provides a
scaling dimension orthogonal to sequence length [188, 178, 217|. Related system results
(e.g., Gemini Deep Think, Luong and Lockhart [218]) also emphasize inference-time parallel
compute scaling, though the exact mechanisms can differ from standard self-consistency.
Variants refine this paradigm with confidence-guided aggregation and adaptive consensus [219,
220|. Nevertheless, because these threads are uncoordinated and independently executed,
they often result in redundant computation and limited efficiency.

Structured (Agentic) Parallel Reasoning. Structured parallel reasoning explores coor-
dination via prompting-based agents or tree-of-thought frameworks [179, 189, 190, 191, 192,
193, 194, 195, 196, 197|. These methods decompose problems into subtasks using explicit
structures like graphs or modular agents. While effective for symbolic or mathematical rea-
soning, they generally rely on hand-crafted heuristics and operate at inference time, lacking
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the scalability of learned reasoning strategies. Recent agentic formulations automate this
process but still lack gradient-based optimization across reasoning branches [198, 200, 221].

Adaptive Parallel Reasoning. Recent training-based methods enable models to self-
determine when to branch via special tokens. PASTA [199] and Multiverse [8] utilize SE'T
and optionally preference optimization, but do not incorporate reinforcement learning (RL),
which was s for test-time scaling. APR [208] introduces an SFT+RL pipeline but is limited
to synthesized datasets. Parallel-R1 [9] incorporates RL, but its SFT data covers only
low-complexity problems, with its final accuracy below that of official Qwen3 models [210].
Concurrent work NPR [222] also uses RL but is built upon instruct models rather than thinking
models. Both Parallel-R1 and NPR models have shorter CoTs compared to ThreadWeaver.
Compared to previous work, ThreadWeaver is based on thinking models (e.g., Qwen3-
8B) and is capable of performing long chain-of-thought reasoning. It is the first adaptive
parallel reasoning framework to achieve accuracy comparable to cutting-edge sequential
thinking models of equivalent size. In addition, while Multiverse and NPR require significant
modifications to the underlying inference engine, ThreadWeaver is compatible with standard
sequential engines for easy deployment.

8.3 Model

Parallel Trajectory Format

We extend standard autoregressive (AR) generation with lightweight control tokens
arranged in a fork-join pattern to realize adaptive parallel reasoning, following Multiverse [§].
Unlike Multiverse, our framework restricts trajectories to a single level of parallelization in
which all branches rejoin the main thread.! Below we describe our parallel trajectory format,
with an illustrative example shown in Figure 8.2:

e <think> and </think> mark the start and end of the reasoning trajectory, which may
contain sequential segments and zero or more parallel blocks.

e <Parallel> ...</Parallel>: defines a parallel block.

e <Outlines> ...</0Outlines>: consists of numbered <Outline> entries which declare
independent sub-tasks.

e <Thread> i: execution trajectory of the i-th sub-task. Threads are generated indepen-
dently and must not reference other threads. At inference, each thread is generated in
parallel and stopped at </Thread>.

'In practice, we found that single-level parallelization often offers significant speedup while preserving
reasoning accuracy. It also reduces the engineering overhead and data-quality challenges introduced by nested
parallelization branches. The techniques proposed in our work naturally generalize to nested branches by
permitting parallel blocks within individual threads.
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Prompt: Find the modulo 7 remainder of the sum 1 +3 + 5 ... + 199. Think
step by step and put your answer in \boxed{}.

Response:

<think>

We want the remainder when S=1 +3 +5+ ... + 199 is divided by 7.
<Parallel>

<Outlines>

<QOutline>|: Use the arithmetic series formula to compute S exactly, then reduce
S modulo 7. </Outline>

<Outline>2:Work directly modulo 7 by exploring the repeating pattern of odd
numbers modulo 7.</Outline>

</Outlines>

<Thread>I:The sum S is an arithmetic sequence with first ...</Thread>

<Thread>2:The number of termsisn = (199 - 1) /2 + | ...</Thread>

</Parallel>

Both methods agree that S = 4 (mod 7), so the remainder when S is divided by 7
is \boxed{4}.

</think>

The remainder when | + 3 + 5+ ... + 199 is divided by 7 is \boxed{4}.

Figure 8.2: Format of our parallel reasoning trajectories. <Parallel> encloses a
fork-join block with <Outlines> and multiple <Thread>’s; content inside each <Thread> is
generated concurrently, while the other spans are generated sequentially.

In data collection, this format is enforced by our data generator proposed in §8.4 for supervised
fine-tuning. During RL rollout and at inference time, this structured trajectory is generated
by an orchestrator calling an LLM inference engine, described in §8.3.

Parallel Inference

Our parallel structure introduces <Parallel> blocks that contain an <Outlines> section
followed by multiple <Thread>’s. Importantly, only the thread contents are generated in
parallel, while all remaining parts of the trajectory are generated via standard autoregressive
(AR) decoding. As shown in Figure 8.3, this design allows parallel inference to be implemented
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on top of any model exposed through a request-completion interface, such as an LLM inference
server with API backed by an autoregressive inference engine like SGLang [180] or vLLM [209],
without any modifications to their underlying system.

State-machine view. We implement inference as a minimal state machine operating on
request-response pairs with a text-completion API. The orchestrator alternates between
sequential phases (decoding until </Outlines>), parallel phases (launching independent
completion requests for each thread until </Thread>), and join phases (concatenating results
and continuing). This design requires no modifications to the LLM architecture or inference
engine, inheriting existing optimizations like prefix caching and paged attention [180, 209].

Hybrid operation. This design naturally enables hybrid reasoning: operators may choose
parallel mode (executing the state machine for low latency via parallel reasoning) or autore-
gressive mode (bypassing the state machine for high throughput). ThreadWeaver is the first
adaptive framework maintaining sequential reasoning compatibility.

Efficient Training with Trie-based Sequence Merging

We fine-tune the LLM to emit these parallel structures by matching training targets to
the inference state machine via trie construction and traversal.

Trie-based loss computation. As shown in Figure 8.4, using regex-based parsing, we first
extract all the (context, completion) units that will be issued during inference. Specifically,
each context corresponds to a fragment issued by the state machine to a text completion API,
and each completion corresponds to the LLM-generated span between structural tokens (e.g.,
from <think> to </Outlines>). The pair of spans is concatenated into a token sequence.
We then insert all units into a token-level prefix tree (root = shared prompt, branches =
divergent continuations), then use depth-first traversal to linearize it into a single training
sequence with an ancestor-only attention mask and position encoding to prevent cross-thread
leakage.? Loss is applied only to tokens from the completion part of each unit. This ensures
training matches the inference state machine’s isolation property.

Consistency and scalability. This co-design guarantees that all the tokens in a trajectory
generated by the trie traversal will have the same context and position encodings as in each
request-response pair that the orchestrator issues. Training with trajectories constructed
in this manner also ensures that inferencing without our orchestrator recovers ordinary
autoregressive reasoning behavior, since the overall trajectory obtained by autoregressive
inferencing is always a valid subsequence of the trajectory obtained from the trie. We employ
FlexAttention [223] for efficient attention masking in training.

2The change in attention masks and position encoding are only at training time and are not employed at
inference time.
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Request Completion
1 . (Stop at </Outlines>)
g2 —_ (Stop at </Thread>)
é Parallel inference
=2 —> (Stop at </Thread>)
(Stop at [EOS], or
3 ; another </Outlines>

for another parallel
reasoning block)

Figure 8.3: Inference-time request sequence for a parallel reasoning trajectory. For
a given user prompt, Timestep 1 decodes the prefix and the <Outlines> block sequentially
up to </Outlines>. Timestep 2 launches one completion request per outline in parallel, each
seeded with its corresponding “<Thread> i:” prefix and stopped at </Thread>. Timestep 3
resumes sequential decoding over the joined context until [EOS] or the next </Outlines>.
All steps are executed on a standard LLM inference engine.

8.4 Parallel Trajectory Curation for Supervised
Fine-tuning

With our proposed inference pattern and training paradigm, a key challenge is to obtain
suitable training data for supervised fine-tuning. Our training procedure requires parallel
reasoning trajectories in the fork-join format described in Section 8.3. To construct these
trajectories, we employ a two-stage pipeline: 1) an LLM-driven annotation and a light-weight
rewriting phase for SFT cold start, followed by 2) self-training with reward-based filtering to
scale data quality and improve performance.

LLM rewriting. We first extract sequential reasoning trajectories by running inference
on Qwen3-8B [210] with a dataset of prompts. We then apply a five-step LLM-driven
annotation pipeline using GPT-5 [224] to identify parallelizable spans, extract canonical
thread boundaries, rewrite for clarity and independence, generate outlines, and perform
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Step 1: Extracting all <request, Step 2: Prefix-Tree Building
completion> pairs from a training
example — - — —
Request Completion ;
! *
| *
|
[
|* Step 3: Flattening to Single Sequence
|
| * —_—> x —> x —> —> * *
|
| \/
[
| * We apply masking and reset the position
I IDs s.t.[* only sees * in its context.

Figure 8.4: Our trie-based training sequence construction has three steps: 1) extract
context and completion segments that the inference state machine will encounter in order
to produce this trajectory; 2) insert these segments into a token-level trie (prefix-tree); 3)
traverse the trie to produce a flat sequence with an ancestor-only attention mask and standard
incremental positions counting from the root node. * denotes text spans with loss applied.
Although we only show one branching in this example, ThreadWeaver supports branching
and joining multiple times in a trajectory.

format validation. Crucially, we let the LLM recover structure from existing chain-of-
thoughts by using line-based extraction, compared to regenerating solutions [8], preserving
the model’s original reasoning semantics through minimal localized edits. Using this pipeline
on 53k sequential Qwen3-8B trajectories from Polaris-53k [225], we obtain 959 high-quality
parallelized trajectories for cold-start training.

Self-training with reward-based filtering. While effective for cold-start, the LLM-
rewritten trajectories produced in the previous step reflect post-hoc decomposition rather
than the model’s natural generative patterns. To bridge this gap, we fine-tune Qwen3-8B
on the 959 cold-start items, then run parallel rollout on the full 53k prompts. We filter
trajectories by format correctness and answer correctness, yielding a large corpus of format-
faithful trajectories that align supervision with the model’s own generative patterns, which
serves as high-quality SFT data to enable reliable parallel rollout in subsequent reinforcement
learning.
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8.5 Reinforcement Learning

We build on Group Relative Policy Optimization (GRPO) [204], a policy-gradient method
that computes advantages via intra-prompt normalization. For a prompt p with k& sampled

trajectories having rewards {ry,...,7}, let p, = %Zle r; and o, = \/% Z§:1(7’j — 1p)?
denote the group mean and standard deviation. The group-normalized advantage is

AGRPO _ Ti T Hp 3.1
SO = (8.1

with small € > 0 for stability.

P-GRPO: GRPO with Parallel Rollout

State-machine based rollout. We perform rollout using the inference orchestrator
described in Section 8.3. Let TISZ) be composed of the ordered set of (context, comple-

tion) units emitted by the state machine, ngi) = {u]([,i’l),ug’m, e ,uj(f’M") , where uz(f’m) =
[contS"™ ||comp"™] is the concatenation of the context contS"™ followed by its corresponding

completion compg . Training with these units ensures the distribution seen during RL
matches test-time execution so that there is no train—inference gap.

?m)

Advantage calculation. We compute a single scalar reward r,; for the entire trajectory
(see Section 8.5) and broadcast its group-normalized advantage A, ; to all units in that sample.
Let T, be the number of tokens in trajectory i of prompt p and Z =3 . Zle T, ; be the
total token count. The loss is

M.
1 : ) )
EP-GRPO(9> = —E Z Apﬁ' Z log Wa(CéZ’m) | a:](g”m)), (82)
J2X} m=1

where cl(f’m) and xéf’m) denote completion and context tokens. Following the practice in

sequential reasoning and multi-turn RL, we do not apply loss on the context tokens of each
thread. Specifically, Equation (8.2) is implemented with a token-level mask that zeros out
the loss on context tokens, so the log-probability term only accumulates contributions from
completion tokens. Therefore, each generated token receives loss at most once, even if it later
reappears as part of the context for subsequent generation.

This broadcasting across the units spanning all the parallel threads is mathematically
justified, keeps the implementation simple, and empirically stabilizes training without per-
branch credit heuristics.

Parallelization-Aware Reward

Similar to sequential generation, we set the main reward to an indicator function of answer
correctness. In addition, we softly encourage acceleration when parallelization reduces the
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Algorithm 2 Parallelization-Aware GRPO (P-GRPO)

1: Input: Policy 7y, batch of prompts B, rollouts per prompt k, reward function r(-)
2: Output: Updated policy 7y

3: for each prompt p € B do

4: for i =1 to k do '

5: Sample trajectory TP(Z) using parallel inference state machine (§8.3)
6: Extract {u\"", ..., ul"™} where uf"™ = [cont’™ ||compl"™]

7: Compute reward r,; = ’Rcorrect(ngi)) + Raccel(ngi))

8: end for

9: Compute group mean: p, = %Zle Tpj

10: for i =1 to k do

11: Compute advantage: A,; =17,; — (i

12: end for

13: end for

14: Compute total tokens: Z = Zpeb’ Zle Ty

15: Compute loss: £L=—53 Ay, SM Jog m(h™ | i ™)
16: Update 6 by gradient descent on £

critical path. For sample 7, the total reward includes the two components added together:
7(7) = Reorreet(T) + Raceer (7)), (8.3)
The correctness reward Reomect (T) evaluates the boxed final answer:
Reorrect (T) = 1{CORRECT(T)}. (8.4)

The acceleration reward Raccel incentivizes the model to generate more efficient reasoning
paths by leveraging parallelization:

Raccel(s) = L{CORRECT(7)} min (p - 7(s), peiip) (8.5)

where s denotes the set of parallel threads in the trajectory, p is an acceleration reward scale,
and pp is a clipping threshold.? Acceleration ratio n(s) is computed as:

Lion
a(s) =1 - Flonset (5.
total
where Ljongest 18 the sequence length for the longest thread (i.e., token latency), Liotal is
the total number of tokens in the entire trajectory. The acceleration ratio reward is only given
when the answer is correct, which is indicated by the correctness term in Equation (8.5).

3In our experiments we set p = 0.5 and peiip, = 0.2. These values are chosen empirically to keep the
acceleration bonus a small fraction of the correctness reward so that the model does not sacrifice accuracy for
acceleration gains.
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Removing std-dev normalization for stability. Empirically, standard-deviation nor-
malization in GRPO leads to unstable training with the multi-term reward Equation (8.3):
when all rollouts are correct, mean-centering removes the correctness signal and std-dev
normalization cancels the acceleration scale, causing the model to optimize acceleration at
the expense of correctness. We instead use simple mean-centering, preserving the intended

reward balance:
A;E),;GRPO = Tpi = Hp- (8.7)

Full ablation analysis in Table 8.4. This choice is aligned with the modifications proposed
by Liu et al. [226], though our motivation originates from the multi-term reward structure
proposed for incentivizing parallel reasoning.

Overall, since the rollout uses our parallel inference scheme specified in Section 8.3,
P-GRPO learns parallel behavior that transfers directly to any off-the-shelf AR engine, along
with correctness and acceleration improvements. We present the pseudo-code for our proposed
P-GRPO in Algorithm 2.

8.6 Experiments

Setup

We evaluate ThreadWeaver trained on top of Qwen3-8B [210], a thinking model that
demonstrates strong performance on mathematical problem solving with long CoT.

Thread Weaver is trained through a three-stage pipeline: 1) Fine-tuning Qwen3-8B on 959
LLM-rewritten parallel trajectories for 8 epochs, 2) Self-training with 17,491 model-generated
correct and structurally-valid trajectories, and 3) RL using P-GRPO for 350 steps with
batch size 128 and group size 8. Training prompts from all stages come from An et al. [225].
Sequential RL baseline uses the same training setup.

Evaluation. We evaluate performance on six math reasoning benchmarks: AIME24 [211],
AIME25 [227], Minerva Math [215], AMC23 [212], OlympiadBench [214], and MATH500 [213].
Parallel reasoning in inference is performed via our proposed orchestrator.

Main Results

We report the performance of ThreadWeaver in Table 8.1, comparing it against a sequential
GRPO baseline on Qwen3-8B using the same RL prompts across six math benchmarks. Both
models are trained with identical RL configurations and evaluated with multiple rollouts per
problem.

We report accuracy and token latency to assess reasoning correctness and efficiency. To
quantify efficiency gains, we define three speedup metrics based on the ratio of token latencies
between the sequential GRPO baseline and ThreadWeaver. Speedup is the average of these
per-problem ratios across a dataset. Speedup (correct only) restricts this calculation to rollouts
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Table 8.1: Comparison between the sequential GRPO baseline and ThreadWeaver on Qwen3-
8B across six math benchmarks. ThreadWeaver matches the baseline’s accuracy (71.9% vs.
72.2%) while reducing mean critical-path length from 15.1k to 13.2k tokens and
achieving up to 1.53x average speedup and up to 3.56x max speedup. Speedups
are computed as ratios of the token latencies of the sequential reasoning baseline and
Thread Weaver.

AIME24  AIME25 AMC23 MATH500 Minerva Math OlympiadBench

Model (Avg@32) (Avg@32) (Avg@8) (Avg@l)  (AvgQd) (Avgag) ~ ‘verage
Accuracy (%)

Qwen3-8B + Seq. RL 78.3 61.6 92.6 91.8 43.9 65.0 72.2
Qwen3-8B + Thread Weaver 79.9 60.5 92.3 91.4 43.7 63.5 71.9
Token Latency (tokens)

Qwen3-8B + Seq. RL 19.4k 24.6k 13.8k 7.2k 10.6k 15.2k 15.1k
Qwen3-8B -+ Thread Weaver 16.9k 24.0k 12.0k 6.4k 7.3k 12.8k 13.2k
Speedup 1.14x 1.03x 1.16x 1.23x 1.53x 1.21x 1.22x
Speedup (correct only) 1.14x 1.05x 1.17x 1.23x 1.47x 1.20x 1.21x
Max Speedup (correct only) 1.47x 1.21x 1.67x 3.05% 3.56% 1.92x -

yielding correct final answers for both models. Finally, Maz Speedup (correct only) identifies
the maximum per-problem speedup achieved among correct rollouts, serving as an empirical
upper bound for our method’s acceleration. For each problem, we average token latency over
all rollouts.

On average, ThreadWeaver matches the baseline’s accuracy (71.9% vs. 72.2%)
while reducing mean token latency from 15.1k to 13.2k and yielding up to 1.53x
speedup.

The highest latency reductions occur on benchmarks with long, decomposable reason-
ing traces (e.g., AIME24, OlympiadBench), where independent subtasks can be processed
concurrently.

Comparisons

We compare ThreadWeaver with recently proposed adaptive parallel reasoning methods
on AIME24, focusing on Multiverse [8] and Parallel-R1 [9]. As summarized in Table 8.2,
ThreadWeaver attains substantially higher accuracy (79.9%) compared to Multiverse (up
to 53.8%) and Parallel-R1 variants (up to 19.4%). Furthermore, ThreadWeaver achieves
higher self-parallelism speedup and activation ratio. The former is the ratio between the total
number of tokens and the token latency in reasoning trajectory, and the latter is defined as
the fraction of trajectories with parallelization. ThreadWeaver achieves both higher
accuracy and higher efficiency, establishing a stronger Pareto frontier than prior
adaptive parallel reasoning approaches.

We also observed that ThreadWeaver built on Qwen3-8B outperforms Multiverse, which is
built on Qwen2.5-32B [228], both in accuracy and in measured self-parallelism speedup. This
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Table 8.2: Comparison with other adaptive parallel reasoning approaches on AIME24. Self-
parallelism speedup is the ratio between the total number of tokens and the critical path
length. Activation ratio is defined as the percentage of samples with parallelization in the
inference trajectories. ThreadWeaver achieves higher accuracy and stronger self-parallelism
than Multiverse and Parallel-R1. Results from Yang et al. [8] and Zheng et al. [9].

: Self-Par.  Act.

Model Size Speedup  Ratio Acc.

Multiverse-zero 32B  1.04x - 52.1%
Multiverse 32B  1.18x - 53.8%
Parallel-R1-Seen 4B - 27.3  19.4%
Parallel-R1-Unseen (S1) 4B . 13.6  18.3%
Parallel-R1-Unseen (S2) 4B . 63.0 16.3%
ThreadWeaver (ours) 8B  1.25x  85.2 79.9%

indicates that our training recipe effectively induces adaptive parallelization behavior of the
model at a much smaller model size. Compared to Parallel-R1, which is also based on a model
from the Qwen3 family (Qwen3-4B-Base), ThreadWeaver operates in a long chain-of-thought
regime that closely matches the sequence lengths of strong sequential reasoning models in
the Qwend family. In contrast, Parallel-R1 is trained to produce significantly shorter chains
of thought, which limits its test-time scaling ability and accuracy.

Acceleration Distribution Analysis

To analyze how acceleration varies across problems, Figure 8.5 shows per-problem speedup
distributions on four math benchmarks. Speedup is defined as the ratio between the token
latency of the sequential baseline and that of ThreadWeaver. For AIME24, AMC23, and
OlympiadBench, we average ratios over 32, 8, and 8 rollouts per prompt to reduce sampling
noise, while MATH500 uses a single rollout per problem.

Across all datasets, most mass lies to the right of the 1.0x line, indicating consistent
acceleration, with a wide spread reflecting strong question dependence. Some problems admit
large gains (up to 1.47x on AIME24 and 3.05x on MATHS500), while others show little
benefit or mild slowdowns. Overall, ThreadWeaver yields substantial critical-path reductions
on decomposable problems and naturally approaches parity on intrinsically sequential ones.
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Figure 8.5: Per-problem speedup distributions on math benchmarks. The speedup
is the ratio between the token latency of the sequential reasoning baseline and the token
latency of ThreadWeaver. A vertical reference line at 1.0x marks parity with the sequential
baseline. Parentheses show mean speedup per dataset.

Table 8.3: Wall-clock latency on 50 MATH problems (averaged over 8 runs per problem).

Parallelization Avg Latency (s)

Parallel 142.21
Sequential 162.34
Speedup 1.14x

Ablations

Adding compute makes ThreadWeaver faster. To verify that critical-path reductions
yield real-world gains, we measured wall-clock latency on 50 problems from MATH500 (8-run
average). We compared standard autoregressive decoding on a single GPU against the
orchestrator distributing threads across four GPUs at batch size 1.

As shown in Table 8.3, parallelization achieves a 1.14x speedup. While lower than
token-latency gains due to system overhead, this confirms that ThreadWeaver effectively
converts additional compute into reduced inference latency.

Removing standard-deviation normalization in GRPO improves stability. We
compared GRPO variance normalization against simple mean-centering. As shown in Table 8.4,
mean-centering preserves the intended balance between correctness and acceleration, resulting
in higher accuracy and shorter critical paths.

Parallel rollout and self-training improve performance. We ablate two training
components: parallel rollout during RL and self-training post-SFT. As shown in Table 8.5,
both significantly enhance accuracy and efficiency. Without self-training, accuracy drops to
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Table 8.4: Effect of std-dev normalization on AIME 24 (Avg@32).

Setting Acc.  Seq. Len. Longest

With Std. Norm. 74.8% 30.1k 18.7k
Mean-Centered (Ours) 79.9%  21.1k 16.9k

Table 8.5: Ablation on parallel rollout and self-training (AIME 24).

Par. Rollout  Self-Train ~ Acc.  Latency

X 77.9% 17.6k
X 78.4% 17.3k
79.9% 16.9k

77.9% and latency increases to 17.6k, confirming that the 17k high-quality samples are vital
for aligning teacher-curated data with Qwen3-8B’s reasoning capabilities (Section 8.4).

Meanwhile, parallel rollout allows the policy to optimize execution efficiency directly,
eliminating the mismatch between training rollouts and parallel inference. Note that self-
training can be considered as a form of filtered behavior cloning or STaR [229], and since
our self-training data is always generated with parallel rollout in the ablations, extensive
self-training can be considered as taking part of the role in reinforcement learning. When
combined, these techniques enable ThreadWeaver to achieve 79.9% accuracy and a 16.9k
token latency.

Additional analysis. We present a comprehensive analysis of ThreadWeaver’s behavior in
the appendix, including per-stage ablations (Table F.2) and efficiency metrics (Table F.5). We
also discuss why reward hacking was not observed due to strong SFT priors (Section F.7) and
provide a qualitative study in Section F.5 that illustrates Thread Weaver spontaneously forking
into distinct parallel strategies (e.g., algebraic vs. numerical) to solve complex problems,
demonstrating adaptive task decomposition.

8.7 Conclusion

We introduce ThreadWeaver, an adaptive parallel reasoning framework that addresses
key obstacles limiting prior work: 1) a two-stage parallel trajectory generator for scalable
data creation, 2) a trie-based training-inference co-design enabling deployment on standard
autoregressive engines, and 3) P-GRPO, an RL framework that optimizes for both accuracy
and acceleration. ThreadWeaver achieves up to 1.53x speedup in token latency compared
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to sequential baselines while maintaining comparable accuracy with cutting-edge thinking
models, establishing a new Pareto frontier.
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Impact Statement

This paper presents work whose goal is to advance the field of Machine Learning. There are

many potential societal consequences of our work, none of which we feel must be specifically
highlighted here.
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Chapter 9

Conclusions and Future Work

9.1 Conclusions

This dissertation studied task decomposition with multi-agent systems across visual
generation, visual data generation, and language-model reasoning. Across these settings,
the central result is that complex tasks can often be made more controllable and efficient
when a single opaque generation process is replaced by explicit intermediate structure and
coordinated sub-computations. The same design pattern appears throughout the thesis:
language models act as planners, parsers, controllers, annotators, and reasoning agents,
while visual models, captioning systems, and inference orchestrators ground and execute the
decomposed computation.

In visual generation, Chapters 2-4 demonstrate that language models can make spatial and
temporal structure explicit before and during generation. LLM-grounded Diffusion translates
prompts into object layouts and uses them to guide diffusion, substantially improving
generation accuracy across negation, counting, attribute binding, and spatial reasoning
benchmarks over Stable Diffusion. LLM-grounded Video Diffusion extends this idea to
dynamic scene layouts, producing spatiotemporal plans and videos that align much more
reliably with complex prompts than the baseline video generator. Self-correcting LLM-
controlled Diffusion shows that decomposition can also be iterative: generation, perception,
diagnosis, and repair form a feedback loop that improves correctness for both open-source
and proprietary image generators.

In visual data generation, Describe Anything shows that decomposition is also valuable for
interpreting and annotating visual content. By combining local focal crops with global context,
it produces detailed localized image and video descriptions rather than only global captions.
This design achieves state-of-the-art results across in-domain and zero-shot benchmarks,
with consistent improvements on keyword-level, phrase-level, detailed image captioning, and
detailed video captioning evaluations. These results support a broader role for localized
description as both a standalone capability and a source of structured supervision for
controllable generation systems.
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The takeaway of Part I is that stronger image and video generators do not remove the need
for decomposition. As models improve, direct prompting will solve more ordinary cases, but
explicit structure remains useful when users need controllability, inspection, repair, spatial
or temporal guarantees, or synthetic data with known local semantics. In this sense, the
visual chapters are examples of a system design principle for making visual generation more
accountable to user-specified structure.

In reasoning, Chapters 7-8 apply the same principle to language-model inference. Adaptive
Parallel Reasoning introduces explicit spawn and join operations so a model can distribute
search across parallel threads rather than serialize all exploration into one chain of thought.
On Countdown, this improves performance under fixed context and latency constraints
while scaling more effectively with additional test-time compute. ThreadWeaver then shows
that the idea transfers to strong reasoning models, matching the accuracy of a sequential
reinforcement-learning baseline while reducing critical-path token latency across mathematical
reasoning benchmarks.

Taken together, these contributions support the thesis that task decomposition is a way
to expose the structure that foundation models need in order to plan, verify, generate data,
allocate compute, and execute work in parallel. The specific methods differ across images,
videos, localized captioning, and reasoning, but their shared lesson is that capable Al systems
should not only predict outputs. Instead, they should organize their own computation around
the structure of the task.

9.2 Future Directions

The work in this thesis points to several future directions. First, language-guided visual
generation systems can be made more tightly integrated. The methods in this dissertation
use LLMs to provide layouts, corrections, or control signals, but future systems could jointly
reason over layout, appearance, physical constraints, and user feedback in a more unified
loop. This would be especially valuable for long-horizon video generation, interactive editing,
and creative tools where users refine a result over multiple turns.

Second, localized description systems can become stronger data engines for visual gen-
eration. Describe Anything suggests that region-level captions can bridge perception and
synthesis by turning images and videos into structured supervision. Future systems could use
such descriptions to train or evaluate layout-grounded image and video generators, bootstrap
rare object and attribute combinations, and support human-facing applications where detailed
visual descriptions are directly useful.

Third, adaptive parallel reasoning remains an open problem. The results in this thesis
show that language models can learn to use parallel structure and that such structure can
reduce latency, but future work should scale these ideas to harder domains, deeper nested
decompositions, and heterogeneous compute environments. A mature parallel reasoning
system should decide not only what to think about, but also when to branch, how much
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compute to allocate to each branch, when to stop unproductive paths, and how to merge
partial answers reliably.

Finally, task decomposition raises broader questions about how Al systems should be
designed. As models become more capable, the challenge is not simply to make larger
monolithic predictors, but to build systems that can organize their own computation. The
methods in this dissertation are steps toward Al systems that plan, specialize, verify, and
parallelize their work, making complex visual and reasoning tasks more controllable and more
efficient.
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Appendix A
LLM-grounded Diffusion

A.1 Preliminary introduction to latent diffusion models

The layout-to-image stage (i.e., the image generation stage) of our method LMD builds
on off-the-shelf text-to-image Stable Diffusion models, which is based on the latent diffusion
framework [13]. We present a preliminary introduction to the latent diffusion framework in
this section and define the key terms used in our work. We encourage the readers to check
[13] for a detailed explanation of the latent diffusion framework.

Latent diffusion models [13| are powerful generative models that learn the data distribution
of complex, high-resolution image datasets. Before training a latent diffusion model, [13] first
trains an image encoder that converts an image x into a vector z in the high-dimensional
latent space and a decoder that converts z back to a vector in the image space that is similar
to x in appearance. By training and sampling a diffusion model in the latent space, latent
diffusion lowers the cost of training and sampling from high-resolution diffusion models and
is widely used in text-to-image generation, with Stable Diffusion as a popular model based
on the latent diffusion framework. Our method improves the prompt understanding of Stable
Diffusion without adapting the weights.

During training, the latent diffusion framework first maps each training image, denoted
as Xo, into latent zy with the image encoder that is frozen during the diffusion training stage:

zo = Encode(xg) (A.1)

A timestep ¢ is sampled uniformly from {1,..., T}, where T is a hyperparameter.

Noise € is then sampled from a Gaussian distribution parameterized by timestep ¢ and
added to the latent zy to obtain noisy latent z;. A neural network with parameter # learns to
predict the added noise € for the forward process by minimizing the training objective:

L = [le — eq(ze,1)|[” (A.2)

The neural network described above often uses a variant of U-Net |76] architecture that
has attention layers [22], and thus is also referred to as the diffusion U-Net.
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At inference time, there are many sampling methods that allow the synthesis of samples
from a diffusion model trained in the fashion described above. The general intuition is to
go through a reverse process (also called denoising process) in which the diffusion model €y
iteratively predicts a noise vector €y(z,t) from z, and subtracts it to transform z; into a
sample z; ; that has less noise and is closer to the distribution of the training set, with ¢
initialized as T" and zr ~ N(0,I). The denoised sample z, resembles the clean data in the
latent space.

One can use DDPM [47] to perform sampling from a noise prediction model €g. DDPM
predicts the noise € for each of the T denoising steps and then obtains z; | from z; using
this formula:

Zi 1 = \/];I_t (Zt — 11—0:1569(Zt, t)) + 01€ (A3)
- Hi:l i
where €; ~ N(0,1), a; and o; are parameterized by a variance schedule {3; € (0,1)}L,
that controls the size of the denoising step.
Denoising diffusion implicit models (DDIM, Denoising diffusion implicit models [230]) are
a generalization to DDPM which allows sampling with fewer iterations. DDIM applies the
following update rule:

—v1- t
s = (A Tt
t

Note that DDIM shares the same training procedure with DDPM, which means we can
choose to perform DDIM or DDPM for a trained diffusion model. When oy is set to 0, which
is the case for our setting, the denoising becomes deterministic given zr. The results shown
in our work are obtained with DDIM with o; = 0, with other faster sampling methods such
as Dpm-solver++: Fast solver for guided sampling of diffusion probabilistic models [231] also
applicable to our method.

Since there are many sampling methods given a trained diffusion model that are applicable
in the latent diffusion framework, we denote the denoising process, such as the one in
Equation (A.3) and Equation (A.4), as

) + o€ (A.4)

Zi_1 < Denoise(z;) (A.5)

After getting the denoised sample zj, we then decode the image with an image decoder:

X = Decode(z) (A.6)

Text-conditional generation through cross-attention. The above formulation describes
the unconditional generation process of latent diffusion models. Models such as Stable
Diffusion take text as input and perform conditional generation. The difference between
conditional and unconditional generation process involves processing the input text into



130

text features, passing the feature tokens to diffusion U-Net, and performing classifier-free
guidance [232], which is described as follows.

Rather than only taking the noisy input x; and timestep ¢, the conditional diffusion
U-Net €y(z,t,79(y)) takes in an additional text condition y processed by a text encoder
79(-). The text encoder is a CLIP [233] text encoder in Stable Diffusion. After y is tokenized
by the tokenizer into discrete tokens, it is processed by a Transformer [22] to text features
79(y) € RP>dext where [ is the number of text tokens in y after tokenization and diey; is the
dimension of features.

The text features 74(y) are then processed by the cross-attention layers in the diffusion
U-Net so that the output of the U-Net can also change depending on the text. For simplicity,
we only consider one cross-attention head in this preliminary introduction and refer the
readers to High-resolution image synthesis with latent diffusion models [13] and Attention
is all you need [22] for details with the multi-head cross-attention used in the U-Net in the
latent diffusion framework.

Specifically, each cross-attention layer linearly maps the text features 75(y) into key and
value vectors k, v € Rt where dyy, is the attention dimension. Each cross-attention
layer also takes in the flattened 2D feature from the previous layer in the U-Net and linearly
maps the feature into a query vector q € R™*%stn where m is the dimension of the previous
flattened 2D image feature.

Then, a cross-attention map A is computed from the query q, key k, and value v vectors,
which describes the affinity from the image feature to the text token feature:

A, = Softmax(q.k,) (A7)

where q, and k, are linearly transformed image feature at spatial location u and text feature
at token index v in the prompt, respectively.
The attention map is then used for computing a weighted combination of the values v:

o =Y Auv, (A.8)

0 € R™*daun ig then linearly transformed to become the output of the cross-attention layer.
The residual connections and layer norms are omitted in this introduction for simplicity.

Samples are generated by classifier-free guidance to ensure alignment with text prompt y.
At training time, with a small probability, the input condition 7(y) is randomly replaced with
a learnable null token 7. At inference time, classifier-free guidance uses the following term
€9(x¢,t,79(y)) in place of the predicted noise €y(xy,t) in the update rule for unconditional
generation:

€o(x4,t,19(y)) = weg(xy, t,179(y)) + (1 — w)e€p(x4, t, 7o) (A.9)

where w is the strength of classifier-free guidance, set to 7.5 by default in Stable Diffusion.
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A.2 Pseudo-code for layout-grounded image generation

We present the pseudo-code for our layout-grounding stage (stage 2) in Algorithm 3. We
explain the functionality of the functions used in the pseudo-code:

1.

SampleGaussian samples i.i.d standard Gaussian as the initial noise for the latent
tensor.

. PromptForBox simply sets “/background prompt] with [box caption]” (e.g., “a realistic

image of an indoor scene with a gray cat”) as the denoising prompt.

. AttnControl performs backward guidance to minimize the energy function Equa-

tion (2.2) described in §2.3 to encourage the attention to the area within the box and

discourage the attention on area outside the box. The cross-attention maps Aﬁ") are
also returned in order to allow obtaining a mask for each box.

. Denoise denotes one denoising step by the diffusion model.

. TemporalAverage averages the cross-attention map across the timestep dimension.

SAMRefine refines the attention map by internally decoding the latent and refining
with SAM. If SAM is not enabled, we perform an attention thresholding instead.

ComposedPrompt composes the prompt for overall generation. We offer two options
for the overall prompt: using the original input prompt or composing the prompt
as “lbackground prompt| with [box caption 1], [box caption 2/, ...”. The former one
allows capturing the object as well as forground-background interactions that are not
captured in the layout. The latter allows captions in languages unsupported by the
diffusion model and stays robust when the caption is misleading (e.g., “neither of the
apples is red"). We use the latter by default but also allow the former for fine-grained

adjustments.

LatentCompose spatially composes each of the latents z(¥ with respect to the corre-
sponding mask m® | replacing the content of the destination latent on the masked
locations. As for the order of composition, we compose the masked latents with the
largest area after masking first.

. AttnTransfer performs backward guidance to minimize the energy function Equa-

tion (2.7) in §2.3 to encourage the attention in overall generation within the box to be
similar to the attention in per-box generation in addition to attention control.
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A.3 Additional features and use cases from
instruction-based scene specification

As shown in §2.3, LMD, equipped with instruction-based scene specification, allows the
user to apply follow-up instruction requests in addition to the initial prompt.

Furthermore, we demonstrate two additional use cases supported by instruction-based
scene specification in Fig. A.1 without additional training.

In Fig. A.1(a), instruction-based scene specification allows the users to try out different
adjustments on the same generation while preserving the overall image style and layout,
facilitating fine-grained content creation.

The LLM equipped in LMD can also respond to open-ended requests and present sug-
gestions for improving the scene. Moreover, different from instruction-based image editing
methods that only take one instruction without context, our instruction-based scene specifi-
cation parses the instruction in its context, allowing for more natural dialog with users. For
example, in Fig. A.1(b), our method can respond to instructions with phrases such as “What
are some objects that you can add to make it lively?”, “undo the last edit”, and “adding a
small pond instead”.

A.4 Additional ablation studies

Text-to-layout stage

Varying the LLM types. All LLMs in Tab. A.1 generate layouts that almost perfectly fol-
low the requirements in the prompts, indicating the bottleneck to be the layout-to-image stage.
gpt-4 shows improved results in layout and the subsequent image generation, compared to
gpt-3.5-turbo. The capability to generate high-quality layouts are not limited to proprietary
LLMs, with Llama2-based StableBeluga2 [10, 12, 43] and Mixtral-8x7B-Instruct-v0.1
[11] also able to perform text-to-layout generation in the stage 1. We believe that fine-tuning
these models will lead to even better performance in terms of text-to-layout generation.

Varying the LLM sizes. We also tested the ability of layout generation on LLMs of
different model sizes. As shown in Tab. A.2, larger LLMs offer much better layout generation
capabilities.

Layout-to-image stage

Varying w. w is the weight for balancing the loss term on the foreground and the term on
the background (Equation (2.2)). While we set w = 4 by default, we ablate this design choice.
As shown by the experimental results in Tab. A.3a, our method is relatively stable in terms
of hyperparameter selection. Moreover, even though we did not perform hyperparameter
search prior to determining our default hyperparameter value, our default hyperparameter
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Instruction-based Scene Specification:
Fine-grained Adjustments

LMD (Ours)

LMD (Ours) Change the white car to a
5 red car

/ R Followup Request
\ Change the black car to

A realistic photo of a road
scene with two cars. The |
car on the left is white. The| "
car on the right is black. |

Initial user request

a blue car

Followup Request

(a) LMD allows the users to try out different detailed adjustments while preserving the overall image style and
layout, enabling fine-grained content creation.

Instruction-based Scene Specification:
Open-ended Requests and Multi-round Context A small bird pecking

LMD (Ours) near the rock.
7 B A squirrel foraging
close to the rock.

L What are some objects A smal) .bond or
A real/f)tlgctﬁgotrc;gsfa rock that you can add to make | |water stream nearby,
grass. it lively? reflecting the sky.

R Initial user request R Followup Request 2 LLM Response
‘ ~ LMD (Ours) / ‘ LMD (Ours)
rws o F TIg . Ty
‘Q’ s Great. Please undo the - )
last edit and make the
Make it lively by adding . .
more relevant objects Scser,r::nllln;)ecl)};" Zyl :;:Z’g a
R Followup Request 1 R Followup Request 3

(b) The LLM used by LMD can perform open-ended scene adjustments, give suggestions, and understand user requests
based on the contexts over multiple rounds of user dialog.

Figure A.1: Additional features and use cases enabled by instruction-based scene
specification.

w = 4 already leads to the optimal performance among the hyperparameter values that we
searched in this ablation for both LMD and LMD-+.

Varying \. )\ is the weight for the attention transfer term in Equation (2.7). As shown in
Tab. A.3b, we found that setting A = 3 leads to better performance compared to our default
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Layout (Image) Accuracy

Stage 1 Model Average of 4 tasks
StableBeluga?2 96.5% (67.0%)
Mixtral-8x7B-Instruct-v0.1 98.3% (77.5%)
gpt-3.5-turbo 99.0% (80.5%)
gpt-4 100.0% (86.3%)

Table A.1: Ablations on different LLMs in stage 1. Although proprietary models such
as GPT-3.5 and GPT-4 perform the best, the ability to generate high-quality layouts is also
present in open-source models Stable beluga models, 2023 [10], Mixtral of experts [11], and
Llama 2: Open foundation and fine-tuned chat models, 2023 [12]. The image accuracy is
benchmarked using LMD+ as stage 2.

Layout Accuracy

Stage 1 Model Average of 4 tasks
StableBeluga-7B 59.3%
StableBeluga-13B 84.0%
StableBeluga2 (70B) 96.5%

Table A.2: Ablations on the LLM model size on StableBeluga Models [10] based
on Llama-2 [12] for layout generation (stage 1 only). Larger LLMs offer more accurate
layout generation compared to smaller LLMs.

hyperparameter setting with A = 2, which indicates that the performance of our method can
be further improved through hyperparameter tuning.

Ablation results on T2I-CompBench [6]. In addition to comparing our method with
the baseline method Stable Diffusion in Tab. 2.6, we further combine our text-to-layout stage
(stage 1) with other layout-to-image methods as stage 2 in this ablation, similar to Tab. 2.2.
The results are in Tab. A.4, with the results for the SD baseline from [6]. Our method
surpasses not only the base diffusion model SD but also several variants of our method that
combine our stage 1 with previous layout-to-image methods as stage 2, which shows the
effectiveness of our layout-grounded controller.
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Image Accuracy (Average of 4 tasks)
Method w=1w=2 w=414 w=2_8

LMD  72.3% 75.8% 76.5% 72.5%
LMD+ 79.8% 80.0% 80.5% 78.3%

(a) Ablations on hyperparameter w.

Image Accuracy (Average of 4 tasks)
Method A=0A=1A=2 A=3 A\=4

LMD  70.8% 75.0% 76.5% 77.3% 75.0%
LMD+ 79.3% 79.5% 80.5% 81.8% 78.8%

(b) Ablations on hyperparameter \.

Table A.3: Ablations on hyperparameter w and A. Our method is relatively stable in
terms of hyperparameter values w and A. While we did not perform hyperparameter search,
our default hyperparameter w = 4 allows optimal performance for both LMD and LMD-+-.
For the hyperparameter A, we found that setting A = 3 leads to better performance compared
to our default hyperparameter setting with A = 2, which indicates that the performance of
our method can be further improved through hyperparameter tuning. Underlined numbers
indicate performance with our default hyperparameter selection (w = 4, A = 2). Bold
numbers indicate the best performance among all the hyperparameters ablated.

A.5 Are the generated layouts distributed similarly to
the in-context examples?

Since our LLM takes a few in-context examples in our text-to-layout stage, it is possible
that the LLM prefers to generate samples that are similar to the in-context examples in terms
of spatial distribution. To test whether this is the case, we present the LLM with only one
in-context example and query it with a prompt that is similar to the example. The results
are shown in Fig. A.2. Even though each of the query prompts shares a similar form to the
corresponding in-context example, the LLM still generates layouts that are tailored to the
objects in the query prompt (e.g., the apple and the bears) rather than copying or mimicking
the layout boxes from the in-context examples. This qualitative analysis shows that even with
the in-context examples as references, the LLM often generates natural layouts according to
the prompts, relieving the users from heavy prompt engineering to prevent overly similar
layouts between the generation and the examples.
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Stage 1/Stage 2 Color  Shape Texture Spatial
SD 0.3765 0.3576  0.4156  0.1246
LMD /MultiDiffusion 0.4631 0.4497  0.4007  0.1604
LMD /Backward Guidance 0.4877 0.5069  0.4643  0.2361
LMD /Boxdiff 0.4579  0.4967  0.4720  0.1965
LMD/LMD (Ours) 0.5495 0.5462 0.5241 0.2570

Table A.4: Our method surpasses the base diffusion model SD as well as several variants of

our method that combines our stage 1 with previous layout-to-image methods as stage 2 on
T2I-CompBench [6].

A forest A realistic scene

The only in-context

example with prompt “4 oo Generated layout for
A panda panda in a forest without prompt “An apple
flowers”

A realistic outdoor scene

with snow A realistic scene

The only in-context
A | example with prompt “4

A skier . palm
A skier A skier tree

Generated layout for
realistic scene of three Abear | APe Avear | prompt “A realistic
skiers standing in a line on scene of three bears”

the snow near a palm tree”

Figure A.2: The generated layouts are not necessarily similar to the in-context
examples in terms of the spatial distribution of boxes. We present the LLM with
only one in-context example and query it with a prompt that is similar to the example. Top:
While the query and the example shares a similar structure (only one object), the LLM
generates a box for “an apple” that is very different from “a panda” in terms of the size
and position. Bottom: The LLM does not simply copy boxes for the three skiers in the
in-context example to generate the boxes for three bears.
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(a) Stable Diffusion  (b) LMD (Ours) (a) Stable Diffusion

(b) LMD (Ours)
Attribute Binding 3 -

Negation
... @a wooden table
without bananas

Generative Numeracy

... aman in red
standing next to
another woman

in blue

R

Spatial Relationships

... 3 apples arranged
in an L-shape
on a wooden table

A watercolor painting
... 3cats on
the grass

Figure A.3: We also generate images with the same text prompts as Fig. 2.1 with
SDv1.5 and LMD on SDv1.5. We observe similar results which show that while Stable
Diffusion [13] (a) often struggles to accurately follow several types of complex prompts,
our method LMD (b) achieves enhanced prompt understanding capabilities and accurately
follows these types of prompts.

A.6 Additional visualizations

We also present Fig. A.3, which includes a qualitative comparison with Stable Diffusion
v1.5 (abbreviated as SDv1) and shares the prompts with Fig. 2.1.

A.7 Benchmarking VisualChatGPT and GILL for
multi-round instruction-based scene specification

VisualChatGPT [2] and GILL [3] involve LLM in their image generation pipelines and
thus could potentially take instructions from multiple rounds of dialog for image generation.
Therefore, in addition to the qualitative benchmark in Fig. 2.8, we also benchmark both
methods for multi-round scene specification. As shown in Fig. A.4, the generated images
quickly degrade starting from the second iteration, showing that neither method is able
to take instructions from multiple rounds of dialog for image generation. In contrast, our
method is able to handle several rounds of sequential requests on image generation without
generation degradation, shown in Fig. 2.6.

A.8 Details for SDXL integration

Thanks to the training-free nature of our work, our method is applicable to various
diffusion models without additional training. Therefore, we also apply our method on SDXL
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1.0 [1], the latest stable diffusion model which has a 3x larger U-Net module compared to
previous stable diffusion models [13].

It is straightforward to apply the LMD pipeline directly to SDXL UNet, which has a
very similar procedure to applying the LMD pipeline to SD v1/v2. This approach only
requires marginal modifications of the LMD pipeline: different from SD v1/v2 that use
only one text encoder for encoding the prompts, SDXL involves two text encoders for text
feature generation, and the attention control proposed in LMD needs to be applied to the
cross-attention with both text encoders taken into account. The rest follows from the standard
LMD pipeline.

Inspired by methods such as Hierarchical text-conditional image generation with clip
latents [17]| that generate low resolution images and then upsample the generation to the
target resolution, an alternative approach is to perform denoising with the standard LMD
with a standard SDv1/v2 resolution (i.e., 512 x 512) and then perform upsampling with
SDXL refiner for a few steps to the intended resolution (e.g., 1024 x 1024). Since most of
the generation still happens in the standard resolution latent space, with the SDXL only
involved a limited number of steps for high-resolution latents, this approach is more efficient
compared to the former approach. We compare the generation for the same scene with SDXL
baseline and both approaches in Fig. A.5. Both approaches present much better prompt
following ability compared to SDXL baseline. We observe similar generation quality on both
approaches. Therefore, we use the latter approach by default.

For Fig. 2.1 and Fig. 2.7, we use SDXL 1.0 as the base model of LMD and compare
against SDXL as a strong baseline. For all other settings, including the qualitative evaluation
setting, we use Stable Diffusion v1.5 (denoted as SDv1) unless stated otherwise. For fair
comparison with 2] and [3] that only use Stable Diffusion v1.5, we also generate images for
the same set of prompts of Fig. 2.1 with Stable Diffusion v1.5 in Fig. A.3.

A.9 Generating images from languages not supported by
the underlying diffusion model

As shown in Fig. A.6, by asking the LLM to always output layouts in English even if the
prompt is non-English (e.g., Korean or Chinese as in Fig. A.6) and providing an in-context
example of non-English input and English layout, LMD is able to generate images from
prompts in languages not supported by the underlying diffusion model. We simply translate
the prompt input of the last in-context example to non-English, while keeping the output in
this example in English. No adaptation is needed on the diffusion model since the underlying
diffusion model still takes in an English layout as input.



139

A.10 Details for text-to-image benchmarks

We pick 10 common object types from the COCO dataset [35] for generation!.

For negation and generative numeracy task, each prompt requires the model to generate a
layout of a scene with some number of a certain object or without a certain object. Then we
count the number of objects and consider the layout to be correct if the number of the object
of that particular type matches the one in the prompt, with the number ranging from 1 to 5.

The objective for each prompt in the attribute binding task is to generate an object of a
color and another object of another color, for which the evaluation is similar to other tasks.

For the spatial relationship task, we generate an object at a certain location and another
object at an opposite location (left/right and top/bottom). We then check the spatial
coordinates of the boxes to ensure the layout exactly matches the prompt. In each task, we
generate 100 text prompts, with 400 text prompts in total.

Prompts. For the negation benchmark, we use the prompt A realistic photo of a scene
without [object name].

For generative numeracy, we use the prompt A realistic photo of a scene with [number/
[object name].

For attribute assignment, we use the prompt A realistic photo of a scene with [modifier
1] [object name 1] and [modifier 2] [object name 2], where the two modifiers are randomly
chosen from a list of colors (red, orange, yellow, green, blue, purple, pink, brown, black, white,
and gray).

For the spatial relationship benchmark, we use the prompt A realistic photo of a scene

with [object name 1] on the [location] and [modifier 2] [object name2] on the [opposite location],
where the location is chosen from left, right, top, and bottom.
Implementation details. For LMD, we use Stable Diffusion v1.5 by default. For LMD+, we
use GLIGEN [5] model without additional training or adaptation. We selected the GLIGEN
[5] model trained based on Stable Diffusion v1.4, which is the latest at the time of writing.
We use n =5, A = 2.0, r = 0.4, guidance scale 7.5. The energy minimization is repeated 5
times for each denoising timestep and linearly decreases for every five denoising steps until
the repetition is reduced to 1, and we do not perform guidance after 30 steps. k in the Topk(-)
in Equation (2.2) is set to 20% of the area of the mask for each mask. The background part
(second term) of Equation (2.2) is weighted by w = 4.0. We run the denoising process with
50 steps by default. We only perform latent compose in the first half of the denoising process
(first 25 steps). The qualitative visualizations/quantitative comparisons are generated by
LMD+ /LMD, respectively, by default unless stated otherwise.

A.11 Our LLM prompt

Our LLM prompt is listed in Tab. A.5. Our in-context examples are listed in Tab. A.6.

'Backpack, book, bottle, bowl, car, cat, chair, cup, dog, and laptop.
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Algorithm 3 Layout-grounded image generation.

Input: A set of captioned bounding boxes {(b®, y™)}¥ = Background caption y("®).
Output: Image xg.

—_ =
— O

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24

zr < SampleGaussian(0,I)
Per-box masked latent generation:
for each captioned box (b®,y®) do
zgf) <— Zr
y®) < PromptForBox(y®, y (&)
fort < T to 1 do
7" A(Z — AttnControl(z Dy, b))
)

z§21 — Den01se( )y

end for
AW TemporalAverage(Agl))
m) ¢« SAMRefine(A®, z ) zy’) (Optional: This could be replaced with an attention

thresholding instead.)
(%) “ ZE Y @ m®

end for
Composed image generation:
zgﬁomp) — Zr
y ¢ ComposedPrompt((y®)Y  y(®e)
for t < 7T to 1 do

if t > rT then

zicomp) — LatentCompose(zft omp) A() ,m®) Vi
2\ AttnTransfer(z, (comp) yComp (A( V)
end if
zic_olmp) — Denoise(zgcomp),y(comp))
end for

Xo < Decode(z (Comp))
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(a) VisualChatGPT Swapthe apple and the pear 1 (b) GILL Swap the apple and the pear
(Baseline) (Baseline)

I have generated an image with the apple and pear swapped. Swap the apple and the pear
‘The image file name is 2

© & GILL Chatbot
Visual ChatGPT

CaTerete a ENRGoT s op oW VoW of & ecdah it Generate an image of a top-down view of a wooden table

1have generated an image of a top-down view of a wooden
table. The image file name s image/foac_replace-something 4264_dab30d17,png:

(Generated)

Remove the pear Remove the pear

Ihave removed the pear from the image. The image file
nameis

Remove the apple

(Generated)
image/dab30d17png.
Place an apple on the left Place an apple on the left e B[I'?:
1 have generated an image with an apple placed on the left image/39aa_replace-something.foac._dab30d17.png. Place an apple on the right P

side. The image file nameis

Move the apple to the center

Move the apple to the center

1 have moved the apple to the center of the image. The image
file name is

Move the pear

(Generated)

MURE THALD 15 RERR BOTEET TH
SASRD.0 WRRIED BATRY

image/1061_canny2image_dab30d17_dab30d17.png.

Place a pear on the right Place a pear on the right

image/51fc_replace-something 39aa_dab30d17.png.

I have generated an image with a pear placed on the right Place a pear on the left

(Generated)
side. The image file name is:
Make the apple green
Make the apple green
I have generated an image with the apple in the center and
made it green. The image file nameiis
Make the apple red
(Generated)
image/e0c7._canny2image_1061_dab30d17.png.
Make both fruits larger Make both fruits larger

image/1901_pix2pix_S1fc_dab30d17.png.

1 have generated an image with both fruits larger. The image Make both fruits smaller

=4

(Generated)
file nameis
Nevermind, make the apple red again

1 have generated an image with the apple in the center and Nevermind, make the apple red again

made it red. The image file name is L f 4
= MJ =

(Retrieved)

Nevermind

"BUGIS § BULD EUARER. TM A
RANEYS NANIER FNER

4

image/4264_canny2image_e0c7_dab30d17,png.

(CD nversation continues image/7765_replace-something_1901_dab30d17.png. (conversatton continues N A NERRIETI
on the rlgh[) on the rlght) PN MASILCALTIEY NE U
(Generated)

Figure A.4: VisualChatGPT [2] and GILL [3] generally cannot handle more than one round
of image generation requests, with the generated image degraded starting from the second
request. In contrast, our method is able to handle several rounds of sequential requests on
image generation without generation degradation, shown in Fig. 2.6.
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(a) SDXL Baseline (b) Applying LMD directly on SDXL (c) Applying LMD on SD in low-res and
refine with SDXL in high-res

Figure A.5: LMD can be easily applied on the latest stable diffusion model
SDXL [1]. We compare generated images from text prompt “A realistic photo of a gray
cat and an orange dog on the grass”. (a) directly generates the image from the text
prompt. SDXL does not accurately generate the image from the prompt, showing that simply
scaling the diffusion model does not necessarily lead to improved prompt following ability. (b)
Thanks to our method being training-free, our method can be directly applied on SDXL
without additional training. (c) An alternative way to integrate our method with SDXL is
to use our method to generate low-resolution images with SD and then refine the image in
high-resolution in SDXL. Since most denoising is completed in low-resolution latents, this
approach is more efficient.

Supporting More Stable Diffusion Supporting More Stable Diffusion
Prompt Languages Prompt Languages —_—

E'I-H’é
EFARSH

— I ERGRIKFEE, — TR
FrERE—RKE

(Translation: A watercolor
painting of an indoor

BHO| {3k 2210f 2p0|
|7 EfRF 210 201 Rl =2
SYLICh

(Translation: A watercolor
painting of an indoor

scene with a plate of scene with a plate of X
fruits placed on a table.)* fruits placed on a table.)
1, 7 ‘L—

R

* The translation is not part of
the input to our method.

* The translation is not part of
the input to our method.

Figure A.6: By asking the LLM to always output layouts in English, LMD is naturally able
to generate images from prompts in languages not supported by the underlying
diffusion model.
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I You are an intelligent bounding box generator. I will provide you with a caption
for a photo, image, or painting. Your task is to generate the bounding boxes
for the objects mentioned in the caption, along with a background prompt
describing the scene. The images are of size 512x512. The top-left corner has
coordinate [0, O]. The bottom-right corner has coordinnate [512, 512]. The
bounding boxes should not overlap or go beyond the image boundaries. Each
bounding box should be in the format of (object name, [top-left x coordinate,
top-left y coordinate, box width, box height]) and should not include more than

one object. Do not put objects that are already provided in the bounding boxes

into the background prompt. Do not include non-existing or excluded objects in
the background prompt. Use "A realistic scene" as the background prompt if no
background is given in the prompt. If needed, you can make reasonable guesses.
Please refer to the example below for the desired format.

[In-context Examples]

SNV V)

5 Caption: [User Prompt]
6 Objects:

Table A.5: Our full prompt to the LLM for layout generation. LLM starts completion from
“Objects:”.
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Caption: A realistic image of landscape scene depicting a green car parking on the
left of a blue truck, with a red air balloon and a bird in the sky

Objects: [('a green car', [21, 281, 211, 159]), ('a blue truck', [269, 283, 209,
160]), ('a red air balloon', [66, 8, 145, 135]), ('a bird', [296, 42, 143,
1001)1

Background prompt: A realistic landscape scene

Negative prompt:

Caption: A realistic top-down view of a wooden table with two apples on it

Objects: [('a wooden table', [20, 148, 472, 216]), ('an apple', [150, 226, 100,
100]), ('an apple', [280, 226, 100, 100])]

Background prompt: A realistic top-down view

Negative prompt:

Caption: A realistic scene of three skiers standing in a line on the snow near a
palm tree

Objects: [('a skier', [5, 152, 139, 168]), ('a skier',6 [278, 192, 121, 158]), ('a
skier', [148, 173, 124, 155]), ('a palm tree', [404, 105, 103, 251])]

Background prompt: A realistic outdoor scene with snow

Negative prompt:

Caption: An o0il painting of a pink dolphin jumping on the left of a steam boat on
the sea

Objects: [('a steam boat', [232, 225, 257, 149]), ('a jumping pink dolphin', [21,
249, 189, 1231)]

Background prompt: An oil painting of the sea

Negative prompt:

Caption: A cute cat and an angry dog without birds

Objects: [('a cute cat', [61, 67, 271, 324]), ('an angry dog', [302, 119, 211,
228]1) 1]

Background prompt: A realistic scene

Negative prompt: birds

Caption: Two pandas in a forest without flowers

Objects: [('a panda', [30, 171, 212, 226]), ('a panda', [264, 173, 222, 221])]
Background prompt: A forest

Negative prompt: flowers

Caption: An o0il painting of a living room scene without chairs with a painting
mounted on the wall, a cabinet below the painting, and two flower vases on the
cabinet

Objects: [('a painting', [88, 85, 335, 203]), ('a cabinet', [567, 308, 404, 201]),
('a flower vase', [166, 222, 92, 108]), ('a flower vase',6 [328, 222, 92, 108])]

Background prompt: An o0il painting of a living room scene

Negative prompt: chairs

Table A.6: Our in-context examples. We use fixed in-context examples for layout generation.
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Appendix B
LLM-grounded Video Diffusion

B.1 Reasoning Statements from GPT-4

As described in §3.3, we ask the model to output a reasoning statement for interpretability.
We present examples of the reasoning statements for DSL generation in Tab. B.1. The
corresponding DSLs and generated videos are presented in Fig. 3.4, Fig. 3.1, and Fig. 3.5.
The first three statements are from ChatGPT web interface. The last four statements are
from OpenAl API. All statements are from GPT-4.

These statements provide useful insights about why GPT-4 generates these DSLs in
specific ways. For example, the first reasoning statement indicates that GPT-4 takes the
flying pattern of birds into account. The second statement shows that GPT-4 applys the
buoyancy for the wooden barrel. GPT-4 also considers the reaction of the cat in the third
statement. For the fourth statement, GPT-4 demonstrates its understanding that the rock,
unlike the ball provided in the in-context example, does not bounce (note that our y-coordinate
is top-to-bottom as introduced in the text instructions, so it is correct that the y-coordinate
increases).

Interestingly, we observe that GPT-4 with ChatGPT web interface often outputs longer
reasoning statements compared to GPT-4 called with APIs. We hypothesize that GPT-4
used in ChatGPT interface has prompts encouraging more explanations rather than following
the patterns in the examples.

B.2 Additional Qualitative Visualizations

We present additional qualitative visualizations of LVD in Fig. B.1.

Handling ambiguous prompts. As shown in Fig. B.1(a), our LVD can successfully
generate videos for “a walking dog”, which is a prompt that has ambiguity, as the walking
direction of the dog is not given. Despite the missing information, the LLM is still able to
make a reasonable guess for the walking direction in DSL generation, leading to reasonable
video generation. Furthermore, this assumption is included in the reasoning statement:
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Table B.1: Reasoning statements from GPT-4.

Query Prompt LLM Reasoning statements

A bird is flying from the left to A bird flying from left to right will have its x-coordinate

the right steadily increasing. Birds tend to fly in a somewhat leveled
manner, but they can have slight vertical movements (up and
down) due to flapping or gliding. Given the short timeframe
of six frames, we’ll assume the bird has a slight upward
movement initially and then a glide downward, reflecting a
flap-glide pattern typical for many birds.

A wooden barrel is drifting on a A wooden barrel drifting on a river will follow the flow

river direction, typically moving from left to right or right to
left. The barrel, being buoyant, will remain on the surface
and will be subjected to the river’s currents. As such, the
x-coordinate of the barrel will change, indicating its drift,
but its y-coordinate will remain largely consistent since it
is floating on the surface. For simplicity, let’s assume the
river flows from left to right.

A raccoon is walking towards a The raccoon starts from one side and moves closer to the

cat cat. As both the raccoon and the cat are made larger,
their bounding boxes will be more extensive. The raccoon’s
x-coordinate should increase and it should get closer to
the x-coordinate of the cat. The cat might be stationary
at first, but as the raccoon approaches, it might move
backward a bit due to its natural instinct to maintain a
distance. Both the raccoon and the cat will have a constant
y-coordinate because they are on the same ground level.

A rock is thrown out from the A rock is thrown from the right, so its x-coordinate should

right decrease. Due to gravity, its y-coordinate should increase,
and the speed should be faster in later frames until it hits
the ground. Unlike a ball, a rock does not bounce back when
it hits the ground.

A car viewed from the side is driv- As the car is driving forward, its x-coordinate should

ing forward increase over time. The y-coordinate should remain constant
as the car is moving on a flat surface. The size of the car
should remain constant as it is viewed from the side.

A car viewed from the top is driv- The car is moving forward, so its y-coordinate should

ing forward decrease. The x-coordinate should remain the same as there
is no lateral movement. The car’s size remains the same as
the camera is stationary.

A car viewed from its back is driv- As the car is driving forward and the camera is viewing from
ing forward the back, the car will appear to get smaller as it moves
awvay from the camera. The x-coordinate and y-coordinate will
remain the same, but the width and height of the bounding box
will decrease to represent the car moving away.
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Reasoning: A dog walking would have a smooth, continuous motion across
the frame. Assuming it is walking from left to right, its x-coordinate
should gradually increase. The dog’s y-coordinate should remain
relatively consistent, with minor fluctuations to represent the natural
motion of walking. The size of the bounding box should remain constant
since the dog’s size doesn’t change.

This explicitly indicates that the LLM can detect the missing information and make
reasonable assumptions for generation.

Handling overlapping boxes. Our DSL-to-video stage can process highly overlapping
boxes. In addition to video frames, we also show the dynamic scene layouts generated by the
LLM in dashed boxes (white for the raccoon and blue for the barrel) in Fig. B.1(b). Although
the box of the raccoon overlaps about half of the barrel, the generation of the raccoon on the
barrel is still realistic and the motion still makes sense.

Handling dynamic background. ModelScope often prefers to generate a background
with little motion. Although this preference is inherited by our training-free method, our
model still works when asked to generate a background that changes significantly. For
example, in Fig. B.1(c) we query the model to generate a brown bear taking a shower in a
lake when the lightning strikes, and our method generates both successfully, with significant
variations on the background. Note that the model generates the effect of rain when only
lightning is mentioned in the prompt, which is a reasonable assumption inherited from our
base model.

B.3 Owur Prompts and In-context Examples for DSL
Generation

Tab. B.5 presents the prompts that we use for DSL generation in the quantitative
evaluation. To generate DSLs, we replace the “User Text Prompt for DSL Generation”
in the template with the text query that we would like to generate DSLs from and pass
the prompt to an LLM. We use the chat completion API' for both GPT-3.5 and GPT-4.
For API calls, line 1-3 are assigned with role “system”. Each caption line in the in-context
examples and user query are assigned with role “user”. The example outputs are assigned
with role “assistant”. The final “Reasoning” line is omitted. For querying through ChatGPT
web interface 2, we do not distinguish the roles of different lines. Instead, we merge all the
lines into one message. The benchmarks are conducted by querying the LLMs through the
API calls. The visualizations in Fig. 3.1 are conducted by querying the GPT-4 through the
ChatGPT web interface (with horizontal videos generated by Zeroscope®, a model fine-tuned
from ModelScope optimized for horizontal video generation).

https://platform.openai.com/docs/guides/gpt/chat-completions-api
’https://chat.openai.com/
3https://huggingface.co/cerspense/zeroscope_v2_576w


https://platform.openai.com/docs/guides/gpt/chat-completions-api
https://chat.openai.com/
https://huggingface.co/cerspense/zeroscope_v2_576w
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(c) A brown bear is taking a shower in a lake, lightning strikes

Figure B.1: Additional visualizations of LVD. (a) Given a prompt that has ambiguity (the
walking direction of the dog is not given), LLM is still able to make a reasonable guess and
often includes the assumption in the reasoning statement, leading to reasonable generation.
(b) Our DSL-to-video stage is able to process highly overlapping boxes (outlined in the
dashed boxes): the box of the raccoon overlaps about half of the barrel, yet the generation
of the raccoon on the barrel is still realistic and not abrupt. (c¢) Although our base video
diffusion model ModelScope often generates static background, which is inherited by our
training-free method, our model still works when asked to generate background that changes
significantly such as lightning and raining. Note that the model generates raining when only
lightning is mentioned in the prompt, which is a reasonable assumption.

B.4 Details about Our Setup and Benchmarks

Setup. Since our method is training-free, we introduce our inference setup in this section.
For DSL-grounded video generation, we use DPMSolverMultiStep scheduler [231, 234] to
denoise 40 steps for each generation. We use the same hyperparams as the baselines, except
that we employ DSL guidance. For ModelScope [7], we generate videos of 16 frames. For
qualitative assessment in our benchmarks, we generate videos with resolution of both 256 x 256
and 512 x 512 for comprehensive comparisons. For FVD evaluation, we generate videos with
resolution 256 x 256, following our baseline. For evaluator-based assessment, we generate
videos with resolution 512 x 512 with only Fi.px. For Zeroscope examples in visualizations, we
generate 576 x 320 videos of 24 frames. For DSL guidance, we scale our energy function by a
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factor of 5. We perform DSL guidance 5 times per step only in the first 10 steps to allow the
model to freely adjust the details generated in the later steps. We apply a background weight
of 4.0 and a foreground weight of 1.0 to each of the terms in the energy function, respectively.
The k in Topk was selected by counting 75% of the positions in the foreground/background
in the corresponding term, inspired by previous work for image generation [16]. Ecom is
weighted by 0.03 and added to Eipi to form the final energy function E. The energy terms
for each object, frame, and cross-attention layers are averaged. The “learning rate” for the
gradient descent follows y/1 — &, for each denoising step ¢, where the notations are introduced
in [48].

Proposed benchmark. To evaluate the alignment of the generated DSLs and videos
with text prompts, we propose a benchmark comprising five tasks: generative numeracy,
attribute binding, visibility, spatial dynamics, and sequential actions. Each task contains
100 programmatically generated prompts that can be verified given DSL generations or
detected bounding boxes using a rule-based metric, with 500 text prompts in total. We then
generate 2 videos for each text prompt, resulting in 1000 videos generated. For LLM-grounded
experiments, we generate one layout per prompt and generate two videos per layout.

The generative numeracy prompts are generated from template A realistic lively video of
a scene with [number| [object type[, where object types are sampled from [‘car’, ’cat’, ’bird’,
ball’, “dog’].

The attribute binding prompts are generated from template A realistic lively video of a
scene with a [colorl] [object typel] and a [color2] [object type2] where colors are sampled
from ['red’, ‘orange’, 'yellow’, ‘green’, 'blue’, 'purple’, ‘pink’, ‘brown’, 'black’, "white’, ‘gray’|.

The visibility prompts are generated from template A realistic lively video of a scene in
which a [object type| appears only in the [first/second] half of the video.

The spatial dynamics prompts are generated from template A realistic lively video of
a scene with a [object type] moving from the [left/right] to the [right/left] and template A
realistic lively video of a scene with a [object typel] moving from the [left/right] of a [object
type2| to its [right/left].

The sequential actions prompts are generated from template A realistic lively video of a
scene in which a [object typel] initially on the [locationl] of the scene. It first moves to the
[location2] of the scene and then moves to the [location3] of the scene. The three locations
are sampled from [(“lower left’, “lower right’, upper right’), (‘lower left’, "upper left’, "upper
right’), (‘lower right’, ‘lower left’, "upper left’), (‘lower right’, "upper right’, "upper left’)].

UCF-101 and MSR-VTT benchmarks. For UCF-101, we generate 10k videos, each of
16 frames and 256 x 256 resolution, with either the baseline or our method and using captions
randomly sampled from UCF-101 data, and evaluate FVD between the 10k generated videos
and videos in UCF-101 following [53, 52|. We first generate a template prompt for each class,
use LLM to generate multiple sets of layouts for each prompt so that there are in total 10k
video layouts from all the prompts following the class distribution of the training set. We
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then calculate the FVD score with the training set of UCF-101. The video resolution is
256 x 256 and each video contains 16 frames. For evaluation on MSR-VTT, we use LLM to
generate layout for each caption of each video in the test set, which contains 2990 videos. We
then randomly select 2048 layouts, generate videos for each layout, and calculate the FVD
score with the test set videos.

B.5 Failure Cases

As shown in Fig. B.3 (left), the base model 7] does not generate high-quality cartoons
for “an apple moving from the left to the right”, with the apples in weird shapes as well as
random textures in the background. Although our model is able guide the motion of the
apple generation with DSL-guidance, shown in Fig. B.3 (right), our model still inherits the
other problems that are present in the baseline generation. Techniques that can be used for
enhancing the ability for domain-specific generation such as performing LoRA fine-tuning
[36] on the diffusion models may alleviate such issues. Since the scope of this work does not
include fine-tuning diffusion models for higher quality generation, we leave the investigation
to future work.

Another failure case is shown in Fig. B.4, in which the DSL grounding process actually
minimizes the energy function in an unexpected way. Instead of moving the barrel to the
right in order to render the drifting effect, the model attempts to hide the barrel on the left
with leaves and pop a barrel up from the water to reach the desired energy minimization
effect in the DSL grounding process. Reducing the ambiguity caused by cross-attention-based
control is needed to resolve this problem. We leave its investigation as a future direction.

We also show a failure case of LLM generating DSLs. From
Table 3.1 we show taht DSLs generated by GPT4 have 100%
accuracy in all categories except for sequential movements. This — =
means LLM can still fail when generating layouts for long-horizon Frame 1 ——> Frame
dynamics. Here we show a failure case in Figure B.2. The prompt
is A ball first moves from lower left to upper left of the scene, then
moves to upper right of the scene. We can see that instead of T_b —L U
moving to top left, the generated box only moves to slightly above
the middle of the frame box, which is inconsistent with the prompt. é A ball
Since LLM queries are independent, we found that this accounts for
most of the fluctuations in the performance in our layout generation
stage.

Figure B.2: Failure case
of LLM-generated DSL.
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Baseline (Modelscope)

Figure B.3: One failure case: A cartoon of an apple moving from the left to the right. Since
LVD is training-free, it does not improve the quality on domains/styles that the base model
is not good at. Although LVD correctly generates a video that is aligned with the prompt,
neither the baseline or LVD generates background that fits the apple in the foreground.

LVD (Ours) |

Figure B.4: Another failure case: A wooden barrel is drifting on a river. Since LVD
controls the cross-attention map between the image and the text, the DSL guidance sometimes
leads to undesirable generations during the energy minimization process. In this failure case,
the model attempts to hide the barrel on the left with leaves and pop a barrel up from the
water to reach the desired energy minimization effect, while the DSL means to move the
barrel to the right.

B.6 Additional qualitative
results with higher video resolution

We also present additional results on our proposed benchmark
in Tab. B.2 with resolution 512 x 512. We found that as the resolution increases, the
performance gaps between our method and baselines are more significant, which is likely
because it is easier to control the motion with high-resolution latents and the detection boxes
are more accurate and have lower levels of noise in evaluation. Our full method, with Egow,
surpasses the baseline without guidance by a large margin. We also ablated other choices of
energy functions, and show that E.,0, proposed in [15], leads to degradation in performance.
Adding Feomer proposed in [16] leads to similar performance in terms of text-video alignment.
Since different types of energy terms are involved, we also experimented with giving more
weights to Feomer. However, the performance fluctuates between 59.2% and 60.9%, as we
give 1x to 10x more weights to Feomer. We hypothesize that the spatial normalization term
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Table B.2: Additional results and ablations on videos of higher resolution. Generated
videos are of 512 x 512. { indicates unnormed corner energy function.

Eiopk Fratio Ecorner Ecom Numeracy Attribution Visibility Dynamics Sequential Average

No guidance X X X X 8% 66% 2% 19% 0%  18.6%
With only Eratio X X X 29% 75% 13% 49% 23% 37.5%
With Eeorner X X 64% 94% 47% 66% 36%  60.9%
With Elomer X X 17% 86% 10% 36% 5% 30.6%
With only Eropk X X X 62% 92% 48% 65% 32%  59.6%
With Ecom X X 56% 92% 62% 5% 52%  67.2%

in Feomer leads to its insignificant change in performance, and thus we also implemented a
version of the E.ome that removed the spatial normalization. However, we observe that this
significantly degrades the text-video alignment compared to using only Eiqpx.

B.7 Additional ablation experiments

Ablations on the LLM-grounded DSL generation stage

In-context examples. We test prompts with 1, 3, and 5 in-context examples. We first
test the performance of the LLM-grounded DSL generator with each of the 3 in-context
examples that we composed. As shown in Tab. B.3, we find that GPT-4 could still generate
high-quality DSLs with only 1 in-context example, despite slightly degraded performance and
increased performance fluctuation. However, for GPT-3.5, we observe instabilities that two
of three runs could not finish the whole benchmark within three attempts for each prompt,
mainly because they are not able to generate DSLs that can be parsed (e.g., some DSLs do
not have boxes for all the frames). Therefore, we still recommend at least three examples.
Furthermore, we composed two additional in-context examples and evaluated the quality of
the DSLs with 1) 3 randomly chosen DSLs from the 5 DSLs, and 2) all 5 DSLs as in-context
examples. We find that our method is stable with different sets of in-context examples when
3 examples are given. In addition, we did not find additional benefits from adding more DSLs.
We therefore keep 3 DSLs as our default choice.

Ablations on the DSL-grounded video generation stage

DSL guidance steps. We test 1, 3, 5, and 7 steps of DSL guidance between denoising
steps, respectively. The results are shown in Tab. B.4. We can see that the average accuracy
improves when adding more DSL guidance steps from 1 to 5 steps, and the performance
plateaus when we use more than 5 steps. This means 5 steps is enough and probably the
best choice considering the trade-off between performance and efficiency. We therefore use 5
DSL guidance steps.



153

Table B.3: Ablations on the number of in-context examples. We found that 3 in-
context examples are sufficient for stable performance. {: We observe instabilities when we

only use one example with GPT-3.5, where two of the three runs could not finish due to
invalid DSLs generated.

Number of in-context examples 1 3 (default) 5

DSL evaluation accuracy (GPT-4) 96.2%+1.9%" 97.3%40.6% 96.6%

Table B.4: Ablations on the number of DSL guidance steps between two denoising

steps in LVD. We use 5 DSL guidance steps as the performance saturates with more DSL
guidance steps.

DSL guidance steps 1 3 5 (default) 7

Detection-based evaluation accuracy 35.3% 46.9%  49.4%  49.4%
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Table B.5: Our prompt for DSL generation. When using API calls, line 1-3 presented to
GPT-4 with role “system”. Each caption line in the in-context examples and user query are
assigned with role “user”. The example outputs are assigned with role “assistant”. These lines
are merged into one message when querying GPT-4 through the ChatGPT web interface.

You are an intelligent bounding box generator for videos. You don't need to
generate the videos themselves but need to generate the bounding boxes. I will
provide you with a caption for a video with six frames, with two frames per
second. Your task is to generate a list of realistic bounding boxes for the
objects mentioned in the caption for each frame as well as a background keyword

The video frames are of size 512x512. The top-left corner has coordinates [0,
0]. The bottom-right corner has coordinates [512, 512]. The bounding boxes
should not overlap or go beyond the frame boundaries.

Each frame should be represented as ~[{'id': unique object identifier incrementing
from O, 'mame': object name, 'box': [box top-left x-coordinate, box top-left y
-coordinate, box width, box heightl}, ...] . Each box should not include more

than one object. Your generated frames must encapsulate the whole scenario
depicted by the caption. Assume objects move and interact based on real-world
physics, considering aspects such as gravity and elasticity. Assume the camera
follows perspective geometry. Boxes for an object should have the same id
across the frames, even if the object may disappear and reappear. If needed,
you can make reasonable guesses. Provide a concise reasoning statement that is
not longer than a few sentences before each generation. Refer to the examples
below for the desired format. Never use markdown or other formats not in the
examples. Do not start each frame with “-". Do not include any comments in your
response.

[In-context examples]

Caption: {User Text Prompt for DSL Generation}
Reasoning:
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Table B.6: Our in-context examples for DSL generation. We use these three in-context

examples that we use throughout our work unless stated otherwise.

Caption:
in a room
Reasoning:

his x-coordinate should be large,

Frame 1: [{'id': O, 'mname':
'name ': 'jumping man'

Frame 2: [{'id': O, 'mame':
1, 'name': 'jumping man'
Frame 3: [{'id': 0O, 'mame':
1, 'mame': 'jumping man'
Frame 4: [{'id': O, 'mame':
1, 'mame': 'jumping man'

" Frame 5: [{'id': O, 'mname':
1, 'mame': 'jumping man'
Frame 6: [{'id': O, 'mame':
1, 'mame': 'jumping man'

Background keyword: room
Caption:
Reasoning:

increase.

Due to gravity,

A woman walking from the left to the right and a man jumping on the right

A woman is walking from the left to the right so her x-coordinate

should increase with her y-coordinate fixed. A man is jumping on the right so

and his y-coordinate should first decrease (
upward movement) and then increase (downward movement due to gravity).

'walking woman' 'box': [0, 270,
'box': [380, 290, 120, 18011}]
'walking woman', 'box' [50, 270,
'box': [380, 205, 120, 200]11}]
'walking woman', 'box' [100, 270,
'box': [380, 175, 120, 200]11}]
'walking woman', 'box': [150, 270,
'box': [380, 175, 120, 200]11}]
'walking woman' 'box ' [200, 270,
'box': [380, 205, 120, 200]11}]
'walking woman' 'box ' [250, 270,
'box ' [380, 290, 120, 180]1}]

should be faster in later frames until it hits the ground.

elasticity,
Frame 1: [{'id': 0, 'mame':
Frame 2: [{'id': 0, 'name'
Frame 3: [{'id': 0, 'mame':
) Frame 4: [{'id': O, 'name'
Frame 5: [{'id': O, 'mname':
Frame 6: [{'id': O, 'name'
Background keyword: garden

'red
'red
'red
'red

ball
ball
ball
ball
ball
ball

'red
'red

! 'box': [0, 206,

', 'box': [80, 246,
', 'box': [160, 326,
', 'box': [240, 446,
', 'box': [320, 366,
', 'box': [400, 446,

The camera is moving away from a painting
Due to perspective geometry,

the ball bounces back when it hits the ground.

50,

120, 2001}, {'id': 1,
120, 2001}, {'id':
120, 2001}, {'id':
120, 2001}, {'id':
120, 2001}, {'id':
120, 2001}, {'id':

A red ball is thrown from the left to the right in a garden
A ball is thrown from the left to the right,
its y-coordinate should increase,

so its x-coordinate should

and the speed
Due to its

50]1%}]
50]1}]
50, 50]1%}]
50, 50]1%}]
50, 50]11}]
50, 50]11}]

the painting will be smaller in later

timesteps as the distance between the camera and the object is larger.

Caption:

Reasoning:

Frame 1: [{'id': 0, 'mame':

Frame 2: [{'id': O, 'mame':

Frame 3: [{'id': 0, 'mname':
) Frame 4: [{'id': O, 'mname':

Frame 5: [{'id': O, 'mname':

Frame 6: [{'id': 0, 'mame':

Background keyword: room

'painting'
'painting’

'painting'
'painting'
'painting '
'painting'

'box': [156,
'box ' [166,
, 'box': [176,
, 'box': [186,
, 'box': [196,
, 'box': [206,

181,

189,
196,
204,
211,
219,

200,

180,
160,
140,
120,
100,

150]}]
135]1}]
120]1}1]
105]1%}]
90]11}]
75131
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Appendix C

Self-correcting LLM-controlled Diffusion
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Accuracy
Method Negation Numeracy Attribute Spatial Average
DALL-E 3 [84] 25% 38% 74% 1%  52.0%
+ 1-round SLD (OWL-ViT v1)  50% 51% 1% 82% 63.5% (+11.5)
+ l-round SLD (OWL-ViT v2) 90% 61% 80% 83% 78.5% (+26.5)
LMD+ [85] 100% 82% 49% 8%  79.3%
+ l-round SLD (OWL-ViT v1) 100% 85% 59% 89% 83.3% (+ 4.0)

+ 1-round SLD (OWL-ViT v2) 100% 98% 63% 92% 88.3% (+ 9.0)

Table C.1: Our method can be applied on various image generation methods and improves
the generation accuracy by a large margin.

C.1 More Comparisons with Image Editing Methods

In Fig. 4.5 of the main paper, we showcased an example of object replacement contrasting
our SLD method with previous approaches. In this section, we provide more visual examples
in Fig. C.1 that highlight the differences between SLD and prior diffusion-based image editing
methods. While InstructPix2Pix [37] is confined to pixel-aligned changes (e.g., style changes),
DiffEdit [91] often fails with precise object-level edits. Our SLD framework excels in these
detailed, fine-grained editing tasks.

C.2 Comparison between LMMs and Detector-LLM
Combinations

In our main paper, we introduce a self-correction framework that utilizes both LLMs and
object detectors for image assessment, followed by the provision of correction suggestions.
With the rapid evolution of Large Multimodal Models (LMMs) such as GPT-4V [235] and
LLaVA [236, 132], we have investigated the feasibility of using an LMM to conduct image
assessment. In this setup, the LMM evaluates images generated by the open-loop generator
alongside user prompts, aiming to provide precise, object-level editing recommendations.

However, GPT-4V’s analysis of the “princess and dwarfs" image from DALL-E 3 (refer to
Fig. 4.1 in our paper) reveals inaccuracies, as the model miscounts the characters, identifying
seven dwarfs rather than the actual five, and struggles to define precise bounding box
coordinates. In contrast, as highlighted in Fig. C.2, the latest generation open-vocabulary
detector, OWL-ViT v2, demonstrates remarkable proficiency in detecting minute objects
(seagulls in the sky), which is vital for the correction process. These limitation underscores
our current approach, which combines detectors with LLMs for more accurate assessment and
editing suggestions. Nevertheless, the potential of integrating advanced LMMs for streamlined
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image generation and editing remains a compelling and promising direction for future research
and development.

C.3 Comprehensive Image Generation Results

In the main paper, we demonstrate the significant performance gain achieved by integrating
the OWL-ViT v2 open-vocabulary detector into our SLD pipeline. Since this detector is also
used in the benchmark, we also explore using other detectors in our setting, which makes our
self-correction detector distinct from the detector used in the evaluation benchmark.

Tab. C.1 presents a comparison between the results obtained using OWL-ViT vl [42] and
OWL-VIiT v2 [95] detectors within our framework. The results indicate that SLD consistently
enhances overall accuracy compared to the baseline text-to-image generators, irrespective of
the detector used. The marginal reduction in performance gains when substituting the v2
detector can be attributed to two main factors: 1) the relatively inferior detection capabilities
of the alternate detector employed in the SLD, and 2) the variations in object recognition
between the two detectors. This situation parallels real-world experiences, where individual
perceptions and recognition of objects or attributes can vary significantly. For instance,
a bowl perceived as distinctly blue by one might be seen as less blue by another. These
perceptual variances contribute to the marginally lower attribute binding scores of SLD
compared to original DALL-E 3 results. Despite these discrepancies, the overall accuracy
of our method, especially in areas such as numeracy and spatial reasoning, confirms the
effectiveness of SLD, regardless of the specific detector used in our self-correction pipeline.

C.4 Our Prompts and Instructions to the LLM

As outlined in the main paper, we leverage two LLMs to steer the self-correction process:
we employ one LLM parser to identify key objects from user prompts and another LLM
controller to propose bounding box adjustments. The specific prompts for both the parser
and the controller are detailed in Tab. C.2 and Tab. C.3, respectively. We also provide
in-context examples for the LLM controller, tailored for self-correcting generation and image
editing, in Tab. C.4 and Tab. C.5, respectively.

In crafting our LLM prompts, we emphasized clarity in defining the roles and guidelines
for the LLM, drawing inspiration from prior work [237]. Notably, we discovered that GPT-
4 possesses the capability to manipulate bounding box coordinates, a task that involves
mathematical reasoning. We achieved improved results by guiding the model to employ
chain-of-thought reasoning [238|, where the model explicates its reasoning process during
generation. This approach yielded more accurate suggestions compared to instances where
the model’s reasoning was not explicitly stated.
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# Your Role: Excellent Parser

## Objective: Analyze scene descriptions to identify objects and their attributes.

## Process Steps

1. Read the user prompt (scene description).

2. Identify all objects mentioned with quantities.

3. Extract attributes of each object (color, size, material, etc.).

4. If the description mentions objects that shouldn't be in the image, take note at the negation part.

5. Explain your understanding (reasoning) and then format your result (answer / negation) as shown in the
examples.

6. Importance of Extracting Attributes: Attributes provide specific details about the objects. This helps
differentiate between similar objects and gives a clearer understanding of the scene.

## Examples

- Example 1
User prompt: A brown horse is beneath a black dog. Another orange cat is beneath a brown horse.
Reasoning: The description talks about three objects: a brown horse, a black dog, and an orange cat. We
report the color attribute thoroughly. No specified negation terms.
Objects: [('horse', ['brown']), ('dog', ['black']), ('cat', ['orange'l])]
Negation:

- Example 2
User prompt: There's a white car and a yellow airplane in a garage. They're in front of two dogs and
behind a cat. The car is small. Another yellow car is outside the garage.
Reasoning: The scene has two cars, one airplane, two dogs, and a cat. The car and airplane have colors.
The first car also has a size. No specified negation terms.
Objects: [('car', ['white and small', 'yellow']), ('airplane', ['yellow']), ('dog', [None, None]),
('cat', [Nomel)]
Negation:

7 - Example 3

User prompt: A car and a dog are on top of an airplane and below a red chair. There's another dog sitting
on the mentioned chair.
Reasoning: Four objects are described: one car, airplane, two dog, and a chair. The chair is red color.
No specified negation terms.
Objects: [('car', [Nonel), ('airplane', [None]), ('dog', [None, Nonel]), ('chair', ['red'])]
Negation:

- Example 4

User prompt: An oil painting at the beach of a blue bicycle to the left of a bench and to the right of a
palm tree with five seagulls in the sky.

Reasoning: Here, there are five seagulls, one blue bicycle, one palm tree, and one bench. No specified
negation terms.

Objects: [('bicycle', ['blue']), ('palm tree', [None]), ('seagull', [None, None, None, None, Nonel),
('bench', [Nonel)]

Negation:

39 - Example 5

10
41

12
43
44

User prompt: A realistic photo of a scene without backpacks.

Reasoning: The description clearly states no backpacks, so this must be acknowledged. The user provides
the negative prompt of backpacks.

Objects: [('backpacks', [None])]

Negation: backpacks

15 Your Current Task: Follow the steps closely and accurately identify objects based on the given prompt. Ensure

16

adherence to the above output format.

17 User prompt: {the input user prompt}
48 Reasoning:

Table C.2: Our full prompt for the LLM parser.
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# Your Role: Expert Bounding Box Adjuster

## Objective: Manipulate bounding boxes in square images according to the user prompt while maintaining
visual accuracy.

## Bounding Box Specifications and Manipulations

1. Image Coordinates: Define square images with top-left at [0, 0] and bottom-right at [1, 1].
2. Box Format: [Top-left x, Top-left y, Width, Height]

8 3. Operations: Include addition, deletion, repositioning, and attribute modification.

10 ## Key Guidelines

11 1. Alignment: Follow the user's prompt, keeping the specified object count and attributes.

12 2. Boundary Adherence: Keep bounding box coordinates within [0, 1].

13 3. Minimal Modifications: Change bounding boxes only if they don't match the user's prompt.

14 4. Overlap Reduction: Minimize intersections in new boxes and remove the smallest, least overlapping objects.
15

16 ## Process Steps
] Interpret prompts: Read and understand the user's prompt.
Implement Changes: Review and adjust current bounding boxes to meet user specifications.
Explain Adjustments: Justify the reasons behind each alteration and ensure every adjustment abides by the
key guidelines.
20 4. Output the Result: Present the reasoning first, followed by the updated objects section, which should
include a list of bounding boxes in Python format.

—_
0¢)
W N =

21

22 ## Examples

23

24 {In-context examples for self-correcting image generation or image editing}
25

26 Your Task: Carefully follow the provided guidelines and steps to adjust bounding boxes in accordance with the
user's prompt. Ensure adherence to the above output format.

28 User prompt: {the input user prompt}

29 Current Objects: {a list of detected key objects}

30 Reasoning:

Table C.3: Our full prompt for the LLM controller.
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Editing Instructions for SLD

Remove the rabbit but keep
the turtle unchanged.

: - 2 e
InstructPix2Pix DiffEdit SLD (Ours)

Editing Instructions for SLD

Make the scene as two cats
and a rat in a grocery store

InstructPix2Pix DiffEdit SLD (Ours)
Figure C.1: We demonstrate that current diffusion-based image editing methods, such as
InstructPix2Pix and DiffEdit, face challenges in fundamental operations like object deletion
(top example) and addition (bottom example). In contrast, our proposed SLD pipeline can
easily handle these tasks. As highlighted in the red box, despite DiffEdit’s ability to identify
the object for removal, it falls short in generating a plausible background.
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Input Image Detected Bounding Boxes Self-corrected Results (Ours)

g

|

[ seaguil #11 |
' T A
==

An oil painting at the beach of a blue bicycle to the left of a bench and to the right of a palm tree
with three seagulls in the sky

Figure C.2: Leveraging the advanced localization abilities of OWL-ViT v2 open-vocabulary
detectors, we accurately identify all seagulls in the image, enabling selective removal to align
with the user’s prompt.
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# Examples

- Example 1
User prompt: A realistic image of landscape scene depicting a green car parking on the left of a blue
truck, with a red air balloon and a bird in the sky
Current Objects: [('green car #1', [0.027, 0.365, 0.275, 0.207]), ('blue truck #1', [0.350, 0.368, 0.272,
0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.1761)]
6 Reasoning: To add a bird in the sky as per the prompt, ensuring all coordinates and dimensions remain
within [0, 1].
[ Updated Objects: [('green car #1', [0.027, 0.365, 0.275, 0.207]1), ('blue truck #1', [0.350, 0.369, 0.272,
0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.176]), ('bird #1', [0.385, 0.054, 0.186, 0.130])]

1
2
3
1

ot

8

9 - Example 2

10 User prompt: A realistic image of landscape scene depicting a green car parking on the right of a blue
truck, with a red air balloon and a bird in the sky

11 Current Output Objects: [('green car #1', [0.027, 0.365, 0.275, 0.207]), ('blue truck #1', [0.350, 0.369,
0.272, 0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.176])]

12 Reasoning: The relative positions of the green car and blue truck do not match the prompt. Swap positions
of the green car and blue truck to match the prompt, while keeping all coordinates and dimensions within
[o, 11.

13 Updated Objects: [('green car #1', [0.350, 0.369, 0.275, 0.207]), ('blue truck #1', [0.027, 0.365,
0.272, 0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.176]), ('bird #1', [0.485, 0.054, 0.186,
0.1301)1

15 - Example 3

) User prompt: An oil painting of a pink dolphin jumping on the left of a steam boat on the sea
Current Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('pink dolphin #1', [0.027, 0.324,
0.246, 0.160]1), ('blue dolphin #1', [0.158, 0.454, 0.376, 0.290])]

18 Reasoning: The prompt mentions only one dolphin, but two are present. Thus, remove one dolphin to match
the prompt, ensuring all coordinates and dimensions stay within [0, 1].

19 Updated Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('pink dolphin #1', [0.027, 0.324,
0.246, 0.1601)1]

20

21 - Example 4

22 User prompt: An oil painting of a pink dolphin jumping on the left of a steam boat on the sea

23 Current Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('dolphin #1', [0.027, 0.324, 0.246,
0.1601)1

24 Reasoning: The prompt specifies a pink dolphin, but there's only a generic one. The attribute needs to be
changed.

25 Updated Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('pink dolphin #1', [0.027, 0.324,
0.246, 0.160]1)1]

26

27 - Example 5

28 User prompt: A realistic photo of a scene with a brown bowl on the right and a gray dog on the left

29 Current Objects: [('gray dog #1', [0.186, 0.592, 0.449, 0.408]), ('brown bowl #1', [0.376, 0.194, 0.624,
0.5021)1

30 Reasoning: The leftmost coordinate (0.186) of the gray dog's bounding box is positioned to the left of
the leftmost coordinate (0.376) of the brown bowl, while the rightmost coordinate (0.186 + 0.449) of the
bounding box has not extended beyond the rightmost coordinate of the bowl. Thus, the image aligns with
the user's prompt, requiring no further modifications.

31 Updated Objects: [('gray dog #1', [0.186, 0.592, 0.449, 0.408]), ('brown bowl #1', [0.376, 0.194, 0.624,

0.5021)1

Table C.4: Self-correction in-context examples for the LLM controller.



1
2
3
i\
15}

6

28

30

31

164

## Examples

- Example 1
User prompt: Move the green car to the right and make the blue truck larger in the image.
Current Objects: [('green car #1', [0.027, 0.365, 0.275, 0.207]), ('blue truck #1', [0.350, 0.368, 0.272,
0.2081)1
Reasoning: To move the green car rightward, its x-coordinate needs to be increased from 0.027. The
dimensions (height and width) of the blue truck must be enlarged. While adjusting bounding boxes, ensure
they do not overlap excessively. All other elements remain unchanged.
Updated Objects: [('green car #1', [0.327, 0.365, 0.275, 0.207]), ('blue truck #1', [0.350, 0.369, 0.472,
0.4081)]

- Example 2
User prompt: Swap the positions of a green car and a blue truck in this landscape scene with an air
balloon.
Current Output Objects: [('green car #1', [0.350, 0.369, 0.275, 0.207]), ('blue truck #1', [0.027, 0.365,
0.272, 0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.1761)]
Reasoning: Exchange locations of the car and truck to align the bottom right part; other objects remain
unchanged.
Updated Objects: [('green car #1', [0.027, 0.365, 0.275, 0.207]), ('blue truck #1', [0.350, 0.364,
0.272, 0.208]), ('red air balloon #1', [0.086, 0.010, 0.189, 0.176])]

- Example 3
User prompt: Change the color of the dolphin from blue to pink in this o0il painting of a dolphin and a
steamboat.
Current Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('blue dolphin #1', [0.027, 0.324,
0.246, 0.160]1)]
Reasoning: Alter only the dolphin's color from blue to pink, without modifying other elements.
Updated Objects: [('steam boat #1', [0.302, 0.293, 0.335, 0.194]), ('pink dolphin #1', [0.027, 0.324,
0.246, 0.160]1)1]

- Example 4
User prompt: Remove the leftmost bowl in this photo with two bowls and a dog.
Current Objects: [('dog #1', [0.186, 0.592, 0.449, 0.408]), ('bowl #1', [0.376, 0.194, 0.324, 0.324]1),
('bowl #2', [0.676, 0.494, 0.324, 0.324])]
Reasoning: There are two bowls in the image and bowl #1 is identified as the leftmost one because its x
coordinates (0.376) is smaller than that of bowl #2 (0.676).Thus, eliminate bowl #1 without modifying
any remaining instances.
Updated Objects: [('dog #1', [0.186, 0.592, 0.449, 0.408]1), ('bowl #2', [0.676, 0.494, 0.324, 0.324]1)]

7 - Example 5

User prompt: Add a pink bowl between two existing bowls in this photo.

Current Objects: [('bowl #1', [0.076, 0.494, 0.324, 0.324]), ('bowl #2', [0.676, 0.494, 0.324, 0.324])]

Reasoning: There are two bowls in the existing image. To add a pink bowl between the two, the x
coordinates should be placed between 0.076 and 0.676 and the y coordinates should be between 0.494 and
0.494. When adding the object, be sure to prevent overlapping between existing objects and make sure the
[top-left x-coordinate, top-left y-coordinate, top-left x-coordinate+box width, top-left
y-coordinate+box height] lie between O and 1.

Updated Objects: [('bowl #1', [0.076, 0.494, 0.324, 0.324]), ('bowl #2', [0.676, 0.494, 0.324, 0.324]),
('bowl #3', [0.376, 0.494, 0.324, 0.3241)]

Table C.5: Image editing in-context examples for the LLM controller.
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Appendix D

Describe Anything

D.1 Challenges in Generating Detailed Localized
Descriptions with Off-the-Shelf VLMs

Although cutting-edge Vision-Language Models (VLMs), such as GPT-4o [100| and
LLaVA [131, 133, 132], excel at generating global-level image descriptions, producing detailed
localized image captions remains an open problem. Specifically, these VLMs only take in
RGB images along with text prompts and do not allow users to accurately specify regions of
interest.

While users could employ text to localize the object to be described, this approach is often
cumbersome and inefficient, requiring precise referring phrases that may still be difficult for
the VLM to interpret. This can lead to mislocalization of the intended object, as illustrated
in Fig. D.1(a).

The required effort for both the user and the model can be significantly reduced if the
user is allowed to specify the region directly using a representation in 2D coordinates that
the model can understand. With this idea in mind, we focus on generating detailed localized
descriptions by enabling users to specify a region in an image for the model to describe in
detail. Since spatial representations such as points and boxes can be converted into masks
using SAM [94] and SAM 2 [159], we concentrate on regions specified by mask inputs.

A first attempt to address this problem with existing VLMs is to reduce the task to
global image captioning by presenting only the region to the VLM through masking or
cropping, as shown in Fig. D.1(b). While this forces the VLM to focus solely on the specified
region, freeing users from the burden of expressing localizations as phrases, the lack of
contextual information makes the task much more challenging and often confuses the VLM.
This confusion can prevent the model from correctly identifying the object, let alone providing
detailed descriptions of its parts. In more extreme cases, the model may even refuse to
caption the region due to insufficient information in the cropped or masked image. Therefore,
generating detailed localized captions requires more than just the local region.

An alternative approach to prompt existing off-the-shelf VLLMs for localized descriptions
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(a) Baseline 1: Existing VLM + Localization through text

The rightmost building in the image

—h Prompt: Describe the rightmost ® is a sleek, modern skyscraper under
building in the image e Construction, ...
Inout | Hard for humans to come ) Hard for models to localize the
nput Image up with accurate phrasing @ exact referred object @
i
(b) Baseline 2: Existing VLM + Localization through cropping or masking
@ The image shows a tall, multi-layered
. structure that appears to resemble a
Input image: .___,,.___’ "
damaged or partially broken X
skyscraper. ...

Hard for the model to understand

Easy for humans to indicate 3 N oy
the region without context @

the object of interest &

(c) Baseline 3: Existing VLM + Localization through markings on image

The region that is marked with the
@ mask in the image is the Statue of

—-———+ Liberty. It is located near the far X

= right of the image, ...

Ny Hard for the model to localize

Easy for humans to indicate L
the object in complex scenes ¢

the object of interest @

(d) Our Approach: Describe Anything Model (Ours) + Localization as a separate input

2 A modern skyscraper with a stepped

u ’ design, featuring a series of vertical, ¢/

evenly spaced windows....

Easy for humans to indicate Easy for models to localize the
the object of interest exact referred object «

Figure D.1: Existing Vision-Language Models (VLMs) do not perform well in
generating localized descriptions. (a) to (c) demonstrate several ways to prompt existing
VLMs, but none achieves satisfactory performance, leading to the need for a new method
that is capable of providing detailed and localized descriptions. In (d), we propose a model
that accepts the condition in a separate form of input, making it easy for users to specify the
object of interest and for the models to accurately localize the referred object. Note that our
focal prompt, proposed in §5.3, is considered part of the Describe Anything Model and is not
shown in the figure for simplicity.

is to overlay markings such as points, scribbles, contours, and alpha masks on the image [143,
144], as shown in Fig. D.1(c). However, these markings may blend into the object or the
background in highly complex scenes, making them unrecognizable to the VLMs. This issue
is especially common for small objects that are not the main focus of the scene. Furthermore,
the markings may render the image out-of-distribution, confusing the VLMs and disrupting
the quality of output that they were originally capable of generating.

The exploration above highlights a conflict between the precision of localization and the
availability of context. On one hand, we want the model to accurately focus on a specific
region without mentioning other regions, such as other objects or the background. On the
other hand, the model needs to leverage contextual information to correctly identify the
object in the region of interest. This conflict makes it very difficult for current VLMs to
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produce high-quality localized descriptions.

Our proposed model overcomes this challenge by taking the localization as a separate
input in 2D space. This approach has the advantage of making the localization more
explicit for the VLMs to parse while keeping the image within its original distribution, thus
preventing the model from being distracted by the markings. This technique leads to accurate
localization even in complex scenes, as illustrated in Fig. D.1(d). Note that since Fig. D.1(d)
mainly focuses on explaining the design choices of inputting mask inputs to the model, focal
prompting is included as a part of the model and is omitted in this figure for simplicity. We
refer readers to Fig. 5.2 for illustrations on focal prompting.

D.2 Evaluation Benchmarks

Our DAM is designed to perform well at localized image and video captioning across
multiple granularities, including keyword, phrase, and detailed captions. Therefore, we
evaluate and achieve SOTA in 7 in-domain and zero-shot benchmarks:

1. The LVIS open-class keyword-level benchmark in Tab. 5.2.

2. PACO open-class keyword-level benchmark (including object and parts as regions)
in Tab. 5.2.

3. Flickr30k Entities phrase-level benchmark in Tab. 5.3.

4. Ref-14 detailed captioning benchmark in Tab. 5.4.

5. Our proposed DLC-Bench detailed localized captioning benchmark in Tab. 5.5.
6. HC-STVG detailed video captioning benchmark in Tab. 5.6.

7. VideoRefer detailed video captioning benchmark in Tab. 5.7.

We offer an explanation for each setup.

Keyword-level Localized Captioning Benchmarks

Open-class keyword-level localized captioning benchmarks, proposed in [108], require the
model to output keywords containing the object and part entities to describe the region. In
contrast to closed-class keyword-level localized captioning, which constraints the model output
to several choices provided, open-class keyword-level localized captioning takes free-form text
outputs from the model. The evaluation results are in Tab. 5.2.

1. For LVIS [161], this involves predicting the class name as a keyword, given the seg-
mentation mask of an object. A typical class name ranges from one word to four
words.
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2. For PACO [162], this involves predicting the class name of an object in the mask if the
mask contains a full object, or the object name and the part name if the mask contains
an object part. This is especially challenging because it would require the model to
understand nuances between full objects and object parts.

Phrase-level Localized Captioning
Benchmarks

Phrase-level localized captioning task requires the model to output a phrase containing a
brief description for each the region that includes object identification and attributes typically
within a few words. The metrics typically used in phrase-level benchmarks are CIDER,
METEOR, BLEU, ROUGE L, and SPICE [115, 116, 117, 118, 119]. We refer these metrics
as short captioning metrics, as opposed to metrics from LLM-based evaluations that support
evaluating detailed captions.

We perform zero-shot evaluation on the grounded phrases in Flickr30k Entities [163],
where our model is not trained on the entities annotated in the training split of Flickr30k
Entities. Results are in Tab. 5.3.

Detailed Localized Captioning Benchmarks

Detailed localized captioning task requires the model to output a detailed description for
each the region with the length spanning from a long sentence to multiple sentences.

1. We perform zero-shot evaluation on detailed captions in the Objects365 [239] split of
Ref-L4 [164] since we do not train on Objects365 dataset. We evaluate the prediction
quality by computing short captioning metrics and CLAIR [166] score against the
reference captions in the dataset. We use CLAIR to evaluate raw detailed outputs,
while we summarize both the prediction and ground truth with GPT-4o-mini [100]
before evaluation with short captioning metrics. No ground truth or reference captions
are provided to GPT-40-mini, with the LLM setting exactly the same for all models for
fairness. Results are in Tab. 5.4.

2. We evaluate our model with DLC-Bench, our proposed benchmark for fine-grained
region-based captioning. This evaluation is also zero-shot. We present details about
our benchmark in §D.4. Results are in Tab. 5.5.

Detailed Localized Video Captioning Benchmarks

1. We conduct evaluation on HC-STVG [169], a spatial-temporal video grounding dataset
with detailed captions used in prior and concurrent work [150, 120]. Following prior
work [150], we evaluate the quality of localized captions with CIDER, METEOR, BLEU,
ROUGE L, and SPICE [115, 116, 117, 118, 119]. Results are in Tab. 5.6.
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2. We also perform evaluation on the detailed localized video description benchmark in
VideoRefer-Bench proposed by concurrent work [120]. GPT-40 is used to provide
four dimensions of scores on a scale of 1 to 5. The four dimensions are Subject
Correspondence (SC), Appearance Description (AD), Temporal Description (TD), and
Hallucination Detection (HD). Zero-shot setting indicates that our model is not trained
on Panda-70M [170], the dataset that VideoRefer-Bench sources the videos from. In-
domain setting indicates mixing the detailed caption subset of VideoRefer-700k, which
is also curated from Panda-70M [170], into our training data. Results are in Tab. 5.7.

D.3 Discussions

The Caveats of Using Referring Boxes in Data Pipeline

Caveats exist when boxes are used to refer to regions in the data pipeline. As shown
in Fig. D.2, boxes can be ambiguous in terms of what they are referring to, causing uncertainty
for the VLM that we use in our data pipeline. In contrast, masks are much more specific in
terms of the region that it is referring to. This motivates us to use manually annotated masks
in existing segmentation datasets rather than bounding boxes in order to curate high-quality
data for DLC with little referring ambiguity. We additionally take in manually annotated
keywords (e.g., class names, part names, entities) in the datasets for regions we are annotating
in our data pipeline to further reduce the ambiguity and potential confusion for our VLM in
the data pipeline.

The Pitfall of Using Reference Captions in Benchmarks

As discussed in Sections 5.5 and 5.6, caveats exist for using a “ground truth” reference
caption for benchmarking localized descriptions. Specifically, since such a reference caption
is hardly comprehensive and may not contain all the details about the region of interest,
the metrics from the benchmark will treat the correct details in the caption prediction
about the region of interest that are not mentioned in the ground truth reference caption as
hallucinations. This discourages the model from generating detailed captions.

We analyzed the performance of our method in HD (hallucination detection) sub-task in
VideoRefer-Bench [120] and found that our model often predicts correct details that are not
present in the reference caption. Specifically, the example in Fig. D.3 shows this phenomenon.
While our model’s prediction includes appearance and motion details about the change of the
person’s gesture and expression, such details are not mentioned in the reference caption in the
dataset. Since the GPT evaluator does not see the video and uses the ground truth caption
as the only source of information, it incorrectly believes that the gestures and expressions
are hallucinations and gives our caption a very low score for the hallucination detection
dimension. However, the evaluation is not valid, as our model is correct in the descriptions
about the gestures and expressions.
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| don’t have enough information to
know what the box is referring to! @

Possibility 1: the dish
Possibility 2: the plate

in the data
Y pipeline

It’s the dish! &

a dish that appears to be a seafood
meal, specifically including shrimp ...

e

in the data
pipeline

It’s the plate! &

a white, oval-shaped dish with a
slightly raised rim ...

Figure D.2: Caveats for using boxes to indicate region of interests. Top: Using a box
to indicate the region of interest leads to ambiguity. Middle and Bottom: Switching to a
mask representation leads to more specific referring and correct descriptions.



Input Video

A man with short, dark hair and a slight stubble is wearing a denim shirt with rolled-up sleeves. He begins by standing
with his hands clasped together in front of him, exuding a calm and composed demeanor. As the sequence

DAM Output progresses, hel raiseg his handg slightly, mgintaining a ger)tle and expressive gesture. His facial expres;ion shifts
subtly, suggesting he is engaged in conversation or explanation. The man's movements are smooth and deliberate, as
he occasionally opens his hands and gestures outward, indicating emphasis or clarification. Throughout the
sequence, his posture remains upright and attentive, conveying a sense of engagement and focus.

Reference Caption A man with short black hair is standing on the left, wearing a black jacket, as if reporting news

GPT Evaluation on
Hallucination Hallucination Detection: 1
. Explanation: The predicted answer includes several imaginative elements, such as gestures and expressions, that are
Detection (HD) not mentioned in the correct answer, indicating hallucinations in the description.
Dimension

Figure D.3: The pitfall of using reference captions for caption evaluation. Evaluation
benchmarks based on reference captions may incorrectly treat correct details in the predicted
caption as hallucination. Since the GPT evaluator relies solely on the ground truth caption
without viewing the video, it mistakenly flags gestures and expressions as hallucinations,
resulting in a low score. However, the evaluation is invalid since the predicted details are
correct.

This indicates that the lower score on this sub-task is not due to the hallucination of our
model, but rather due to the missing details in the reference caption and the fact that our
model, evaluated in a zero-shot setting, does not have awareness for what types of details are
preferred by or included in the reference caption.

Failure Cases

We show two failure cases of DAM in Fig. D.4. In Fig. D.4(a), DAM misrecognizes the
frog-shaped slipper to be a frog. In Fig. D.4(b), DAM describes the person as pulling the
body upward. We expect these errors to be mitigated by broader data coverage.

Potential Limitations

DAM is only trained for multi-granular localized captioning, especially for detailed localized
captioning (DLC) and is not specifically optimized for other general vision-language tasks.
However, DAM is designed for in-depth analysis for the task of multi-granular image and
video localized descriptions rather than for breadth for general vision-language understanding,
which justifies the design choice.
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DAM
! A bright green frog with a smooth, glossy texture. The frog has a rounded head with prominent, slightly raised eyes. Its body is

streamlined, tapering towards the tail, and the limbs are short and sturdy.

DAM (Ours)

(a) DAM might still misrecognize a region and output an incorrect description. For example, it
misrecognizes the frog-shaped slipper to be a frog.

—

Input
Video

A person wearing a sleeveless white top and blue shorts is engaged in a dynamic exercise routine. The individual is equipped with a

DAM pair of red and white athletic shoes, which provide stability and support during the activity. The person is holding onto a bar or

handle with both hands, suggesting a pull-up or similar upper-body exercise. The posture is upright, with the back slightly arched,

m indicating the exertion of muscles during the movement. The legs are bent at the knees, with feet firmly planted on the ground,

providing a stable base. Throughout the sequence, the person maintains a consistent rhythm, pulling the body upward and then

lowering it back down in a controlled manner. This repetitive motion showcases the individual's strength and endurance, as they
continue the exercise with focus and determination.

DAM (Ours)

(b) DAM might also be confused by the combination of the object motion and the camera
motion. In this example, it makes the mistake of describing the person as pulling the body
upward.

Figure D.4: Failure cases for our proposed DAM.

Computational Efficiency

DAM incorporates our proposed localized vision encoder. It differs from the SigLIP [240]
vision encoder used in [140] by adding two key components: patch embedding layers for
encoding the mask and cross-attention blocks. Importantly, these components do not alter
the dimensions or sequence length of the vision features passed to the large language model,
ensuring that the parameter count and computational efficiency of the large language model
are unaffected. Since the vision encoder represents only a small fraction of the total parameters
and computational operations, the overall increase in FLOPs and parameter count remains
marginal, maintaining the model’s efficiency.

To be more specific, unlike prior works that derive regional features from image features
for each region, the regional feature used in our approach comes directly from a global and a
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focal view of the input image, with cross-attention enhancing the focal representation. This
design is justified as the vision encoder is much smaller than the LLM (400M vs. 3B/8B
parameters), with minimal latency impact (0.060s compared to 1.49s for 3B LLM as measured
in our pipeline). This overhead is outweighed by the benefits of preserving fine details that
global image features miss as indicated in Tab. 5.8), especially for small regions. Finally,
DAM 3B outperforms much larger models in challenging (Tab. 5.5), showing our efficiency.

Training Data

In addition to the details in data annotation presented in §D.8, we discuss the training
data of our work in this section and present a comparison with recent works. Compared
with recent work Ferret [107] which used 1.1M unreleased samples and RegionGPT [114]
which used 1.5M unreleased samples, we train our model on a comparable amount of data
(1.5M samples). However, we obtain much better performance (Tab. 5.5), which shows the
effectiveness of DAM.

Performances of Baseline Models on DLC-Bench

Interestingly, region-specific VLMs often perform on par or worse than generic VLMs.
This is likely because many are trained on datasets with short regional captions, leading them
to produce brief, phrase-level descriptions. Even when prompted for longer descriptions [114,
109], these models tend to include irrelevant details about the background, speculations, or
hallucinations, due to insufficient regional information. Providing crops instead of full images
leads to mixed results for different region-specific VLMs since these models are not designed
to describe regions in crops.

D.4 Details for DLC-Bench

Image and Instance Selection. We leveraged a subset of the Objects365 v2 [239] validation
set, which was manually annotated with segmentation masks in [241], for image and instance
selection. We collected a set of 892 challenging questions from this subset, each containing
one object of interest. Each question is manually inspected, and questions with ambiguous or
unclear answers are filtered out. To maintain the integrity of our benchmark, we conducted
de-duplication to ensure that no images used in the benchmark were present in our training
dataset for detailed localized captioning.

Positive Question Generation. For each masked region, we prompted an off-the-shelf
Visual Language Model (VLM) to generate a list of parts. Subsequently, for the whole object
and each part, we asked the VLM to generate a list of properties covering aspects such as color,
shape, texture, materials, and size. Each property is stored in the form ([object name],
[part name], [property name], [property value]). For example, if the masked region
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A white electric stove with a smooth, flat cooktop featuring two visible black burners. The control
Task: describe this region panel is located at the back, with a black surface and a few visible knobs. The stove has a slightly
raised backguard.

(b) An example description to be evaluated

Q: Which of the following is applicable to the description?
Choices:
A. The control panel or the stove is not mentioned. (score: 0)
B. The location of the control panel is mentioned in the description but is not back. (score: -1)
C. The location of the control panel is mentioned in the description and is back. (score: 1)
D. The location of the control panel is not mentioned, but the control panel of the stove is
mentioned. (score: 0.5)
(c) An example positive question in DLC-Bench

(a) An example region in the
benchmark for the model to describe Q: Which of the following is applicable to the description?
Choices:
A. The induction cooktop surface of the stove is mentioned in the description. (score: -1)
B. The induction cooktop surface of the stove is not mentioned in the description. (score: 1)
C. The stove is not mentioned in the description. (score: 0)
(d) An example negative question in DLC-Bench

Figure D.5: An example from DLC-Bench for detailed localized captioning. (a)
The process begins by prompting a model to describe a specified region within the image.
The resulting description is then evaluated using a text-only LLM as a judge that rates each
response by answering positive and negative questions. (b) shows an example description
to be evaluated. (c) Positive questions are designed to test whether the model correctly
identifies specific details within the described region. The model receives points for accurate
details and is penalized for factual errors. The bold option (option C) indicates that the
LLM judge believes that option C is applicable, allowing the model to get a point for this
example positive question. (d) Negative questions ensure the model refrains from mentioning
irrelevant or nonexistent details. Mislocalization or hallucination results in penalties to
prevent false positives. The bold option (option B) indicates that the LLM judge believes
that option B is applicable, allowing the model to get a point for this negative question.

is a corgi, the VLM could describe the brown fur of the corgi as (corgi, fur, color,
brown).

We used this list of properties as a starting point for manual curation. We then manually
added significant properties that the VLM missed, revised inaccurate properties, and removed
hallucinated or ambiguous properties from the VLM outputs. Finally, we turned these
properties into questions that test whether a description accurately covers the property.
Negative Question Generation. We targeted mislocalization and hallucination, which are
two types of negatives (i.e., cases in which a property or an object should not be included in
the descriptions). Specifically, for mislocalization errors, we prompted the VLMs to generate
a list of objects in the image that are not in the masked region. We also prompted the VLMs
to generate a list of parts that are commonly associated with the object type of the masked
region but are not present or visible in the masked object in the image (e.g., the head of a
corgi if it is occluded and thus not included in the masked region).
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To avoid biasing towards one specific off-the-shelf VLM, we leveraged multiple VLMs for
different instances to generate initial positives and negatives. Specifically, we annotated 34
regions using GPT-40 [100], 35 using Gemini 1.5 Pro [171, 242|, and 31 using Anthropic Claude
3.5 Sonnet [243] for the initial property generation. We used the same image prompting
method for all VLMs as we did when prompting the VLMs in the first stage of our data
pipeline.

Note that the choices for each question are mutually exclusive, which ensures one option
is always valid and leaves no room for two options to be true at the same time.

Scoring Mechanism. Our evaluation methodology involves scoring the models based on
their ability to include correct details and exclude incorrect or irrelevant information.

To evaluate a model like DAM for its ability to output detailed localized captions, we first
prompt the model to generate descriptions for each of the masked instances. Then, instead
of directly asking our model to provide answers to these questions, we prompt a text-only
LLM, Llama 3.1 8B [130], to serve as a judge to rate the localized descriptions according to
the positive and negative questions.

For each model-generated description, we apply the following scoring rules:

e Positive Scoring: For each positive question, if the description correctly includes the
specified detail, the model receives a point. To prevent models from artificially inflating
their scores by generating excessively long descriptions and guessing details, we penalize
incorrect details and discourage models from including uncertain or erroneous content.
If the detail is mentioned but incorrectly (e.g., wrong color), a penalty of one point is
applied. No point is awarded if the description does not mention the detail. Partial
points (0.5 points) are awarded for answers that are partially correct but insufficiently
detailed. Note that the model gets positive points only when the object recognition
is correct, as the correctness of the details depends on the correctness of the overall
region recognition. We present a positive example in Fig. D.5(c).

e Negative Scoring: For each negative question, if the description appropriately excludes
the incorrect or irrelevant detail, the model gets a point. If the description includes
the detail, indicating mislocalization or hallucination, a penalty is applied. The model
gets zero or negative points when the object recognition is incorrect, since otherwise
a caption that is random and completely off could get high scores on the negative
questions. We present a negative example in Fig. D.5(d).

The positive (negative) score for a model is the sum of points for positive (negative)
questions, normalized by the maximum possible score to yield a percentage for comparison.
We also average the positive and negative scores to obtain an overall score, which represents
the model’s overall capability in detailed localized captioning.

We present an example from DLC-Bench in Fig. D.5. The example region in Fig. D.5(a)
features a stove with coil burners. An example description of the region is presented in
Fig. D.5(b). For the example positive question in Fig. D.5(c), the LLM judge selects option
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VP-SPHINX Arch Our Arch
Avg (%) 50.2 63.8

Table D.1: Ablations on architecture design compared to our strongest baseline
VP-SPHINX [110]. We trained a model with VP-SPHINX [110] architecture on our
curated DLC data from various segmentation datasets. The results on DLC-Bench indicate
the advantages of our model architecture that allows detailed localized features to be presented
to the LLM for DLC.

Prompt Augmentation Pos (%) Neg (%) Avg (%)

No 52.3 82.2 67.3
Yes 51.3 82.2 66.7

Table D.2: Comparison of performance of DAM with and without prompt augmen-
tation. Prompt augmentation has minimal effect on DAM’s performance on DLC-Bench.
While descriptions generated by the model may occasionally be less detailed, leading to a
slight decrease in the performance on positive questions, we observed that prompt augmenta-
tion enhances instruction following when prompts include specific guidelines, such as length
constraints. We use the model without prompt augmentation with our benchmark, including
ablations, by default.

Setting Pos (%) Neg (%) Avg (%)
Image-only Training 52.3 82.2 67.3
Image+Video Joint Training  52.4 85.4 68.9

Table D.3: Comparison of performance of our image-only DAM and DAM trained
with both localized image description task and localized video description task.
Joint training benefits generating high-quality localized image descriptions compared to
image-only training.

C, as the caption correctly mentions that the control panel is at the back, allowing the model
to get a point for this positive question. For the negative question in Fig. D.5(d), the LLM
judge selects option B, as the caption correctly indicates that it is not an induction cooktop,
allowing the model to get a point for this negative question.

Evaluation Setting. For our models, we follow our inference setting described in §D.8.
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D.5 Additional Ablation Studies

Model Architecture with the Same Training Data. A model’s performance is largely
due to two factors: model architecture design and training data. Since both factors differ
for different models, it is hard to compare the effectiveness of different model architectures
head-to-head.

To this end, we compare our model architecture against VP-SPHINX [110], the strongest
prior baseline in most benchmarks that we tested on. By continuously training a VP-SPHINX
model [110] on our data after pre-training on the originally proposed datasets. This is a fair
comparison since our method is also fine-tuned from a pretrained VLM, VILA-1.5 [140], with
two stages of training prior to training on our region-specific dataset.

As shown in Tab. D.1, our model architecture achieves much better performance on

detailed localized captioning benchmark DLC-Bench with trained on the same dataset from
our proposed data pipeline. This justifies that our proposed focal prompt and localized
visual backbone are able to provide more detailed features compared to just the global image
features extracted by a vision encoder on the full image with a regional referring feature, as
employed in [110].
Prompt Augmentation. We compared variants of our model with and without prompt
augmentation. As shown in Tab. D.2, incorporating prompt augmentation slightly degrades
our model’s performance on the positive questions in our benchmark. We hypothesize that
despite introducing variations in the prompts and enhancing the model’s instruction-following
capabilities, prompt augmentation creates a mismatch between the prompts used during
training and those used during evaluation (as we always use the same prompt for evaluation,
which is detailed in §D.8). Since the prompt used during evaluation might not be the same
as the prompt used in training, the model may also occasionally reference other tasks from
our mixing dataset ShareGPT-4V for the length of outputs. This may cause the model to
produce outputs that are not as detailed as when it is trained exclusively with the original
prompt. Importantly, the model’s performance on the negative questions remains unchanged,
indicating that prompt augmentation does not lead to hallucinations or mislocalization.

Despite the slight degradation of the performance in the benchmark (0.6% in the overall
accuracy ), we observed that prompt augmentation improves instruction-following capabilities
when prompts include additional instructions, particularly those specifying requirements
on the length of the outputs. Therefore, we default to using the model without prompt
augmentation in our benchmark evaluations, including ablations. In contrast, we employ the
model with prompt augmentation in the qualitative evaluations.

Image-only Training vs Image-+Video Joint Training. We also compared our image-
only DAM with DAM with image + video joint training in Tab. D.3. We show that our model
with image-video joint training slightly outperforms our model with image-only training on
detailed localized image captioning. Note that for this ablation study, we keep the model size
the same and use the 3B model for both image-only training and image-video joint training.
We use image-only training as the default option for results in our benchmark for simplicity.
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Method #Params Pos (%) Neg (%) Avg (%)
API-only General VLMs:

GPT-40 (SOM) [100] - 5.0 29.2 17.1
ol (SOM) [126] - 0.8 28.0 14.4
Claude 3.7 Sonnet (SOM) [167] - 0.5 40.2 20.4
Gemini 2.5 Pro (SOM) [171, 168! - 13.2 65.0 39.1
Open-source General VLMs:

Llama-3.2 Vision (SOM) [130] 11B 16.8 40.4 28.6
Llama-3 VILA1.5 (SOM) [140] 8B 0.6 0.6 0.6
InternVL2.5 (SOM) [139, 172, 173] 8B 8.6 28.6 18.6
LLaVA v1.6 (SOM) [131, 132, 133] 7B 2.2 3.8 3.0
Qwen2.5-VL (SOM) [138, 174] 7B 8.5 27.2 17.8
VILAL.5 (SOM) [140] 3B -0.4 15.4 7.5
DAM (Ours) 3B 52.3 82.2 67.3

Table D.4: Additional results with existing general VLMs using Set-of-Mark (SoM)
prompting [144]. The results are accuracies on detailed localized captioning in DLC-Bench.
Compared with results in Tab. 5.5 which are obtained with the same prompt engineering as
we use in the stage 1 of our data pipeline, SoM leads to degraded quality. In this comparison,
the advantages of our method, compared with prior baselines, are much larger. Negative
numbers are due to penalties from factual errors. Note that region-specific VLMs, including
our proposed DAM, have predefined ways of inputting regions, and thus SoM prompting is
not applicable to these models. {: models with thinking mode.

D.6 Additional Quantitative Results

Set-of-Marks Prompting. We present a comparison with baseline VLMs that use Set-
of-Marks (SoM) prompting [144] in Tab. D.4. SoM leads to degraded results compared to
the prompt engineering method used in stage one of our data annotation pipeline. This is
mostly because the marks proposed by SoM blend in with the object or the background in
complex scenes. They might also mask out some part of the object, which interferes with the
model’s understanding capabilities. Therefore, for fair comparisons, we use the same prompt
engineering method as we use in stage one of our data annotation pipeline in our main result
in Tab. 5.5. Importantly, region-specific VLMs, including DAM, have predefined ways of
encoding regional inputs, making SoM inapplicable to these models.
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[ Region of Interest

Q: What is the main
color of the clothing in
the masked area?

A: The main color of
the clothing in the
image is blue. ¢/

Q: What is the
material of the object
in the masked region
in the image?

A: The object in
the image is made
of wood. ¢/

{ Region of Interest ’

Q: How would you
describe patterns of
the object in the
masked region?
Answer with one
word.

A: Striped v/

¥ Region of Interest

Q: What is the object
in the masked region?
Answer with one
word.

A: Strawberry ¢/

Figure D.6: Emerging zero-shot QA capabilities. DAM could answer questions about
regions in an image, showcasing capabilities such as object recognition and property identifi-
cation.
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D.7 Additional Qualitative Results

Detailed Localized Image Captioning

In Fig. D.7, we present additional examples from LVIS [161] to show our model’s strong
performance on detailed localized image captioning.

Our model demonstrates robust localization and region understanding capabilities. In
the first example, it accurately describes the sofa cushion without mentioning the dog that
is outside the masked region. In the second example, it correctly identifies the roller blind,
which would be challenging to recognize based solely on a local crop without context. In the
third example, the model provides a detailed description of the giraffe without referencing
the birds perched on it, as they fall outside the masked region. These examples highlight our
model’s precise localization abilities and its effectiveness in perceiving regional details with
contextual understanding.

Zero-shot QA Capabilities

Although not trained on any regional QA datasets, DAM surprisingly exhibits emerging
zero-shot capabilities on regional QA.

In Fig. D.6, we show examples of our model performing zero-shot QA. DAM is able to
identify properties of objects in the masked regions. For example, it is able to identify the
color of the clothing, the material of the stick, and the textural pattern of the fish in the first
three examples. DAM is also capable of performing object recognition for a region in the
image, identifying the strawberry in the last image.

Detailed Localized Video Captioning

We present more examples for detailed localized video captioning in Fig. D.8 and Fig. D.9.
Our model can describe objects in videos with large object motion and camera motion. DAM
can also identify stationary objects by indicating that they are stationary in the description.

Qualitative Comparisons with Strong Baselines

Detailed Localized Image Captioning. We also present qualitative comparisons with
GPT-40 [100] and our strongest open-weight baseline VP-SPHINX [110] in detailed localized
image captioning in Fig. D.10.

In both examples, GPT-40 could not correctly recognize the objects in the masked regions,
providing only vague descriptions. VP-SPHINX, while better than GPT-4o, still struggles
with accurate object recognition and detailed descriptions. In the left image, VP-SPHINX
incorrectly describes a group of seals when the masked region contains only one seal. In
the right image, VP-SPHINX identifies the towel but provides minimal detail, missing key
attributes like its color and texture.
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Dataset # Images # Regions
Stage 1:

LVIS [161] 90,613 373,551
Mapillary Vistas v2.0 [245] 17,762 100,538
COCO Stuff [246] 28,365 32,474
Openlmages v7 [247, 248| 64,874 96,006
PACO [162] 24,599 81,325
Stage 2:

SA-1B (10%) 592,822 774,309
Total 819,035 1,458,203

Table D.5: Dataset statistics across stages with total images and regions for training
detailed localized image captioning. In stage 1, we annotated 684k regions across 226k
images from existing instance and semantic segmentation datasets. In stage 2, we perform
SSL on 10% of SA-1B images without using the masks provided by the datasets, resulting in
774k regions across 593k images. In total, we annotated 1.46M regions across 819k images
with detailed localized descriptions. This diverse and high-quality dataset is the key to our
model’s performance. Note that due to filtering the number of instances and images are lower
than the number of instances and images in the original dataset.

Our model outputs detailed and high-quality descriptions of the seal and the towel. This

improvement stems from our model’s design which enables the fusion of object-specific
information with broader contextual understanding.
Detailed Localized Video Captioning. We present comparisons with three strong video
understanding models, GPT-4o [100], Qwen2.5-VL [174], and recent work VideoRefer- [120],
in detailed localized video captioning in Fig. D.11. In the top example, we observed that
GPT-4o struggles to interpret the cow’s movements. Similarly, Qwen2.5-VL-7B incorrectly
perceives the cow as stationary. VideoRefer-7B provides minimal motion and appearance
details. In contrast, our 8B model accurately identifies the motion of the cow, providing more
detailed information about it.

In the bottom example, GPT-40 misidentifies the object, mistakenly assuming the animal
is transforming into a wolf or a pig. Meanwhile, Qwen2.5-VL-7B believes only the sheep’s
head is moving. VideoRefer-7B recognizes that the sheep is moving but provides little detail
about the appearance of the sheep. In contrast, our model correctly identifies the animal
in the masked region as a sheep throughout the video and accurately recognizes its full
movement, providing details about its motion and appearance.
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Dataset # Videos # Regions
SA-V [159] 36,922 93,969

Table D.6: Dataset statistics across stages with total videos and regions for training
detailed localized video captioning. We label 94k regions across 37k videos from SA-V
dataset [159] for detailed localized video captioning. Note that each region indicates an
instance across multiple frames in the video.

D.8 Implementation Details

Data Annotation Pipeline

Stage 1. We annotate four existing instance and semantic segmentation datasets for detailed
localized descriptions. We use off-the-shelf VLMs for region annotations, with 603k regions
across 202k images with detailed localized descriptions in total in stage 1. For the model
variant used in PACO [162| open-class dataset evaluation, we additionally merged in 81k
annotated instances from PACO [162] to improve its part description capabilities, leading
to 684k annotated regions, as detailed in Tab. D.5. To prompt a VLM to output detailed
localized descriptions, we input a cropped image and a masked image. While the cropped
image allows coarse localization and provides high token density per pixel for clear descriptions,
the masked image helps localize the object of interest when there are multiple instances with
the same category. The category name is also provided in the text prompt, relieving the
model from having to identify the object without the context from the image. We present
the prompt for data annotation in Tab. D.7.

Stage 2. We annotate 10% of SA-1B through self-labeling, resulting in 774k annotations
across H93k images, as detailed in Tab. D.5. Due to filtering, the final number of instances
and images is lower than the original 10% subset of SA-1B. We do not use the masks provided
with SA-1B, as they contain a large number of masks for parts. Instead, we employ the
open-vocabulary detector OWL-ViT v2 [42, 249] to detect objects in the images, and then
use SAM [159] to generate masks for the detected instances. Finally, we use SigLIP [240] to
evaluate the image-text similarity, taking the region as an image.

To ensure data quality, we apply extensive filtering (i.e., rejection sampling) based on
confidence scores from OWL-ViT v2, SAM, and SigLIP image-text similarity. We also ensure
we have at most two instances per image, and for images with two instances, these two
instances have to be from different classes. The object category names produced by OWL-ViT
v2 are then put into a variant of our Describe Anything model, which is trained on data
from stage 1 and optimized for self-labeling. This variant generates descriptions with a 50%
probability of incorporating class names during training, as during self-labeling we have a
class name as a part of each input. The object category proposals used by OWL-ViT v2 are
generated by VILA 1.5 [140].
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Detailed localized video captioning. We annotated 94k regions across 37k videos from
SA-V dataset [159] for detailed localized video captioning, as detailed in Tab. D.6. Note that
each region, also called masklet, indicates an instance across multiple frames in the video. In
contrast to the use of SA-1B, where we did not use the masks that come with the dataset,
we use the high-quality masklets that come with the videos. We found that many masklets
cover parts of an instance, which is not necessarily helpful in describing the whole object as a
common use case of our model. Therefore, we performed instance segmentation on the videos
with ViTDet [250] + Cascade Mask R-CNN [251] trained by EVA-02 [252| and used voting
to match the segmentation masks with the masklets. In this way, we filter out most of the
masklets that are parts, since they likely do not correspond to instance masks. The matched
masklets carry the class name from the matched instance segmentation mask, which is used
in the annotation process to obtain a detailed localized caption for each masklet.

You are responsible to write a very descriptive caption to describe the {{category
}} in the provided SEGMENTED image. You may leverage the surrounding context of

the SEGMENTED image provided in the CROPPED image.

You must not mention any background in the caption and only describe the {{
category}} in the SEGMENTED image! The caption must ONLY contain sufficient
details to reconstruct the same {{categoryl}} in the SEGMENTED image but nothing

else!

Here are some additional rules you need to follow when describing the {{category}}

in the SEGMENTED image:

1. If there are multiple {{categoryl}} in the CROPPED image, focus on the {{
category}} in the SEGMENTED image.

2. If the {{categoryl}} in the SEGMENTED image is occluded by other objects, only
describe the visible part. DO NOT mention anything that is not directly related

to the visible part of {{category}}, such as "A segment of", which part is
invisible, etc. For objects with text written on it, describe the object
instead of just outputting the text written on it.

) Here is the SEGMENTED image that needs caption:

Table D.7: Our prompt for data annotation in stage 1.

Model Training

We start from off-the-shelf VILA 1.5 [140] models that are publicly available on Hug-
gingFace. For image-only training, we fine-tune VILA 1.5 3B model. For joint image-video
training, we use VILA 1.5 8B model. We use SigLIP [240] vision encoder, following VILA
1.5. To prevent catastrophic forgetting and to maintain instruction following capabilities, we
mix in ShareGPT-4V [253] with our localized image/video captioning dataset collected with
our proposed data pipeline. Following the VILA 1.5 training and inference recipe, we treat
videos as 8 images concatenated in the sequence.

We closely follow VILA 1.5’s recipe of the supervised fine-tuning stage and train all
modules, including the vision backbone, the projector, and the LLM. We fine-tune the model
for 1 epoch. For the 3B model, we use a batch size of 2048 with a learning rate of le-4 on 8
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Nvidia A100 GPUs. For the 8B model, we use a batch size of 2048 with a learning rate of
le-5 on 32 Nvidia A100 GPUs. Both models take less than a day to train. We use a cosine
scheduler with a warmup ratio of 0.03. No weight decay is used. For training our model
that takes in a class name for self-labeling, we randomly put the class name in the prompt
with 50% probability. For models without prompt augmentation, which is detailed below, we
simply use the prompt “Describe the masked region in detail.” Following VILA, we
always put image tokens in front of the textual tokens. As for the setting for the focal crop,
we extend the crop by 1x the width towards left and right, and 1x the height towards top
and bottom, unless we hit the boundaries of the image, in which case we take the boundaries,
i.e. a = 3 and the total area of the crop is enlarged up to 9x. If either the height or width is
less than 48 pixels, we take 48 pixels for that direction to encode more context for very small
regions, since the small regions themselves do not have much useful information.

Prompt Augmentation. We trained a variant of our model with prompt augmentation to
enhance generalization capabilities beyond detailed localized captioning, as analyzed in §D.7.
For these models, during training, we randomly select one of 15 prompts from a predefined
set. These prompts may or may not include a {prompt_suffix}. The default prompt suffix
is in detail. However, we introduce variability by conditioning the prompt on the number of
words or sentences in the target caption.

Specifically, with a 20% probability, we condition the prompt on the number of sentences,
using suffixes like in one sentence or in [number of sentences| sentences (e.g., in 2 sentences).
If the caption contains only one sentence, we use phrases like in a sentence or in one sentence.

With another 20% probability, we condition the prompt on the number of words in the
target caption. For captions with a small word count, we use exact numbers (e.g., in 3 words).
For longer captions (up to 200 words), we may round the word count to the nearest ten and
use phrases like in about 50 words or in around 50 words. If the caption exceeds 200 words,
we use the suffix in more than 200 words.

The list of prompts that include a {prompt_suffix} is as follows:

1. Describe the masked region {prompt_suffix}.
2. Describe the masked area {prompt_suffix}.

What can you describe about the masked region {prompt_suffix}?

-~ W

Can you describe the masked region {prompt_suffix}?
Provide an explanation of the masked region {prompt_suffix}.
Depict the masked area {prompt_suffix}.

Portray the masked area {prompt_suffix}.

Describe what the masked region looks like {prompt_suffix}.

L » N o o

[lustrate the masked region {prompt_suffix}.
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10. How would you explain the masked area {prompt_suffix}?

11. What details can you provide about the masked region {prompt_suffix}?
12. What does the masked region entail {prompt_suffix}?

13. How would you illustrate the masked region {prompt_suffix}?

14. How would you depict the masked area {prompt_suffix}?

15. How would you portray the masked area {prompt_suffix}?

Additionally, we have prompts that inherently request detailed descriptions without
requiring a suffix:

1. Give a detailed description of the masked region.

2. Provide a thorough description of the masked region.
3. Can you explain the details of the masked area?

4. Give a detailed account of the masked region.

5. Describe the masked area comprehensively.

Provide an in-depth description of the masked region.

Explain the specifics of the masked area.

o N>

Can you provide a thorough explanation of the masked region?
9. What are the details of the masked area?

10. Provide a comprehensive description of the masked area.

11. What specific details can you provide about the masked region?

12. Can you give an in-depth account of the masked section?

13. What are the main characteristics of the masked region?

14. Give a thorough description of the masked area’s details.

15. Provide detailed information about the masked area.

For prompts without a suffix, we do not condition the generation on the number of words
or sentences.
During training, we select prompts based on the prompt_suffix:
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e If the prompt_suffix is in detail (the default option), we may choose from either set
of prompts.

e If the prompt_suffix specifies word or sentence counts, we select only from prompts
that include {prompt_suffix}.

This approach introduces variability in the prompts, encouraging the model to generate
responses with controls from the prompts in mind, thereby enhancing its generalization and
instruction-following capabilities.

Inference Setting

Unless otherwise mentioned, our prompt for obtaining detailed localized image descriptions
at inference time is the following:

Describe the masked region in detail.

Our prompt for obtaining detailed localized video descriptions at inference time is the
following:

Given the video in the form of a sequence of frames above, describe the
object in the masked region in the video in detail. Focus on appearance,
motion, and actions. If the motion involves multiple stages or steps,
break down each stage and describe the movements or changes sequentially.
Ensure each phase of motion is described clearly, highlighting
transitions between actions.

For Co3Dv2 [175] sequences that we treat as videos, we use the following prompt:
Describe the masked region in the video in detail. The video consists

of multiple views of a stationary object. Focus on the appearance of
the object without mentioning any motion or actioms.
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Detailed Localized
Descriptions

Images with Regions
of Interest

i Regibn of Intérest J

A brown leather cushion with a
smooth texture and a slightly
curved upper edge, exhibiting a
sheen indicative of a soft,
possibly plush surface.

A navy blue roller blind with a
smooth texture and a horizontal
seam dividing it into two sections.

g Srpases = =
- Region of Interest ;
{ ot s i:j

An adult giraffe with a pattern of
large, irregular brown patches
separated by cream-colored lines
on its neck. The giraffe has two
ossicones on top of its head, dark
eyes with long eyelashes, and a
pair of small ears. Its skin appears
smooth, and the giraffe's
expression is calm.

Figure D.7: Additional results from LVIS [161] demonstrating DAM’s detailed
localized image captioning capabilities. Our model exhibits robust region understanding
and localization across diverse scenarios. It produces precise descriptions of objects within
masked regions while successfully identifying challenging details like the roller blind in the
second example through effective use of contextual cues.
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A young child, dressed in a light-colored long-sleeve shirt and beige pants, is captured in a sequence of dynamic movements. The

child appears to be in mid-motion, possibly dancing or playing, with one arm raised and the other slightly bent. The child's posture

DAM suggests a lively and energetic demeanor, with a slight forward lean indicating movement. The legs are positioned in a way that

m suggests a step or a jump, with one foot slightly lifted off the ground. The child's head is tilted slightly upward, adding to the sense of

motion and engagement. Throughout the sequence, the child maintains a consistent posture, with the arms and legs moving in
coordination, conveying a sense of playful activity.

(a) DAM accurately describes fine-grained details for the masked region.

Input
Video

A cat with a predominantly white coat and distinct orange patches is seen in a series of fluid movements. Initially, the cat is crouched

low, its body compact and poised, suggesting a state of alertness or curiosity. As the sequence progresses, the cat begins to rise, its

DAM body elongating and stretching, indicating a transition from a crouched position to a more upright stance. The cat's ears are perked,

m and its eyes are focused, suggesting attentiveness to its surroundings. The tail, initially curled, extends outwards, providing balance

and a sense of readiness. The cat's movements are smooth and deliberate, showcasing its agility and grace. As it continues to rise, the

cat's posture becomes more upright, and its head turns slightly, as if scanning the environment or preparing to move in a new

direction. The sequence captures the essence of a cat's natural curiosity and fluid motion, highlighting its ability to navigate its
environment with ease and elegance.

(b) DAM is still able to output high-quality descriptions in scenes with fast camera and object motion.

Input
Video

A polished brown leather shoe, characterized by its sleek, glossy finish and classic design, moves gracefully through a sequence of
steps. The shoe's pointed toe and smooth surface reflect light subtly, emphasizing its refined craftsmanship. As it progresses, the shoe
DAM maintains a steady, rhythmic motion, suggesting a confident stride. The heel, slightly elevated, provides a sense of balance and
u stability, while the sole appears sturdy, designed for comfort and support. Throughout the sequence, the shoe's movement is fluid and
purposeful, indicative of a person walking with intent and poise. The shoe's interaction with the ground is seamless, showcasing its
flexibility and durability. The overall impression is one of elegance and sophistication, with the shoe serving as both a functional and

stylish accessory.

(c) DAM is able to accurately keep track of small objects across the dynamic scene.

e [' l‘ l‘] & f'l

A stone sculpture of a standing figure, draped in a flowing robe, is depicted in a serene and poised stance. The figure's right arm is
bent at the elbow, with the hand gently resting on the chest, while the left arm is slightly extended outward, suggesting a gesture of

DAM . : N - . . ' . .
! contemplation or prayer. The head is adorned with a simple, rounded headpiece, and the facial features are finely detailed, conveying

a sense of calm and introspection. The robe, intricately carved, wraps around the body, creating soft folds and drapes that add to the
sculpture's lifelike quality. The figure stands firmly on a base, exuding a sense of stability and grace. Throughout the sequence, the
sculpture remains stationary, embodying a timeless and tranquil presence.

(d) DAM correctly identifies stationary objects in the video, offering detailed descriptions for the appearance of the specified object.

Figure D.8: Additional results from DAM on detailed localized video captioning
(Part 1). Our model is able to accurately describe small objects in complex scenes that
involve large object motion and camera motion. Our model also correctly identifies stationary
objects captured by a non-stationary camera by saying they are stationary. Videos visualized
in this figure are from SA-V [159] dataset.
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Input
Video

An elephant, characterized by its large, rounded ears and long, curved tusks, moves gracefully through the sequence. Its skin appears
rough and textured, with a grayish-brown hue that suggests a natural, earthy tone. The elephant's trunk, a versatile and muscular
DAM appendage, is prominently visible, swaying gently as it walks. Its eyes are small and partially obscured by the folds of its skin, giving it
a calm and serene expression. The elephant's legs are sturdy and columnar, supporting its massive body with ease. As it progresses
u through the sequence, the elephant maintains a steady and deliberate pace, its movements fluid and unhurried. The tusks, slightly
curved and pointed, catch the light subtly, adding a touch of elegance to its robust form. Overall, the elephant exudes a sense of

majesty and tranquility, moving with a quiet confidence that is both powerful and graceful.

(a) DAM accurately describes fine-grained details for the masked region.

Input
Video

A white SUV is prominently featured, showcasing a sleek and modern design. The vehicle's body is smooth and aerodynamic, with a
DAM slightly elevated stance typical of SUVs. The front of the car is characterized by a distinctive grille and sharp, angular headlights that

wheels, with their intricate alloy design, rotate smoothly, indicating a well-maintained vehicle. The side mirrors are positioned to
provide optimal visibility, and the windows are tinted, adding a touch of sophistication. The SUV's movement is fluid, suggesting a
well-engineered suspension system that handles the road with ease. Throughout the sequence, the car remains the focal point,
exuding a sense of reliability and style.

I give it a bold and assertive look. As the sequence progresses, the SUV moves steadily forward, maintaining a consistent trajectory. The

(b) DAM is able to handle objects that are heavily occluded in some frames.

Input
Video

A person wearing a blue jacket with white text on the back is captured in a sequence of dynamic movements. Initially, the individual is
DAM Seen in a slightly bent posture, suggesting a moment of balance or readiness. As the sequence progresses, the person appears to be

its distinct color and text, remains a focal point throughout the sequence, emphasizing the person's presence and movement. The
person's head is slightly tilted, and their posture suggests a forward-leaning stance, consistent with active movement. The sequence
concludes with the person seemingly in mid-stride, capturing a sense of continuous motion and purpose.

! in motion, possibly walking or running, with their arms extended forward, indicating a sense of urgency or direction. The jacket, with

(¢) DAM is able to output detailed descriptions for objects despite occlusion due to object motion and human articulation.

Input
Video

A cat with a sleek, short-haired coat of light gray and white fur is prominently featured. Its ears are perked up, and its large, expressive

DAM eyes are wide open, giving it an alert and curious demeanor. The cat's body is slightly turned, suggesting a poised and attentive

stance. As the sequence progresses, the cat's head tilts slightly upward, maintaining its focused gaze. Its whiskers are long and

u prominent, adding to its inquisitive expression. The cat's posture remains mostly upright, with subtle shifts in weight that suggest a

readiness to move or react. Throughout the sequence, the cat's overall demeanor is one of calm vigilance, as if it is observing
something of interest with keen attention.

(d) DAM correctly identifies slight motion in the video, showing its capability for detailed motion analysis.

Figure D.9: Additional results from DAM on detailed localized video captioning
(Part 2). Our model is able to accurately describe objects that are partially occluded and
is able to perceive and describe slight motion. Videos visualized in this figure are from
MOSE [244] dataset.
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GPT-40

-

VP-SPHINX

DAM

DAM (Ours)

A dark brown, elongated, and slightly curved object with
a smooth texture and a tapered end.

A large group of seals is scattered across a sandy beach.
The seals appear to be resting, lying on their sides, with
some facing the water and others turned toward the land.
They exhibit a range of sizes, suggesting both adult and
younger seals are present. The beach itself is sandy, and
the water's edge is visible. In the background, a few birds
can be seen, likely seagulls, and the sky is overcast.

The harbor seal has a sleek, elongated body with a dark
brown coloration. Its skin appears smooth and slightly
shiny, with a few lighter patches scattered across its
back. The seal's body tapers towards the tail, which is not
visible in the image.

Did not recognize
the object X'

Did not recognize
the object X

Recognize the object ¢/
Abundant details ¢/
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VP-SPHINX

DAM

DAM (Ours)

A light gray, elongated, and slightly curved object with a
smooth texture and subtle, irregular surface patterns. The
object has a narrow, tapering end and a broader, slightly
wavy opposite end.

Did not recognize
the object X

A towel is hanging off the edge of a white bathtub. The
towel is positioned in a way that suggests it is easily
accessible for someone taking a bath. The towel appears
to be clean and ready for use.

Recognize the object ¥
Minimal details X

A light gray towel with a soft, plush texture, featuring a

subtle, darker gray pattern along the edges. The towel is Recognize the object ¢
folded and draped, creating a flowing, slightly wrinkled ~Abundant details +
appearance.

Figure D.10: Qualitative comparisons demonstrate the superior localized image
understanding capabilities of our model compared to GPT-40 [100] and VP-
SPHINX [110], our strongest open-weight baseline. GPT-4o struggles to recognize
objects in masked regions accurately, offering only vague descriptions. In the left image,
VP-SPHINX incorrectly describes a group of seals when the masked region contains only one
seal. In the right image, VP-SPHINX identifies the towel but provides minimal detail, missing
key attributes like its color. In contrast, our model delivers precise, detailed descriptions
and captures the seal’s sleek elongated body, dark brown coloration with lighter patches,
and the towel’s light gray color, wrinkled texture, and darker edge pattern. This superior
performance stems from our model’s architecture that effectively fuses object-specific details
with broader contextual understanding.
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weight from one leg to another. The cow occasionally flicks its tail, indicating a relaxed state. Its head is lowered, possibly
grazing or sniffing the ground. The cow's coat is smooth, with a consistent color pattern. As the sequence progresses, the cow

GPT-40 takes small steps forward, adjusting its position slightly. The motion is gradual, with the cow maintaining a calm demeanor
throughout.

Incorrect motion

E A cow is standing in an outdoor area, tethered with a rope. Its body is mostly stationary, with slight movements as it shifts its
understanding X

A cow, tethered by a rope, stands in a courtyard surrounded by other cows and a blue vehicle. The cow's body is
predominantly light brown with darker patches, and it has a white patch on its face. Its tail is slightly raised, and it appears to
be looking around, possibly observing its surroundings or reacting to sounds. The cow remains stationary throughout the
video, maintaining a calm demeanor. The background includes a concrete floor scattered with some debris, a wall with a

Qwen2.5-VL window, and a blue vehicle parked nearby. The overall scene suggests a rural setting where the cows are likely being kept for
grazing or other agricultural purposes.

Incorrect motion
understanding X

>

—
i3
)

4

VideoRefer

{y  The cow that was the first to move forward and start walking. Minimal motion and
appearance details X

A cow with a rich brown coat and a lighter patch on its rump is depicted in a sequence of movements. Initially, the cow is seen .
DAM with its head slightly lowered, suggesting a calm demeanor. As the sequence progresses, the cow begins to move forward, its Recognize the
n legs extending in a steady, rhythmic gait. The tail, with its tufted end, sways gently with each step, adding a sense of fluidity to motion v’
its motion. The cow's body remains mostly upright, with its back slightly arched, indicating a relaxed posture. The legs, sturdy
DAM (Ours) and well-defined, carry the cow forward with a sense of purpose. Throughout the sequence, the cow maintains a consistent Abundant details v/
pace, its movements smooth and unhurried, embodying a serene and composed presence.

An animal is present in the region, initially appearing as a sheep with a woolly coat. It stands on a patch of ground with
sparse vegetation. As the sequence progresses, the animal undergoes a series of transformations. Its appearance shifts
@ from a sheep to a creature resembling a wolf, with a sleeker, more streamlined body and a different texture. Thelnccm,e‘:t appearance

transformation continues as the animal takes on the form of a pig, with a rounded body and a pinkish hue. This change is

GPT-40 gradual, with the animal's features morphing smoothly from one form to another. Throughout these transformations, the
animal remains in a similar position, occasionally adjusting its stance slightly. The sequence concludes with the animal
returning to a sheep-like form, completing the cycle of transformations.

understanding X

A sheep stands in a field, initially facing forward. It then turns its head to the left, looking over its shoulder. The sheep's body
remains mostly stationary, but its head movement suggests it might be reacting to something off-camera. The background  Incorrect motion
Qwen2.5-vL consists of dry grass and scattered twigs, indicating an outdoor rural setting. understanding X

>

‘A\
s

4
©

The sheep in the video is white and appears to be grazing. It is moving around the field, occasionally stopping to nibble on Minimal appearance
the grass. The sheep's motion is slow and deliberate as it searches for food. details X

VideoRefer

A sheep with a thick, woolly coat of light beige and white fur is seen moving gracefully. Its body is robust and rounded, with
DAM a slightly curved back. The sheep's head is small in proportion to its body, with a pair of alert, medium-sized ears that stand Recognize the
ﬂ upright. As it moves, the sheep's legs are sturdy and well-positioned, supporting its weight as it walks with a steady, motion v’
deliberate pace. The tail is short and slightly curved, adding to its balanced silhouette. Throughout the sequence, the sheep
DAM (Ours)  Maintains a consistent gait, suggesting a calm and purposeful demeanor. Its movements are smooth and fluid, indicating a Abundant details ¢
sense of ease and familiarity with its surroundings.

Figure D.11: Our proposed DAM demonstrates superior localized video under-
standing compared to GPT-40 [100], QwenVL-2.5 [174], and VideoRefer [120].
Top figure: DAM accurately captures the cow’s forward movement with comprehensive
details, whereas GPT-40 and QwenVL-2.5 mistakenly perceive the cow as stationary. Com-
pared to VideoRefer, DAM provides richer descriptions of both motion and appearance.
Bottom figure: DAM correctly recognizes the animal as a sheep and accurately describes its
graceful movement, while GPT-40 erroneously identifies it as transforming into other animals,
and QwenVL-2.5 incorrectly perceives that only the sheep’s head is moving. VideoRefer
provides limited appearance details, while DAM offers extensive, accurate descriptions. These
cases highlight DAM’s precise understanding of motion and appearance throughout video
sequences.
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Appendix E

Adaptive Parallel Reasoning

E.1 Additional Related Works

Language model reasoning algorithms Chain-of-thought (CoT) prompting [182] was
the first approach to show how, with the right prompt, additional test-time compute can
be exploited to improve language model performance on an end task. Building on the
promise of CoT, models were evaluated on increasingly complex reasoning tasks, and the
output sequences produced by CoT and its variants became increasingly out-of-distribution
from model training data. This motivated the development of approaches that fine-tune
language models to perform reasoning more effectively by making their reasoning traces
in-domain, and by searching for optimal reasoning strategies at training time [183, 184].
In these approaches, during learning, reasoning traces are sampled from a language model
on training task instances, and the sampled traces are used during model optimization,
for example by fine-tuning only on traces that lead to task success, or by reinforcement
learning. Such exploration-based learning is the key element of success for popular models
like DeepSeek-R1 [177]|, OpenAl’s ol [126], Kimi 1.5 [185], and Stream-of-Search [SoS; 4].
However, these approaches all result in models that produce significantly longer output
sequences, which imposes several limitations due to the fact that autoregressive generation
is inherently serial: longer output sequences means higher latency, and context window
constraints on serving system cap the feasible output length and complexity of reasoning. We
also experiment with exploration-based learning for reasoning, but with a crucial difference
from these prior approaches: we provide a special action to the language model, allowing it to
distribute their inference-time computation into serial and parallel operations. In comparison
to serialized inference, parallelizing reasoning traces both reduces latency and the stress of
context window limitations. Not only do our experimental results confirm this, but we also
show that models trained end-to-end to distribute their inference-time compute significantly
outperform these existing approaches at the same computational budgets.

Parallelizing inference with multiple independent language model calls has emerged as
another avenue for scaling reasoning tasks. For example, in self-consistency [178], multiple
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candidate solutions to a reasoning problem are generated independently, and the most common
solution among them is chosen. While ensembling methods like these effectively improve task
performance, their core limitation is the independence between inference threads; the lack of
coordination among threads leads to redundant computation and thus suboptimal resource
utilization.

Methods such as Tree of Thought [179], Graph of Thought [254], Skeleton of Thought [193],
Atom of Thought [197], and Self-Ask [203]| build on these simple ensembling methods by
structuring the exploration of reasoning paths into multiple parallelizable calls to run inference
on a language model. Several recent approaches also propose to perform reasoning tasks
by simulating multi-agent interaction [189, 255, 190, 194, 196, 256, 198|. However, the
proposed search structures (and, in the case of multi-agent reasoning, the communication
protocol) of these methods are fixed and hand-designed, which limits their flexibility and
scalability. Furthermore, these structured inference methods are predominantly prompting-
based,! without end-to-end optimization, which imposes a wide distributional gap between
sequences processed at training and inference-time. Instead, we train language models to
structure their own search at inference time, distributing computation between parallelized
and serialized operations. In theory, our framework could result in language models that
implement the same search structures as existing approaches, such as Tree-of-Thought [179],
without explicit prompting or hand-designed orchestration of language model calls.

Concurrent to our work, PASTA [199] and Hogwild! Inference [200], released in February
and April 2025 respectively, also explore parallel reasoning. PASTA decomposes a sequential
task into parallel sub-tasks that eventually merge back into a single main thread. Our
method, however, spawns multiple exploratory threads in parallel and selectively incorporates
only successful outcomes, effectively scaling to better performance as compute increases.
Hogwild! Inference employs parallel workers to collaboratively solve problems; yet, it remains
a prompting method, while APR optimizes collaborative reasoning in an end-to-end manner
through supervised training and reinforcement learning, providing a more integrated solution
to efficient inference parallelization.

Our work is related to existing algorithms for training language models to directly control
the inference process, for both efficiency and performance reasons. For example, PENCIL [201]
trains models to adaptively discard parts of their context at inference time to reduce the
context length, and thus the time complexity of producing a successful reasoning trace. [202]
train language models to inject additional “pause” tokens into their output sequences, which
are shown to improve end-task performance by increasing inference-time computation. Both
approaches train using supervised demonstrations of token discarding (or injection). To the
best of our knowledge, we are the first to use end-to-end reinforcement learning to optimize
language model control over inference.

While [196] employ reinforcement learning for optimizing prompts and connectivity between agents, the
underlying language models are still fixed.



194

Language model serving systems Language model inference is primarily memory-
bounded, with modern serving frameworks optimizing performance through batched processing
of multiple requests in parallel. Systems like vLLM [209] and SGLang [180] have significantly
improved token throughput per request and total throughput across all requests. While
these systems can scale horizontally by adding more GPUs or increase total throughput by
expanding batch size, they face a fundamental constraint: the token generation rate per
individual thread remains limited (typically 50-100 tokens per second for models like GPT-40).
This limitation creates significant latency issues for sequential chain-of-thought methods, as
generating reasoning traces for complex problems can take 10-60+ seconds, degrading user
experience. Additionally, long reasoning traces quickly consume the available context window.
Adaptive Parallel Reasoning addresses these bottlenecks by distributing computation across
parallel sub-threads, reducing end-to-end latency while enabling more complex reasoning
within practical time constraints and maintaining compatibility with existing serving systems.

E.2 Implementation Detalils

Model architecture We use a model following Llama2 [205] with 228M non-embedding
parameters (293M total parameters) with the following key specifications: 18 hidden layers,
1024 hidden dimension, 16 attention heads, and a 4096 token context window.

Supervised training We conduct supervised training using 128 TPUv3 cores. Across all
experiments, we use a batch size of 256 and a learning rate of 5e-5. The model is trained for
19,000 steps—approximately 10 epochs—following the setup in [4].

Reinforcement learning We run reinforcement learning with 2 Nvidia GPUs with GRPO
algorithm [204]. The training batch size is 64, with each sample rolled out 5 times (i.e., the
group size is 5). The model is rolled out with SGLang. The temperature for rollout in training
is set to 1.0. We use greedy sampling for evaluation unless otherwise stated, since it achieves
the best performance for both SoS+ and APR compared to other evaluation temperatures.

Training is conducted using a learning rate of 1 x 107 and a PPO clip ratio of 0.2. We
run training for 150 total steps, each consisting of 2 inner PPO optimization steps. We apply
gradient clipping with a maximum norm of 1.0 and validate performance every 25 steps. For
the KL divergence factor used in the GRPO framework, we set the factor to 0.01 for SoS+
baseline and 0.001 for APR for training stability.

E.3 Additional Results with Larger Models

We evaluated both APR and the SoS+ baseline using a 600M-parameter Llama2 model
to study scaling with model size. Figure E.1 reports accuracy over average total compute (in
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thousands of tokens), following §7.4. Both methods improve with increased model capacity,
and APR maintains a substantial lead over SoS+ at every compute level.

APR (200M)
—@— APR (600M)
80 S0S+ (200M) pass@n
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Figure E.1: Accuracy vs. average total compute (in thousands of tokens) for 200M and 600M

parameter models. APR consistently outperforms SoS+ and scales more strongly with model
size.

E.4 Additional Results with Pretrained Models

To verify that APR’s gains extend beyond models trained from scratch, we fine-tuned a
pretrained Qwen2.5 1.5 B model on the same SoS+ and APR demonstration data (approxi-
mately 4 k supervised steps). As Table E.1 shows, APR significantly outperforms the SoS+
baseline on Qwen, mirroring the trend observed with Llama2. This demonstrates that our
parallel reasoning framework is agnostic to model family, size, and pretraining status.

Llama2 200M Qwen2.5 1.5B (pretrained)

S0S+ 57.4 % 57.5 %
APR 83.2 % 80.2 %

Table E.1: Accuracy of SoS+ and APR when fine-tuning on a pretrained Qwen2.5 1.5 B
model versus a Llama 2 200 M model.



196

E.5 Extended Context Window Experiments

We evaluated APR and SoS+ on a five-number Countdown variant—whose search space
is 40x larger—using context budgets up to 8k tokens. Figure E.2 shows that APR continues
to improve up to about 6k tokens and outperforms SoS+ beyond 3.5k tokens, achieving gains
of 7% and 11% at an 8k-token budget.
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Figure E.2: Accuracy vs. context window size on the five-number Countdown task for SoS+
and APR.

E.6 Symbolic Search Algorithm

We build upon the BFS and DFS algorithm in Stream-of-Search [4] and implement our
improved version SoS+ as shown in Algorithm 4.

For the parallel search version, we mostly follow the same algorithm, but when the model
decides to do DFS on a certain node, it will spawn a list of sub-searches and explore the
nodes in parallel. The algorithm is illustrated in Algorithm 5. We recommend referring to
our official implementation available at github.com/Parallel-Reasoning/APR.

SE is a state expansion function that decides what are the next step to explore, while
is_promising a heuristic function to judge if the current node is promising or not.

Concretely, the state expansion function follows [4], where we select the top K operations
ranked by the multiple heuristic. The multiply heuristic considers the target number 7" and
the input numbers and the factors of the target. If T" has factors {f1, fa, ..., fin }, the multiply
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Algorithm 4 SoS+ Symbolic Solver

Input: start_state, goal_state
1: state_deque < SE(start_state)
2: while state_deque # ) do
3: current_state < state_deque.popleft()

4: if current_state = goal_state then

5: return "Goal reached"

6: end if

7 if IS PROMISING(current_state) then

8: result < SOS+(current_state, goal_state)
9: if result = "Goal reached" then

10: return "Goal reached"

11: end if

12: else

13: states_to_explore < SE(current_state)
14: state_deque.extend(states_to_explore)
15: end if

16: end while
17: return "No result"

heuristic can be written as Ayutipy, = min({| f; — Z‘Zﬂl n;|Vj € [1,m]}). Due to the difficulty

in implementing an accurate is_promising function, we simply let it return True for 10%
of the time, which we leave reinforcement learning to further optimize the promising node
selection strategies.

E.7 SoS vs. SoS-+

Method Temp = 0.0 Temp = 0.1 Temp = 0.5 Temp = 1.0

SoS 49.5% 49.6% 47.1% 37.9%
S0S+ 57.3% 57.1% 52.0% 48.1%

Table E.2: Accuracy comparison between SoS and SoS-+ across different temperature settings.
SoS+ consistently achieves higher performance, especially at lower temperatures.

Here, we compare the performance of models trained with SoS and SoS+ demonstrations
without conditions under different sampling temperatures. As shown in Tab. E.2, our SoS-+
approach significantly outperforms the original SoS method.
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Algorithm 5 APR Symbolic Solver

1: function APR(start_state, goal_state, main = True)

2: state_deque < SE(start_state)

3:  while state_deque # () do

4: current_state < state_deque.popleft()

5: if current_state = goal_state then

6: return "Goal reached"

7: end if

8: states_to_explore « SE(current_state)

9: if main A IS_ PROMISING(current_state) then > Parallel exploration in
promising states

10 parallel_results < [APR(s,goal_state,False) | s €
states_to_explore]

11: for r € parallel_results do

12: if r = "Goal reached" then

13: return "Goal reached"

14: end if

15: end for

16: else

17: state_deque.extend(states_to_explore)

18: end if

19: end while

20: return "No result"

21: end function

E.8 Effect of SoS+ Supervised Training Data

We study whether improving the quality of supervised demonstrations can narrow the
performance gap between SoS+ and APR. Specifically, we evaluate two enhanced training
strategies for SoS+: (1) increasing the maximum beam size from 5 to 15 during demonstration
generation to mirror the setup used in APR, and (2) applying rejection sampling to curate
500K high-quality training examples that are both correct and fit within the context window.
We report results at two decoding temperatures: 0.0 and 1.0.

As shown in Tab. E.3, SoS+ performance is fundamentally limited by the context window
size, as it cannot learn from long search paths without parallel exploration. Increasing the
beam size improves symbolic solver accuracy but leads to longer trajectories that exceed the
model’s context length, ultimately reducing performance. Rejection sampling improves train-
ing quality by filtering for context-bounded correct examples, yielding gains at temperature
1.0, but the overall impact remains modest and still falls short of closing the gap to APR.
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Temp = 0.0 Temp = 1.0

SoS+ (baseline) 57.3% 48.1%
SoS+ (beam size = 15) 50.9% 42.5%
SoS+ (rejection sampling) 56.5% 54.5%

Table E.3: Accuracy of SoS+ trained with different supervision strategies.

E.9 Effect of Temperature

We ablate the effect of temperature on how performance scales with compute, extend-
ing Fig. 7.4a. As shown in Fig. E.3, APR consistently outperforms SoS+ regardless of
temperature, exhibiting greater robustness and efficiency under varied sampling conditions.
Again, Table E.4 shows that our results—and their relative advantages—remain consistent
across temperatures, both before and after RL.

a5 Temperature = 0.1 Temperature = 0.5 Temperature = 1.0

APR APR APR
SoS+ pass@n SoS+ pass@n SoS+ pass@n

80 =t S0S+ cons@n ——te— S0S+ cons@n ——de— S0S+ cons@n
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Avg Total Compute (Tokens) Avg Total Compute (Tokens) Avg Total Compute (Tokens)

Figure E.3: Ablation of APR and SoS+ vs. total compute under different temper-

ature settings. Across all settings, APR demonstrates more reliable and efficient scaling
behavior.

E.10 Differences Between Sequential Tokens and
Wall-Clock Time

While the number of sequential tokens correlates well with wall-clock time, in practice,
there is a slight mismatch due to hardware constraints. Specifically, we utilize an 8-GPU
server; however, in scenarios with higher compute demands—such as those involving up to 10
child threads—some GPUs may end up handling multiple child threads, leading to uneven
workloads and increased computational load on certain devices. This issue can be mitigated
by allocating additional GPUs and improving load balancing during model serving.
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Method Temp = 0.0 Temp = 0.1 Temp = 0.5 Temp = 1.0
SoS+ 57.3% 57.1% 52.0% 48.1%

+ RL 60.0% 59.3% 59.1% 58.1%
APR 75.5% 75.9% 74.9% 67.8%

+ RL 83.4% 82.9% 81.3% 76.4%
APR (Num Child Thread Enforced) 83.2% 83.3% 83.8% 80.1%

+ RL 83.3% 83.3% 83.8% 81.9%

Table E.4: Accuracy of different search strategies across sampling temperatures. Each base
method is followed by its variant trained with RL.
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Appendix F
ThreadWeaver

F.1 Preliminaries

Adaptive Parallel Reasoning

Many reasoning problems naturally contain parallelizable structure, such as independent
sub-cases, alternative solution paths, or self-reflection on partial results that can be handled
along with exploration. Adaptive parallel reasoning (APR) [208] is a reasoning paradigm in
which a language model dynamically decides when to exploit such structure within a single
inference trajectory.

Formally, let my be a policy over an extended action space that includes text token
emissions and two control actions, spawn and join. Executing spawn at time ¢ creates m > 1
child threads {7 L, that evolve independently with no cross-thread reads under 7y until a
join. At join, a designated reducer aggregates the child outputs (e.g., via concatenation or
a learned summarization pattern) and returns the resulting information back to the parent
thread, which then continues decoding sequentially.

APR [208, 8, 9| differs from inter-trajectory parallelism such as self-consistency and
majority vote [178], where multiple complete chains are sampled independently and combined
only at the end. In APR, branching and joining occur inside a single trajectory with explicit
coordination across threads. This allows the model to parallelize decomposable subproblems
while maintaining a single coherent solution path. Our framework, Thread Weaver, follows
this paradigm.

Test-time Speed-Accuracy Pareto Frontier

Test-time scaling methods trade additional inference compute for higher accuracy. Prior
evaluations typically emphasize accuracy alone, e.g., by generating longer chains of thought
or sampling more trajectories for majority vote, while overlooking the accompanying latency
costs.
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We instead adopt a speed-accuracy Pareto view: given a difficult problem and
additional compute, we ask whether a method can reduce the end-to-end time from receiving
a user prompt to producing the final answer, rather than merely increasing accuracy at the
cost of slower inference. In our setting, latency is proxied by token latency, defined as the
number of tokens on the longest thread, or critical path, of a parallel inference trajectory
(Section 8.6). For sequential models, this reduces to the total number of generated tokens.
This metric correlates well with wall-clock time when parallelism is utilized at inference.
Unlike Multiverse [8] and Parallel-R1 [9], which focus on measuring latency per token and
the degree of parallelism within a parallel trajectory, we emphasize the speedup to answer
generation by comparing the token latency of a parallel model with a sequential model with
comparable reasoning capability under the same prompts.

Viewing existing approaches under this measurement reveals sharp differences. Self-
consistency [178] and other ensemble approaches improve robustness by sampling multiple
full solutions in parallel, yet the critical-path latency remains that of an entire trajectory.
Moreover, because trajectories are sampled independently without coordination, they often
replicate large portions of the same reasoning process, leading to substantial redundant
computation. In contrast, APR introduces structured intra-run branching: the model
decomposes a problem into multiple threads that execute concurrently and then rejoin. When
this decomposition aligns with the underlying problem structure, the longest thread can be
significantly shorter than a monolithic long chain-of-thought, yielding strictly lower token
latency.

GRPO Preliminary

Group Relative Policy Optimization (GRPO) is a policy-gradient method that computes
advantages with intra-prompt normalization [204]. For a prompt p, let G, = {r1,..., 7} be
the scalar rewards for k trajectories sampled from p. The group-normalized advantage for
trajectory i is given in Equation (8.1), which yields advantages that are comparable across
prompts, mitigating reward-scale and difficulty variance.

While GRPO can be paired with a PPO-style clipping surrogate [257], in our setting we
use fully on-policy updates (single rollout, single optimization step), so the importance ratio
is effectively 1 and clipping is inactive. We thus optimize the score-function objective

D4, Tp

Jarro(f) = E ()NWG[AS?POZIOgm(at | st)], (F.1)
t—

whose gradient is obtained from the standard REINFORCE estimator. In practice, we
minimize the pseudo-loss

Larro(0) = _E E - ZZ GRPOZlogw@ at | s, (F.2)
peEB Lui=1

Py peB i=1
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where T),; is the number of completion tokens for the trajectory ngi). This loss has gradient

—VoJcrpro- Note that we follow DAPO [258| and normalize over tokens across sequences in
the batch (3 5 Zle Tyi)-

F.2 Derivations for P-GRPO

From clipped GRPO to the score-function objective

For completeness, we first establish that P-GRPO with strictly on-policy sampling reduces
to a score-function (REINFORCE) estimator with a baseline. Define the PPO-style clipped
GRPO surrogate over a batch B with group size k:

k

1 1 . 3 . i
Teip(0) = EZ Ez ]ETI()i)NWGOId[mln(TQ(TZS ))A,p’i, Cllp(?"g(’]’]g N, 1—e1+¢) Am)} , (F.3)

where A, ; is the advantage computed via GRPO and the importance ratio is:

ro(r) = o) (F.4)

TOo1a (T)

The gradient of the unclipped objective with respect to 6 is:
Vo E[TQ(T)A} = IE[A VQrg(T)] = E[Are(7) Vglogmy(T)] . (F.5)

In our setting, we perform a single gradient update immediately after data collection (fully
on-policy), implying 0,q = 6. Consequently, ro(7) = 1 identically, rendering the clipping
operation inactive. Substituting ry(7) = 1 into Equation (F.5) yields the standard score-
function gradient:

VQJP_GRpo(Q) = ETNWG[A<T>V9 10g W@(T)] . (F6)

Factorization of Parallel Reasoning Trajectories

To implement Equation (F.6) efficiently for tree-structured parallel reasoning, we factorize
the probability of the trajectory. Let a parallel trajectory ngz) be represented as a sequence of
M, disjoint generation segments (or units) produced by the state machine:

T;“ = ((cont(i’l), comp®), ... (contM) comp(i’Mi)))
Here, each unit m consists of a context cont®™ (which may include the prompt and previously
generated segments) and a newly generated completion comp®™). Without loss of generality,

in this derivation, we ignore tokens that we do not apply loss on (e.g., the user prompt and
the tokens inserted by the state machine orchestrator). Under this assumption, the set of all
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completion segments {comp ™M forms a partition of all tokens generated by the model
in the trajectory ngi .

By the chain rule of probability, the log-probability of the entire trajectory is the sum
of the log-probabilities of its generated tokens. Since each completion segment comp™ is
generated conditioned on its specific history cont™™ | we have:

M;
IOgﬂ'Q(TIEi)) = Zlog m)(comp(i’m) | cont(i’m)). (F.7)

m=1

This factorization holds regardless of the parallel structure. For example, a shared <Outline>
segment is simply the completion of the first unit (conditioned on the prompt), while
subsequent <Thread> segments are completions of later units (conditioned on the prompt
and the Outline). The independence of parallel threads is naturally captured by the fact that
their contexts branch from the same parent node in the trie.

Broadcasted Credit Assignment

We now show that broadcasting the trajectory-level advantage to all tokens in all threads is
mathematically justified by relating it to the gradient of the total trajectory loss. Substituting
the factorization from Equation (F.7) into the gradient objective in Equation (F.6):

VoTr—crro(f)
= ETlgz‘)Nﬂe [Agﬂ-_GRPO V@ log 7T9(7'pi))]

M;
=E & Ag;GRPO Vo Z log 7y (cz(]’m) | :Ul(f’m))
m=1

M;
= ET;@NWQ Z Ag;GRPO VQ 10g Yy’ (C}(:’m) | :L';l(f’m)) , (FS)
Lm=1 .
where cg’m) = comp®™ and x,(,i’m) = cont®™™ for brevity. Equation (F.8) demonstrates

that the gradient of the full trajectory objective is simply the sum of the gradients for each
completion segment, weighted by the same scalar trajectory advantage A;?;GRPO.

In our implementation, we approximate the expectation using a Monte Carlo estimate
over the batch B. The broadcasting operation described in Section 8.5 assigns the scalar
A]EZGRPO to every token in every completion comp®™. When we compute the loss on these
tokens weighted by AZIZZGRPO, we are computing exactly the inner term of the summation in
Equation (F.8). Thus, P-GRPO’s advantage broadcasting is not a heuristic approximation.
It is the policy gradient estimator for the parallel trajectory reward structure.
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F.3 Implementation Details

We provide implementation details for ThreadWeaver training pipeline.

Data Preparation. Training prompts are sourced from the Polaris 53k dataset [225], which
contains 53,291 high-quality math reasoning problems. Each prompt contains a question and
a reference answer. We perform initial inference with Qwen3-8B to obtain a single reasoning
trajectory per prompt. In all generated trajectories, 36,296 (68.1%) contain both a correct
final answer (validated by symbolic evaluation) and a valid reasoning structure. These form
the base candidate trajectory pool for SFT.

Trie-based Sequence Merging In addition to the single branching case in the example
provided by Figure 8.4, our trie-based sequence merging also works on trajectories that
contain multiple <Parallel> blocks interleaved with sequential reasoning segments. We
explain how trie-based sequence merging works with multiple <Parallel> blocks in detail.

As illustrated in Figure F.1, we follow the same three steps as in the single-block case:
extract all (context, completion) units that the inference state machine would issue, insert
their token sequences into a shared prefix tree, and traverse the trie to obtain a single packed
sequence with an ancestor-only attention mask. Loss is still applied only to completion tokens,
so the total number of supervised tokens matches training on each unit independently. Because
the model also supports hybrid reasoning (i.e., it supports pure autoregressive decoding by
skipping the state machine), we additionally treat the full trajectory as a single (context,
completion) unit, with the user prompt as the context and the full model completion as the
completion. For simplicity, we omit this full trajectory unit in Figure 8.4 and Figure F.1, as
including the unit is only to allow the model to perform sequential reasoning with standard
autoregressive decoding.

Detailed State-Machine Specification. The inference orchestrator implements a state
machine with the following detailed phases, starting with a sequential phase with the user
prompt wrapped in a chat template defined by the model as the initial context:

1. Sequential phase. Decode sequentially until </0Outlines> is generated, which is
registered as a stop token for the sequential phase.

2. Parse outlines. Extract the numbered outline entries from the preceding outline
block.

3. Parallel phase. For each <Qutline> entry ¢, issue a completion request with <Thread>
i: appended to the previous context that includes all tokens that the LLM generated
previously, including the <Outlines> block. Generate completions independently until
</Thread>, which is registered as a stop token for independent generation in the parallel
phase. Threads do not attend to each other as they are treated as different requests by
the inference engine.
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Step 1: Extracting all <context, completion> pairs from a training example

What is the sum of the roots of quadratic equation $xA2 - 5x + 6 = 082 Think step by
step and put your answer in \boxed{}. Prompt Response
<think>

‘We want to solve x2 - 5x + 6 = 0.We can either factor or use the quadratic formula. I

First, we will use the quadratic formula to get both solutions.

<Parallel>

<Outlines>

<Outline>1: Compute the discriminant A = bA2 - 4ac.</Outline>

<Outline>2: Compute the denominator 2a and set up the formula.</Outline>

</Outlines>

<Thread>I:Herea = I,b=-5,c = 6.

Compute A = (-5)A2 - 41 6 =25 - 24 = | </Thread>

<Thread>2:We have 2a =21 = 2.

So the quadratic formula is

x = [b £ sqre(A)] / (2a) = [5 £ sqrt(A)] / 2.</Thread>

</Parallel>

Now substitute A = | into the formula and simplify the two roots. —>
<Parallel>

<Outlines>

<Outline>1: Compute the plus root x_|.</Outline>

<Outline>2: Compute the minus root x_2.</Outline>

</Outlines>

<Thread>1:x_1 = (5 + sqre(1)) /2= (5 + 1)2 = 62 = 3.

So one solution is 3.</Thread>

I *
I
I
I
I
I
I
I
I
I
I
I
I
I
I
i
I
I

<IParallel>
We have found both roots x = 2 and x = 3. .
The sum of the two roots is 2 + 3 = 5.

Therefore, the solution is \boxed{S}.
<lehink>
The sum of the roots for quadratic $xA2 - 5x + 6 = 0§ is $\boxed{S}$.

Step 2: Prefix-Tree Building Step 3: Tree Flattening to Single Sequence

T

- B urumm——

*
We apply masking and reset the position IDs s.t.| *1 only sees in its

context and . only sees * % ¥ in its context.

Figure F.1: Trie-based sequence merging with more than one parallel block. We still build a
prefix-tree (trie) based on the <context, completion> pairs from the training example and
then flatten the tree into one packed training sequence with an ancestor-only attention mask.

4. Join. Concatenate the context (prompt, outlines, and all thread texts) and append
</Parallel> to form the context for the next round of text completion. While we
expose all the reasoning in subthreads to the main thread, further optimizations are
possible to only return necessary information for subsequent computation, reducing the
context usage for reasoning.

5. Continue. Proceed sequentially until the next </Outlines> token or the [E0S] token.

Because we introduce no changes to the LLM architecture or context representation, our
method inherits existing serving optimizations (e.g., paged attention, prefix caching) and runs
out of the box on common LLM inference stacks that expose a text-completion API. Note
that common inference engines such as vLLM and SGLang support prefix caching, which
prevents regenerating the KV cache (i.e., rerunning prefilling) for context tokens if they share
prefix with a prior request. When the host API supports taking and returning token IDs, all
steps above can operate directly on token IDs without text decoding for additional efficiency.
The main potential sources of overhead are repeated API calls, which can increase queueing
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and scheduling costs especially in trajectories with many short branches, and needing to
prefill for threads beyond the first one, which can be expensive when later branches are much
longer. In our experiments, these factors did not become bottlenecks, as reflected in the
wall-clock speedups reported in Section 8.6, in part because we use an efficient vLLM-based
implementation with low scheduling overhead and because prefilling is significantly cheaper
than decoding.

Supervised Fine-tuning (SFT). From the 36,296 valid trajectories, we sample 1,000 for

rewriting using GPT-5 [224]|. Each sample is rewritten with a structured instruction prompt

to improve readability and ensure canonical parallelization, while preserving the exact step

order and final boxed answer. After automatic filtering for format and semantic alignment,

we use the remaining 959 high-quality rewritten trajectories as the training data for SF'T.
SE'T is performed for 8 epochs with the following hyperparameters:

e Optimizer: AdamW with 5; = 0.9, 8y = 0.95, and weight decay 0.01.
e Learning rate: initial 1 x 107 with 5% warmup and cosine decay.

Batch size: 16.

e Sequence length: maximum 40,960 tokens.

Loss: standard cross-entropy on the tokens with loss mask specified in Section 8.3.

Self-training. We apply the SFT-trained model to the full 53k Polaris prompt set to
generate new reasoning trajectories. Each trajectory is automatically scored by a dual-criteria
filter:

1. Answer correctness: whether the final boxed expression matches the ground truth,
using symbolic equivalence checks implemented via SymPy.

2. Structural validity: whether all <Parallel> and </Parallel> markers form a valid
structure, ensuring no partial threads or misuse of special tokens.

The trajectories generated with this process are used for the second-stage fine-tuning.
The self-training SFT stage uses identical hyperparameters to the initial SF'T, except we
only run for 1 epoch.

Reinforcement Learning. The final stage employs the proposed Parallel-GRPO (P-
GRPO) algorithm. Parallel rollouts are performed so that each of the prompts is sampled 8
times in each batch, and sequence-level advantages are normalized by group mean within
each prompt. Additional hyperparameters are listed as follows:

e Optimizer: Adam with learning rate 5 x 1075, no weight decay.
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Table F.1: Statistics for the three training trajectory datasets. “Sequential” are raw Qwen3-8B
trajectories subsampled from the 36k trajectories with the correct answers; “First-stage” are
GPT-5-rewritten parallel traces; “Self-train” are trajectories generated by the model trained
with data in the first stage and filtered as in §8.4. Parallel and acceleration ratios are
computed per trajectory then averaged.

Sequential Trajectories (sampled) First-stage Self-train

Size (format-correct) 1000 959 17,491
Avg. parallel ratio 0.00 0.77 0.68
Avg. longest seq. length 10,377 8,278 9,153
Avg. total tokens 10,377 11,143 11,176
Self-parallelism speedup 1.00 1.35 1.22
Avg. # parallel blocks 0.0 6.26 4.00
Avg. parallel path length - 541 969
Avg. tokens per parallel block - 1,542 2,458
Avg. threads per parallel block — 2.58 2.46

e Batch size: 128 (8 rollouts x 16 prompts).
e KL penalty: No KL penalty is applied.
e Temperature: 1.0 during rollout and at evaluation.

e Precision: bfl6.

We run the training for 350 optimization steps. We use vLLM [209] as our parallel
inference backend. We leverage fully-sharded data parallel (FSDP, Zhao et al. [259]) in
distributed training.

Evaluation Setup.

Evaluation is conducted across six datasets: AIME24 [211], AIME25 [227], AMC23 [212],
MATH500 [213], Minerva Math [215], and OlympiadBench [214]. Inference uses a 40k
total-token budget across the parallel branches.

F.4 Dataset Statistics

We report core statistics of the three trajectory datasets used in ThreadWeaver training:
1) the original sequential Qwen3-8B trajectories on Polaris-53K, 2) the dataset with parallel
annotations processed by GPT-5 [224]| and used in the first stage of training (Section 8.4),
and 3) the larger self-training dataset generated by the model itself (Section 8.4).
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The original trajectories are long and purely sequential, with no acceleration from par-
allelization. Rewriting with GPT-5 introduces substantial parallel structure: about 77%
of tokens lie in parallel blocks, and the critical path is on average about 26% shorter than
the total token count, despite a slight increase in overall length. This corresponds to an
idealized self-parallelism speedup of roughly 1.35x (computed by dividing the token latency
with total number of tokens averaged across the dataset) and provides strong supervision for
the fork-join format. We also observe rich structural annotations, with about 2.6 threads per
parallel block on average.

As discussed in Section 8.4, however, the rewritten traces are produced post hoc from
complete solutions and do not always match how the model naturally decomposes problems at
inference time: the strong teacher can rely on global hindsight and sometimes parallelizes by
skipping or compressing intermediate steps that the student needs. To close this distribution
gap, we perform self-training with the trajectories extracted by the model obtained from the
first stage under our proposed parallel inference state machine, then filter trajectories to keep
only structurally valid and answer-correct samples, with length and acceleration constraints.
The resulting self-training corpus is much larger (17,491 trajectories). Since self-training only
takes parallel trajectories that the smaller student model is able to generate ad hoc during
reasoning, where it does not have full view of the overall trajectories except for the tokens it
has generated, self-training reduces the self-parallelism speedup to 1.22x while remaining
strongly parallel, and better reflects what the model itself can reliably parallelize.

Together, our dataset from the two-stage data pipeline provides robust training signal
for both supervised fine-tuning and prepares the model for the subsequent reinforcement
learning.

F.5 Additional Results

Performance Across Training Stages

We evaluate performance on AIME 24 across successive training stages, measuring both
accuracy (Avg@32) and format correctness, which reflects whether all opened Parallel blocks
are properly closed. Format correctness serves as a proxy for structural stability, though
it does not directly affect answer accuracy since the final result depends only on the last
\boxed{} expression.

As shown in Table F.2, accuracy drops after the first SF'T on 959 examples (74.5%),
with limited format correctness (56.4%). This indicates that small-scale supervised data is
insufficient for mastering the parallel reasoning. Expanding to 17k examples via self-training
substantially improves format correctness (77.0%) while maintaining similar accuracy, showing
that model-generated data helps the model internalize structural consistency. Reinforcement
learning (RL) further improves accuracy in both cases (77.9% and 79.9%), but format
correctness decreases slightly when initialized from the smaller dataset. This is expected
since RL directly optimizes outcome and efficiency rather than explicit structural closure.
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Table F.2: Stagewise performance on AIME 24. Format correctness checks proper closure of
all opened Parallel blocks and well-formed thread markers (a proxy for structural stability).
Common reasons for format error are truncation under token budgets and early stopping
without closing the parallel block. Correctness of the final answer depends only on the last
\boxed{}.

Model Format Correctness Accuracy (Avg@32)
Qwen3-8B (Baseline without SFT) - 76.0%
Qwen3-8B + 1st SFT (959 SFT examples) 56.4% 74.5%
Qwen3-8B + 1st SFT + RL 41.9% 77.9%
Qwen3-8B + self-training (17k SFT examples) 77.0% 74.0%
Qwen3-8B + self-training + RL 72.4% 79.9%

Table F.3: Ablation of sequential-parallel cold-start mixing strategies during SF'T on AIME 24.
“No sequential mixture cold start” uses only parallel data in SFT. “Multiverse-style mixing
recipe” follows a non-gradual schedule that switches between mostly sequential, mixed, and
mostly parallel phases. “Linear mixing recipe” uses an eight-stage curriculum that linearly
increases the proportion of parallel data across epochs. Neither strategy improves over the
parallel-only SFT setting, suggesting that additional sequential data does not help Qwen3-8B
transition to parallel reasoning once it already has strong sequential capabilities.

Model Accuracy (Avg@32)
Qwen3-8B (No sequential mixture cold start) 74.5%
Qwen3-8B (Cold start with Multiverse-style mixing recipe) 73.4%
Qwen3-8B (Cold start with linear mixing recipe) 73.1%

Overall, self-training yields a more stable structural foundation, enabling RL with parallel
rollout to achieve higher accuracy and lower token latency.

Cold-start with Sequential Data Mixture

Multiverse [8] proposed to cold-start with a mixture of sequential and parallel data in
order to reduce the degradation that can occur when directly fine-tuning on parallel reasoning
trajectories. We also ablated such cold-start strategies in our SF'T stage, using a dynamic
mixture between two datasets: a purely sequential dataset Dy, built from autoregressive
Qwen3-8B trajectories, and a parallel dataset D,,, built from our parallelized trajectories
rewritten from Dge. We then constructed curriculum schedules over SE'T epochs that control
how often each dataset is sampled. Concretely, we considered two families of curricula: a
staged schedule that switches in a few coarse phases, following [8], and a gradual schedule
that increases the share of parallel data linearly over eight epochs. Both variants are trained
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for 8 epochs, following the training schedule of ThreadWeaver, for fair comparison. Only
SF'T is conducted for this comparison to isolate the effect of each cold-start strategy.

Staged mixture (Multiverse-style mixing recipe). For the staged schedule, we follow 8|
and organize SF'T into three phases:

e Phase 1: fully sequential phase. The model is trained for 2 epochs using only Dgeq.

e Phase 2: mixed phase. The model is trained for 4 epochs on mixtures of sequential
and parallel data, implemented as four one-epoch subphases with different fixed mixing
ratios.

e Phase 3: fully parallel phase. The model is trained for 2 epochs using only Dp,;,.

Conceptually, the curriculum can be summarized as

Dseq — Dseq + (1 - O‘) Dpar — Dpar )
~~~ N ~~ d ~~~
fully sequential phase mixed phase fully parallel phase

where o € (0,1) controls the fraction of sequential data. In Multiverse’s implementation, « is
not a single constant but is implicitly determined by how the two datasets are sliced and
concatenated. The four mixed subphases correspond to:

e A first mixed epoch that uses 90% Dseq and 10% Dya, (effectively o = 0.9)

e Two middle mixed epochs that each combine 50% Dgeq and 50% Dy, (effectively
a=0.5)

e A final mixed epoch that uses 10% Dgeq and 90% Dy (effectively av = 0.1)

Intuitively, Phase 2 therefore sweeps from mostly sequential, through approximately balanced
mixtures, to mostly parallel before transitioning to the fully parallel Phase 3.

Gradual mixture (linear mixing recipe). In the second variant, we construct a smooth
curriculum over eight stages, each corresponding to roughly one epoch. We again treat Dgeq
as the compatible supervised signal and D,,, as the target format. At epoch k € {1,...,8}
we set a target fraction for parallel data

A = 0.125 x k,

and sample a batch that contains a fraction A\; from D,,, and (1 — A\;) from D, This
produces the progression

12.5% parallel — 25% — 37.5% — 50% — 62.5% — 75% — 87.5% — 100% parallel,
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Table F.4: Comparison of base model performance on AIME 24 (Avg@32). AR SFT uses
sequential Qwen3-8B trajectories; Our SFT uses GPT-5-rewritten parallel trajectories.

Model Accuracy (Avg@32)
Qwen3-4B-Base + AR SFT (1k SFT examples) 37.4%
Qwen3-4B-Base + Our first-stage SFT (959 SFT examples) 32.4%
Qwen3-8B-Base + AR SFT (1k SFT examples) 55.1%
Qwen3-8B-Base + Our first-stage SF'T (959 SFT examples) 45.5%

so the model starts in a regime that is almost fully sequential and ends in a purely parallel
regime, with the proportion of parallel examples changing smoothly at each stage. Within
each stage we shuffle both datasets and sample without additional bias, so the only variable
that changes across epochs is the global ratio between sequential and parallel trajectories.

In both settings, the goal is to cushion the transition from sequential to parallel reasoning,
either by a small number of coarse phases (staged mixture) or by a fine-grained eight-
epoch ramp (gradual mixture). However, as shown in Table F.3, neither curriculum yielded
clear benefits over directly training on parallel data without any sequential mixture. We
hypothesize that this is because Qwen3-8B is already a strong reasoning model with robust
sequential behavior. When sequential data is continually mixed in, the model receives a
strong training signal that reinforces its existing autoregressive reasoning style, which slows
down the adaptation to the new parallel format. In other words, the mixed curricula make
it harder for the model to fully commit to parallel structure, so the additional sequential
examples do not translate into better performance in our setting, despite their success as a
cold-start recipe in Multiverse.

ThreadWeaver Reuses Existing Reasoning Capabilities for Parallel
Reasoning

To verify that ThreadWeaver can reuse strong reasoning capabilities from the base model
without degradation, we compare Qwen3-4B-Base and Qwen3-8B-Base trained on our SF'T
data from the first stage (959 GPT-5 rewritten trajectories) against the same base models
trained on standard autoregressive (AR) SFT data (randomly sampled 1k correct sequential
Qwen3-8B trajectories). Both variants are trained for 8 epochs. As shown in Table F.4,
the gap between AR SFT and our SFT is roughly 5% for both 4B and 8B models. This
demonstrates that ThreadWeaver preserves most of the base model’s reasoning ability despite
structural changes and remains compatible with standard reasoning models without extensive
re-training. Performance gains from the stronger 8B base carry over to the parallel setting,
confirming that our approach scales with model capacity.
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Table F.5: Two notions of efficiency. Speedup vs. sequential baseline reflects switching
from sequential to parallel reasoning. Self-parallelism speedup reflects internal parallel
breadth. Speedups are computed per-problem and averaged.

ThreadWeaver Seq. Baseline Speedup vs. ThreadWeaver Self-Parallelism
Dataset

Longest Longest Seq. Baseline Total Tokens Speedup
AIME24 16.9k 19.4k 1.14x 21.1k 1.25%
AIME25 24.0k 24.6k 1.03x 27.3k 1.18%
AMC23 12.0k 13.8k 1.16x 15.0k 1.25x%
MATH500 6.4k 7.2k 1.23x% 7.7k 1.22x
Minerva Math 7.3k 10.6k 1.53x% 8.4k 1.14x
OlympiadBench 12.8k 15.2k 1.21x 15.5k 1.22x

Detailed Experimental Analysis

Critical-Path Speedup Against Sequential Baseline as Robust Efficiency
Measurement

We find that metrics that only quantify the amount of parallelization within a parallel
reasoning trajectory do not accurately reflect true inference-time acceleration obtained when
switching from sequential to parallel reasoning. To rigorously assess efficiency gains, we
recommend making comparisons directly against sequential baselines trained and evaluated
under comparable settings.

As summarized in Table F.5, we report two quantities: 1) speedup vs. sequential baseline
(Lbaseline longest/Lours longest)> and 2) Self'pa’ra”elism speedup (Lours total/Lours longest)- Note that
for the sequential baseline, the token latency is the same as the total number of generated
tokens.

In three of six benchmarks, the self-parallelism speedup significantly exceeds the speedup
measured against sequential baselines. This contrast is informative: AIME 25 shows a clear
self-parallelism gain (1.18 %) but only a modest 1.03x improvement over the baseline.

Thus, self-parallelism speedup is not a complete efficiency metric. For deployment, the
decisive measure is the critical-path speedup vs. the sequential baseline. As in other forms
of parallelization, APR introduces overhead, including the need to generate outline tokens
and additional redundancy because threads operate without visibility into each other. This
motivates benchmarking ThreadWeaver against sequential RL on Qwen3-8B.

High-Quality SFT Data is Critical for Model Performance

Both our SF'T dataset and the Multiverse dataset are constructed from LLM-generated
trajectories, but differ in data origin and model alignment. While Multiverse [8] uses
trajectories from sl [216] generated by DeepSeek-R1 [177], our dataset is generated directly
from Qwen3-8B outputs and then lightly rewritten by GPT-5 [224]. To compare these sources
fairly, we fine-tune Qwen3-8B on each dataset under identical settings (about 1k samples,
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Table F.6: SFT data comparison on AIME 24. Our data yields stronger performance. *Results
from [9] (Avg@16); others use Avg@32.

Model Acc.
Qwen3-8B + Multiverse SFT (1k samples) 62.2%
Qwen3-8B + Our SFT (959 samples) 74.5%

Qwen3-4B-Base + Parallel-GSM8K (7.5k)  10.6%*
Qwen3-4B-Base + Parallel-GSM8K + RL  19.4%*
Qwen3-4B-Base + Our SFT (959 samples) 32.4%

8 epochs). In this ablation, we expand the internal nested parallelization structures in the
Multiverse dataset to match the behavior of our model, following how Yang et al. [8] curates
data for autoregressive baselines. This is not expected to impact accuracy significantly since
the accuracy only fluctuates slightly even when all parallelization structures are expanded
into sequential structures, as reported in Yang et al. [8]. To further ablate the impact of
data quality, we also fine-tune Qwen3-4B-Base, the backbone used in Parallel-R1 [9], on our
dataset. Parallel-R1 uses its proposed Parallel-GSMS8K, curated with DeepSeek-R1-0528-
Qwen3-8B [177]| based on GSMS8K [260].

As shown in Table F.6, training on the Multiverse dataset yields lower performance despite
its stronger teacher model. This indicates that dataset-model compatibility is more important
than teacher strength in our setting. We hypothesize that DeepSeek-R1 trajectories differ
stylistically from Qwen3-8B’s native reasoning patterns, introducing distributional mismatch
and limiting generalization. In contrast, our dataset preserves Qwen3-8B’s reasoning semantics
while primarily adjusting structural organization to expose parallel reasoning patterns. This
allows the model to acquire parallel structure effectively without disrupting its underlying
reasoning behavior.

Our SFT model also substantially outperforms Parallel-R1. This is partially due to the
fact that Parallel-GSM8k is curated from grade school math dataset GSM8k [260]|, which
is likely too simple compared to competition-level math benchmarks. Although Parallel-R1
applies RL, the gains are modest and performance remains much lower. This suggests
that RL cannot fully compensate for lower-quality SF'T data. Both comparisons indicate
that high-quality, model-aligned SF'T data is a key factor in downstream performance and
parallelization ability, whereas additional RL provides only limited gains when the SFT
distribution is poorly matched to the target data distribution.

Qualitative Study

To illustrate how ThreadWeaver works in practice, we analyze a trigonometric evaluation
example from MATHS500 below, in which the model spontaneously forks into multiple
reasoning branches to explore distinct solution strategies and joins the reasoning threads to
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continue the next steps of reasoning. Due to the excessive length of the reasoning trajectories,
we use brackets with summarized content in place of bulk reasoning text.

In the first parallelization block, the model explores two distinct approaches to the problem.
While the second one reaches a numerical solution, the first one ends up switching to another
direction that is more promising. Then in the second parallelization block, the first branch
continues to explore the direction that the first branch of the first parallelization block is
exploring to get to an exact answer, while the second branch performs self-reflection to double
check the numerical answer. These branches parallelize well because they operate on disjoint
subgoals that are independent of each other given the shared context. Finally, the main
thread integrates the information from all the previous reasoning results and output solutions
to the user. This example highlights how ThreadWeaver enables adaptively parallelized
exploration and self-reflection within a single inference trajectory.

ThreadWeaver Example: Trigonometric Expression Evaluation

Prompt:
Evaluate
sin(arcsin 0.4 4 arcsin 0.5) - sin(arcsin 0.5 — arcsin 0.4).

Let’s think step by step and output the final answer within \boxed{}.
Response:

<think>

[Identifies the problem as evaluating sin(arcsin 0.4 + arcsin 0.5) - sin(arcsin 0.5
— arcsin 0.4). Defines A = arcsin(0.4) and B = arcsin(0.5), rewriting the
expression as sin(A + B) sin(B — A). Reviews basic sine addition/subtraction
formulas and considers expanding directly before looking for a better
simplification strategy.]

<Parallel>

<Goal>

<Outline>1: Use sin(A + B) = sinA cosB + cosA sinB and sin(B — A) = sinB cosA —
cosB sinA, then expand the product to get a difference of squares of the form (sinB
cosA)"2 — (cosB sinA)~2.</Outline>

<0Outline>2: Compute cosA from sinA = 0.4 via cosA = /(1 — sin~2 A) and compute
cosB from sinB = 0.5 via cosB = x/(l — s8in~2 B), then substitute these values into
the simplified-product expression and carry out the arithmetic.</Outline>

</Goal>

<Path>

1: [Attempts expansion, realizes it's cumbersome, and switches to using the
product-to-sum identity. Applies sina sinf = (cos(a—pf) — cos(a+f))/2 with a=A+B
and ($=A—B, simplifying the product to (cos(2A) — cos(2B)) / 2.]

</Path>

<Path>

2: [Uses numerical approximations for cosA and cosB, then evaluates sin(A+B) and
sin(B—A) numerically, confirming the product is about 0.09.]

</Path>

</Parallel>
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<Parallel>

<Goal>

<0Outline>1: Use the product-to-sum identity sin(A+B)-sin(B—A) = [cos(2B) —
cos(2A)]/2, compute cos(2A) and cos(2B) from sinA and sinB via cos(20) = 1 — 2
sin?f, then substitute to get the exact value and check it matches the earlier
numerical estimate.</Outline>

<0Outline>2: Compute A = arcsin(0.4) and B = arcsin(0.5) numerically, evaluate
sin(A+B) and sin(B—A) directly, multiply to obtain a numerical approximation, and
compare with the symbolic result.</Outline>

</Goal>

<Path>

1: [Computes cos(24)=0.68 and cos(2B)=0.5 using the double-angle identity, plugs
into (cos(2A)—cos(2B))/2, and obtains exactly 0.09.]

</Path>

<Path>

2: [Approximates A and B numerically, computes sin(A+B) and sin(B—A), and confirms
the product closely matches 0.09.]

</Path>

</Parallel>

[Concludes that both algebraic and numerical methods agree: the value of the
expression is 0.09.]

*xFinal Answerx
\boxed{0.09}
</think>

To evaluate the expression:

sin(arcsin 0.4 4 arcsin 0.5) - sin(arcsin 0.5 — arcsin 0.4),

we begin by introducing substitutions for simplicity:
Let:

e A =arcsin(0.4), so sin A = 0.4,
e B = arcsin(0.5), so sin B = 0.5.

Then the expression becomes:

sin(A + B) - sin(B — A).
Step 1: Use Trigonometric Identity
We apply the identity:
cos(2A4) — cos(2B)
5 .

This identity is derived from the product-to-sum formulas and is particularly useful here since we can
compute cos(2A4) and cos(2B) using the double-angle identity:

sin(A + B) -sin(B — A) =

cos(26) = 1 — 2sin?(4).
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Step 2: Compute cos(24) and cos(2B)

cos(24) =1 — 2sin®(A) = 1 — 2(0.4)> =1 — 0.32 = 0.68,

cos(2B) =1 —2sin*(B) =1 -2(0.5)2=1-0.5=0.5.
Step 3: Apply the Identity

cos(24) —cos(2B)  0.68—-0.5 0.18

sin(A + B) -sin(B — A) = 5 5 =5 = 0.09.

Step 4: Final Answer
Thus, the exact value of the original expression is:

Per-problem Speedup Without Filtering

We also study per-problem speedup without filtering for correctness, as shown in Figure F.2.
In this setting every rollout is included, so the distributions reflect the speedup that a user
would observe when running each model end to end, irrespective of whether the final answer is
correct. While the maximum values in the upper tail are harder to interpret, since they could
capture a potential case that our model terminates earlier incorrectly while the autoregressive
baseline continues reasoning and succeeds, the overall distributions remain very similar to
those in Figure 8.5. In particular, the bulk of the mass still lies to the right of the 1.0x
reference line and the shape of the histograms changes only slightly. Empirically, this indicates
that the measured acceleration is not primarily driven by sacrifices in accuracy, but instead
reflects real reductions in token latency relative to the sequential baseline.

Error Analysis: Repetition in Branches

We show a failure case below. Although the answer is correct, this is a failure case because
the purportedly parallel threads do not provide genuinely complementary reasoning and
instead largely duplicate the same computation: both compute the exponent of 5 in 42! via
the standard floor-sum formula and both verify the method on smaller factorials such as 10!
and 25!, so the parallel structure adds little informational value.

Moreover, the alignment between outlines and threads is not respected: rather than
having one path focus on the main calculation for 42! and the other confined to checking the
method on smaller examples, each path blends these tasks and performs both the primary
computation and the auxiliary validations. This redundancy and mixing of roles undermines
the intended division of labor across paths and illustrates why the example does not realize
the benefits of structured parallel reasoning, indicating the room for improvements in the
instruction following capabilities.
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Figure F.2: Per-problem speedup distributions on math benchmarks without
filtering for correctness. The speedup is the ratio between the token latency of the
autoregressive baseline and the token latency of ThreadWeaver. A vertical reference line at
1.0x marks parity with the sequential baseline. In contrast to Fig. 8.5, these histograms
include all rollouts rather than restricting to samples with correct final answers. However,
taking both sets of histograms into account, we show that ThreadWeaver achieves substantial
speedup on most problems no matter whether correctness filtering is performed.

ThreadWeaver Example (Failure Case): Number of trailing zeros in 42!

Prompt:

the final answer within \boxed{}.
Response:

<think>

How many zeroes are at the end of 42! (42 factorial)? (Reminder: The number n! is the product of

the integers from 1 to n. For example, 5! =5-4-3-2-1 = 120.) Let’s think step by step and output
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[Recognizes that trailing zeros come from factors of 10 = 2.5 in the prime
factorization, and that in factorials there are many more 2s than 5s, so the number
of trailing zeros is the exponent of 5 in 42!. Plans to use the standard floor-sum
formula.]

<Parallel>

<Outlines>

<Outline>1: Use the formula for the exponent of 5 in 42!: sum floor(42/5°k) over k
=1, 2, ... until the terms are zero.</0Outline>

<0utline>2: Validate the method on smaller factorials such as 10! and 25! where the
number of trailing zeros is known.</Outline>

</0Outlines>

<Thread>

1: [Computes floor(42/5) = 8, floor(42/25) = 1, floor(42/125) = 0, then adds 8 + 1
+ 0 = 9 and concludes that 42! has 9 trailing zeros, since 5s are the limiting
factor compared to 2s.]

</Thread>

<Thread>

2: [Applies the same floor-sum to 10! and 25!, obtaining 2 and 6 trailing zeros
respectively, which match the known values and confirm the correctness of the
counting method.]

</Thread>

</Parallel>

<Parallel>

<0utlines>

<Qutline>1: Reinterpret the floor-sum as directly counting multiples of 5 and extra
factors from higher powers such as 25 among the integers from 1 to 42.</Outline>
<0utline>2: Optionally count powers of 2 in 42! to confirm that there are more than
enough 2s so that 5s indeed determine the number of trailing zeros.</Outline>
</0Outlines>

<Thread>

1: [Lists multiples of 5 up to 42: 5, 10, 15, 20, 25, 30, 35, 40 (8 numbers), each
contributing at least one factor 5. Notes that 25 = 52 contributes one additional
factor 5, giving 8 + 1 = 9 factors of 5 in total, consistent with the floor-sum
calculation.]

</Thread>

<Thread>

2: [Computes the exponent of 2 in 42! as floor(42/2) + floor(42/4) + floor(42/8) +
floor(42/16) + floor(42/32) = 21 + 10 + 5 + 2 + 1 = 39, which is much larger than 9,
so the count of trailing zeros is indeed determined by the 9 factors of 5.]
</Thread>

</Parallel>

[Concludes that, since there are 9 factors of 5 and more than enough factors of 2,
42! has 9 trailing zeros.]

*xFinal Answerx
\boxed{9}
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</think>

To determine how many trailing zeros are in 42!, we look at how many times 10 divides 42!. Since
10 = 2 - 5 and factorials contain many more factors of 2 than 5, the number of trailing zeros is the
exponent of 5 in the prime factorization of 42!.

We use the standard formula for the exponent of a prime p in n!:

Here p =5 and n = 42:

So the total number of factors of 5 in 42! is

Since there are far more factors of 2 than 5 in 42!, each of these 9 factors of 5 pairs with a factor of 2
to form a factor of 10, which contributes one trailing zero.
Therefore, the number of trailing zeros in 42! is

vp(nl) = i HJ .

k=1 p

PRRCRNER

8+1+0=09.

[9]

F.6 Reasoning Trajectory Annotation Pipeline for

Thread Weaver

This section describes the multi-step pipeline that converts reasoning trajectories extracted
from Qwen3-8B into a structured, parallelizable supervision signal for ThreadWeaver. Our
pipeline consists of five steps:

1.

Stage 1 uses GPT-5 to identify potential parallel structures within sequential reasoning
traces.

Stage 2 rewrites these parallel structures into canonical <Thread> format.

Stage 3 performs revision against allowed and forbidden contexts to make the transition
between context and each thread smooth.

Stage 4 regenerates an outline for every branch.

Stage 5 runs filtering to remove samples with failed rewriting or format errors to produce
the final training corpus.

We describe the implementations of each step in detail.
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Step 1 In Stage 1, raw trajectories are line-numbered and assigned stable identifiers (Lxx).
This step ingests the resulting question—answer trajectories and has the language model
reconstruct the entire chain of thought into a rigorously indexed outline that reuses these
line identifiers. Each reasoning trace is presented in full, the major conceptual transitions are
enumerated as top-level steps with precise line spans, and aborted explorations are retained to
preserve the empirical distribution of strategies. The model is further instructed to decompose
these top-level steps into contiguous substeps whenever they contain multiple thought units,
producing a two-level hierarchy.

After the hierarchical labeling, the model analyzes dependencies to determine which steps
or blocks can run concurrently, emitting sequential and parallel structures together with
short explanations. Finally, the model serializes everything (step descriptions, substeps,
and parallel threads) into a normalized XML-style summary. The line-range annotations
introduced at the input are preserved in this summary and are propagated verbatim through
all subsequent steps.

All the tasks in this step are conducted in a multi-round conversation, and the inputs

and outputs from previous tasks are visible to later tasks.
Task 1: Main-step extraction and global indexing. Task 1 ingests the fully line-
numbered reasoning transcript, where every sentence is prefixed with immutable tags such
as L1, L2, and so on. Leveraging this dense context, the model enumerates all top-level
steps sequentially, captures dead ends, and records contiguous line ranges Lxx-Lyy for each
step, thereby establishing the canonical coordinate system that downstream tasks will reuse
verbatim.

Task 1 Prompt for Step 1 Processing in Thread Weaver

**Task 1: Main-Step Extraction*x*
Analyze the given long reasoning chain for a math problem and extract every *main*
step of it. Ignore substeps-only list the top-level thinking processes or actions.

**Use the following output format:*x*
S1: [Description of step 1] (Lxx-Lyy)
S2: [Description of step 2] (Lxx-Lyy)

SX: [Description of step X] (Lxx-Lyy)

**Guidelines: **
- Label each top-level step comsecutively (°S1°, ~S27, ...).
- Do *not* include any sub-numbering (no “S2.17, etc.).
- Please capture the entire thought process presented in the reasoning chain, and
do not skip any step that includes, but not limited to, the following:
- Initial problem understanding and analysis
- All exploration paths (both successful and unsuccessful)
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- Case studies, checks, or tests performed
- Any ‘‘aha’ or correction (re-evaluation or re-thinking) moments
- The final reasoning that yields the solution
- Split multiple cases or scenarios into different steps. Each case should be
allocated an independent step.
- If a reasoning path is started but later abandoned because it cannot reach a
conclusion, still capture it as a distinct step.
- Please indicate the line numbers corresponding to where each main step starts and
ends in the original reasoning chain ("Lxx-Lyy’).
- Use the format “Lxx-Lyy" to specify the range of lines for each step.
- 81 starts at the first line and ends at the line you list in the parentheses
(*S1: [Description of step 1] (L1-Lyy)™).
- S(k+1) starts on the next line after Sk ends. The delta between the starting
line number of S(k+1) and the ending line number of S(k) is always 1.
- Ensure there is no gap between the end of one step and the start of the next.
- The last step must end at the final line of the original reasoning chain.
- Provide a brief summary of the content in each step that is one or two sentences
long (e.g. “SX: [Description of step X]7).
- Keep the description for each step concise yet descriptive.
- A reasoning chain may contain any number of main steps. There is no limit to the
total number of steps you can identify.

Task 2: Substep extraction within fixed ranges. Task 2 reuses both the raw transcript
and the Task 1 step list as shared context, slicing each Sx span into adjacent substeps (Sx.1,
Sx.2, ... ) without gaps or overlaps. Because every line inside the parent range is still
labelled with the original line numbers, the subdivision maintains identical Lxx-Lyy coverage
while adding finer-grained anchors for later tasks.

Task 2 Prompt for Step 1 Processing in Thread Weaver

*xTask 2: Substep Extraction**

Given the previous output containing all main steps of a reasoning chain, break
down each main step into substeps **only if** its content from the original
reasoning chain can be meaningfully divided into smaller thought units. You can use
the line ranges to reference the original reasoning chain and better capture the
content of each main step.

**0utput format:*x*

S1: [Description of step 1] (Lxx-Lyy)
S1.1 [Description of substep 1.1] (Lxx-Lyy)
S1.2 [Description of substep 1.2] (Lxx-Lyy)

S1.X [Description of substep 1.X] (Lxx-Lyy)
S2: [Description of step 2] (Lxx-Lyy)
S3: [Description of step 3] (Lxx-Lyy)
S4: [Description of step 4] (Lxx-Lyy)

S4.1 [Description of substep 4.1] (Lxx-Lyy)
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SX: [Description of step X] (Lxx-Lyy)

**Guidelines: **
- A substep always uses the same parent index (*X') as its main step (e.g. if
breaking down ~S27, label “S2.1°, °S2.27, ...).
- For each main step, capture the entire thought process presented in it, and do
not skip any substep that includes, but not limited to, the following:
Initial problem understanding and analysis
All exploration paths (both successful and unsuccessful)
- Case studies, checks, or tests performed
- Any ‘‘aha’’ or correction (re-evaluation or re-thinking) moments
- The final reasoning that yields the solution
- Split multiple cases or scenarios into different substeps. Each case should be
allocated an independent substep.
- Provide a brief summary of the content in each substep (e.g., ~S1.2 [Description
of step 1.2]7) that is one or two sentences long.
- Keep each substep description concise and focused.
- Provide the line range for each substep ("Lxx-Lyy’).
- The format Lxx-Lyy indicates the range of lines where the substep appears.
- SX.1 starts at the first line of SX.
- SX.(k+1) starts on the next line after SX.k ends.
- Ensure there is no gap between the end of one substep and the start of the
next.
- The last substep must end at the final line of the parent main step.
- Keep the main step description and line ranges ("Lxx-Lyy ) as marked in Task 1.
- A main step may contain any number of substeps. There is no limit to the total
number of substeps you can identify for a main step.
- If a main step does not contain substeps, copy over its step number, description
and line range exactly as they appear in Task 1.
- Do *not* introduce nesting deeper than 2 levels. For example, “S2.1.1° is not
allowed.

Task 3: Parallelizing main steps. Task 3 consumes the Task 1 summary and its line
ranges, analyzes dependency relationships between adjacent steps, and expresses valid parallel
groupings only when two steps do not rely on the same numbered lines. The reuse of the
original annotations ensures that the resulting sequential and parallel blocks are traceable
back to the same context without recomputing boundaries.

Task 3 Prompt for Step 1 Processing in Thread Weaver

**Task 3: Parallelizing Main Steps**
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Using only the **main steps** (°S1°, “S27, ...) extracted in Task 1, first identify
all steps or contiguous step groups that can be executed in parallel without
violating logical dependencies; then rewrite them as a structured outline for
parallel execution.

*x0utput format:*x*

Parallel groups:

P1: Parallel(S2, S3)

P2: Parallel(Sequential(S5, S6), S7)

PX: Parallel(Si, Sj, Sk...)

Outline for parallel execution:
S1: [Description of step 1] (Lxx-Lyy)
P1: Parallel[Parallel reason: ...](
S2: [Description of step 2] (Lxx-Lyy),
S3: [Description of step 3] (Lxx-Lyy)

)
S4: [Description of step 4] (Lxx-Lyy)
P2: Parallel[Parallel reason: ...](
Sequential (
S5: [Description of step 5] (Lxx-Lyy),
S6: [Description of step 6] (Lxx-Lyy)
),
S7: [Description of step 7] (Lxx-Lyy)
)
PX: Parallel[Parallel reason: ...](

Si: [Description of step i] (Lxx-Lyy),

**Guidelines: **
1. **Identify Parallel Groups**
- Find groups of adjacent main steps with **no dependencies** among them.

- Label the groups as "P1°, "P2°, ... and represent the structure of steps within
the group using the syntax pattern as shown above.
- Group steps Si, Sj, ... in “Parallel(Si, Sj, ...)  **if and only ifx* Sj does

NOT depend on any part of Si.

- In a parallel block, you can combine adjacent steps that depend on each other
into a “Sequential(Sx, Sy)  block. A sequential block can be executed in parallel
to other main steps and sequential blocks.

- Do not create “Sequential® blocks that are not nested in any parallel block.
Simply list the steps in order in those cases.

- Groups must cover contiguous step ranges in the original order.

- Interpretation of the problem should not be parallelized with the process of
problem-solving.
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- Different ways of self-reflection are often independent of each other and thus
parallelizable.

- Self-reflection on an intermediate step is often parallelizable with the
subsequent steps.

- In conditional logic, treat the **if** branch and **else** branch as
independent tasks and parallelize them even though their outputs cannot both
occur at runtime.

- Only include steps that can be executed in parallel with others in a parallel
group; the parallel groups do not need to cover every step.

- A parallel group should not consist of only one single step or one
“Sequential(...)” block. If this is the case, do not include those steps into any
parallel groups.

2. *xWrite the Structured Outline for Parallel Execution**
- Annotate the main steps with the parallel grouping structures.
- Keep each main step’s description and line range the same as those annotated in
Task 1 (preserve as much as you can).
- Include **every** step exactly once, either alone, inside a sequential block,
or inside a parallel group.
- If a main step does not belong to any sequential block or parallel group, copy
over its step number, description and line range exactly as they appear in Task 1.
Include it in the outline in its original position.
- For a sequential block, list each step in order.
- If a parallel group contains multiple units, briefly state why its units are
independent in the “parallel reason™ bracket (e.g. “PX: Parallel[Parallel reason:

1D

- **Contiguous Blocks:** You may combine multiple adjacent steps (e.g.
“Sequential(S1, S2, ...)") and treat them as a single unit in the parallel group
alongside another step or block (e.g. “S37), but do **not** combine non-adjacent
steps into a block.

- **xContiguous grouping:** Each parallel group must cover a continuous sequence of
steps or blocks. In other words, you may only parallelize adjacent steps. The
occurrence of steps in parallel groups must follow their original order. For
example, P1: Parallel(S85, S8) is not allowed.

- **Strict Parallelism Only:** Build an explicit dependency graph in your analysis:
draw an edge from step A to step B if B uses A’s output or insight. A group "Pi~
may include steps (or contiguous blocks) **only** if there are **no** dependency
edges between any two units.

Task 4: Parallelizing substeps. Task 4 layers on top of the substep catalog from Task 2
and the parallel structure from Task 3, examining each main step in isolation to see which
adjacent substeps can proceed concurrently. Because the inputs still reference the exact
Lxx-Lyy intervals, the model can safely bundle parallel-friendly fragments while citing the
same line numbers, preserving context reuse down to the second hierarchy level.
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**Task 4: Parallelizing Substeps*x*

Examining the outline you extracted in Task 3, for any main steps that are not in a
“Parallel”™ block, refer to its **substeps** you extracted in Task 2 if there is any
(e.g. °S1.17, °81.27, ...). Among these substeps, identify all substeps or
contiguous substep groups that can be executed in parallel without violating
logical dependencies. Then rewrite the structured parallel execution outline to
include both the parallel structures of the main steps and those of the substeps
you just identified.

**0utput format:**

Parallel groups of substeps:
Parallel(Sequential(S1.1, S1.2), S1.3)
Parallel(S4.2, S4.3)

*

*
* Parallel(...)
Outline for parallel execution:
S1: [Description of step 1] (Lxx-Lyy)
P-sub: Parallel[Parallel reason: ...](
Sequential (

S1.1: [Description of substep 1.1] (Lxx-Lyy),
S1.2: [Description of substep 1.2] (Lxx-Lyy)

))
S1.3: [Description of substep 1.3] (Lxx-Lyy)
)
P1: Parallel[Parallel reason: ...](

S2: [Description of step 2] (Lxx-Lyy),
S3: [Description of step 3] (Lxx-Lyy)
)
S4: [Description of step 4] (Lxx-Lyy)
S4.1: [Description of substep 4.1] (Lxx-Lyy)
P-sub: Parallel[Parallel reason: ...](
S4.2: [Description of substep 4.2] (Lxx-Lyy),
S4.3: [Description of substep 4.3] (Lxx-Lyy)
)
P2: Parallel[Parallel reason: ...](
Sequential(
S5: [Description of step 5] (Lxx-Lyy),
S6: [Description of step 6] (Lxx-Lyy)
),
S7: [Description of step 7] (Lxx-Lyy)
)

PX: Parallel[Parallel reason: ...](
Si: [Description of step i] (Lxx-Lyy),
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**Guidelines: **

1. *xIdentify Parallel Groups**
- Only parallelize the substeps whose main steps are not in a parallel block.
- Find sets of adjacent substeps with no dependencies among them.
- Label the groups of substeps “P-sub”, and list their substep members (e.g.
“Parallel(Sequential(S1.1, S1.2), S1.3)°, “Parallel(S4.2, S4.3)7).

2. *xWrite the Structured Outline for Parallel Execution**
- Annotate the main steps and substeps with the parallel group structures.
- Keep the parallel group structure, numbering, description and line ranges of
the main steps the same as those annotated in Task 3 (preserve as much as you
can) .
- Keep each substep’s numbering, description and line range the same as those
annotated in Task 2 (preserve as much as you can).
- For a sequential block, list the description of each substep in order.
- If a parallel group contains multiple units, briefly state why its units are
independent in the “parallel reason™ bracket (e.g. “PX: Parallel[parallel reason:
1)
- If a substep does not belong to any parallel or sequential group, copy over its
step number, description and line range exactly as they appear in Task 2. Include
it in the outline in its original position.

- **Coverage:** For each main step you choose to annotate, include **every**
substep exactly once, either alone or inside a parallel group.

- **xContiguous Blocks:** In a parallel block, you may combine adjacent substeps
that depend on each other into a contiguous block (e.g. “Sequential(S2.1, S$2.2)7)
and treat them as a single unit in the parallel group alongside another substep or
block (e.g. “52.37). Do #**not** combine non-adjacent substeps into a block.

- Do not create “Sequential”® blocks that are not nested in any parallel block.
Simply list the substeps in order in those cases.

- Only group substeps corresponding to the same main step in a single-level
parallel or sequential block (e.g. Parallel(S2.2, S3.1) or Sequential(S2.1, S2.2,
S$3.1) is not allowed).

- *x3trict Parallelism Only:** Build an explicit dependency graph in your analysis:
draw an edge from substep A to substep B if B uses A’s output or insight. A group
“Pi” may include steps (or contiguous blocks) **onlyx* if there are **no**
dependency edges between any two units.

- In conditional logic, treat the **xif** branch and **else** branch as independent
tasks and parallelize them even though their outputs cannot both occur at runtime.
- Contiguous grouping only: Each parallel group must cover a continuous sequence of
steps or blocks. In other words, you may only parallelize adjacent steps or
substeps. The occurrence of steps or substeps in parallel groups must follow their
original order. For example, P1: Parallel(S2.2, S3.1) is not allowed.

Task 5: XML-style serialization with ranges. Task 5 repackages everything derived
so far—main steps, substeps, and parallel groupings—into the prescribed XML-like outline.
Each <Thread> and <Parallel> element explicitly repeats the inherited Lxx-Lyy spans, so
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the serialized structure is a faithful rendering of the earlier outputs that downstream tooling
can align with either the raw transcript or the intermediate tables.

Task 5 Prompt for Step 1 Processing in Thread Weaver

**Task 5: Annotate the Overall Structured Outline with Line Range for Each Parallel
Block**

According to the conversation above, output the overall parallel execution
structure of the long reasoning chain with the main steps, substeps and the
parallel structures clearly defined in a simple XML format.

In addition, include the line ranges for each parallel block and its threads.

*x0utput format:*x*

S1: [Description of step 1]
<Parallel>[Parallel reason: ...]
<Thread>
S1.1: [Description of substep 1.1]
S1.2: [Description of substep 1.2]
</Thread> (range: Lxx-Lyy)
<Thread>
S1.3: [Description of substep 1.3]
</Thread> (range: Lxx-Lyy)
</Parallel> (range: Lxx-Lyy)

<Parallel>[Parallel reason: ...]

<Thread>

S2: [Description of step 2]

</Thread> (range: Lxx-Lyy)

<Thread>

S3: [Description of step 3]

</Thread> (range: Lxx-Lyy)

</Parallel> (range: Lxx-Lyy)

S4: [Description of step 4]

S4.1: [Description of substep S4.1]
<Parallel> [Parallel reason: ...]

</Parallel> (range: Lxx-Lyy)
<Parallel> [Parallel reason: ...]
<Thread>
S5: [Description of step 5]
S6: [Description of step 6]
</Thread> (range: Lxx-Lyy)

</Parallel> (range: Lxx-Lyy)

*xGuidelines: *x*
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- Format the output **strictly** according to the output format specified above.
**xThe only XML tags allowed are <Parallel> and <Thread>.** A <Parallel> </Parallel>
block should consist of multiple <Thread>’s. <Thread> can only exist inside
<Parallel>.

- A <Parallel> block may form at either the main step level, or the substep level.
- Ensure **there are no “<Parallel>" tags nested inside one another.** Do not
create structures like <Parallel> ... <Parallel> ... </Parallel> ... </Parallel>.

- **Max depth of substep nesting is 2.** Ensure there is no step number beyond Sx
and Sx.y. For example, “Sx.y.z~ is not allowed.

- **xDo not add additional tags for sequential structures.** If an XML node’s
children are purely sequential, list them in order.

- *xTag parallel blocks.** Wrap parallelizable units in

“<Parallel>"... </Parallel>". Wrap each parallelizable unit (including sequential
blocks and (sub)steps) in ~<Thread>" ... </Thread>". List the sequential steps and
substeps in order inside each “<Thread>" block.

- Provide the line range for each <Thread> block after the closing tag (~</Thread>
(range: Lxx-Lyy)™).

- Provide the line range for each <Parallel> block after the closing tag
("</Parallel> (range: Lxx-Lyy)~).

- Keep the description for every step and substep as annotated in Task 1 and 2
(preserve as much as you can).

- *xDo not create significantly imbalanced parallel blocks.** If most of an XML
node’s children are sequential and only a small number of them can run in parallel,
you may leave the group untagged or only create a parallel block using the children
that are genuinely parallel.

- Do not start your output with "*~“xml". Indentation (i.e., spaces before Sx.y)
indicates substeps, not XML structures; do not add tags other than <Parallel> and
<Thread> around them.

- **xGroup parallelizable sets.** You may bundle several independent units into a
single “<Parallel>" block when they share no dependencies.

Task 6: Consistency verification across contexts. Task 6 revisits the complete context
(the original transcript plus all prior task outputs) to double-check that every instruction
was satisfied. By reusing the same line numbering and dependency notes, it validates that
no steps were skipped, that parallel reasoning is justified, and that references respect the
allowed-versus-forbidden context policy introduced earlier in the prompt.

Task 6 Prompt for Step 1 Processing in Thread Weaver

**Task 6: Double-check Every Parallel Block and Refine the Structured Outlinex**
Please check and revise the structured outline for parallel execution you generated
in Task 5 by ensuring the following:

- *xxCoverage & Contiguity**: Make sure the line range (Lxx-Lyy) of each thread
exactly spans from the first included (sub)step to the last. Make sure the line
range (Lxx-Lyy) of each parallelizable block exactly spans from the first included
thread to the last.
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- **Parallelism Validity**: Verify that there are no direct or indirect
dependencies among the children of each parallel block. Specifically, confirm that
each thread in the block does not depend on *any* of the threads before it in the
same block. Add a note after the closing tag of each thread (</Thread>)
indicating the result of this check.
- If the check passes, add the note “check passed™ and confirm the reason
(*</Thread> [range: Lxx-Lyy, check passed: reason]’).
- If the check fails (i.e. dependency is detected within the parallel block),
refactor the problematic block into Sequential(...) or separate groups, and
update the line ranges accordingly. If you cannot determine how to refactor,
leave a note stating check failed ™ along with the reason (" </Thread> [range:
Lxx-Lyy, check failed: reason]’).
- **0utput Format**: Keep the outline format as specified in Task 5. Only the tags
“<Parallel>" and “<Thread>" are allowed, and ~<Thread>" tags can only appear inside
“<Parallel>" blocks.

**0utput format:**
S1: [Description of step 1]
<Parallel>[Parallel reason: ...]
<Thread>
S1.1: [Description of substep 1.1]
S1.2: [Description of substep 1.2]
</Thread> (range: Lxx-Lyy, check passed: first thread)
<Thread>
S1.3: [Description of substep 1.3]
</Thread> (range: Lxx-Lyy, check passed: S1.3 has no dependencies on S1.1 and
S1.2)
</Parallel> (range: Lxx-Lyy)
<Parallel>[Parallel reason: ...]
<Thread>
S2: [Description of step 2]
</Thread> (range: Lxx-Lyy, check passed: first thread)
<Thread>
S3: [Description of step 3]
</Thread> (range: Lxx-Lyy, check failed: S3 depends on S2)
</Parallel> (range: Lxx-Lyy)
S4: [Description of step 4]
S4.1: [Description of substep S4.1]
<Parallel> [Parallel reason: ...]

</Parallel> (range: Lxx-Lyy)
<Parallel> [Parallel reason: ...]
<Thread>
S5: [Description of step 5]
S6: [Description of step 6]
</Thread> (range: Lxx-Lyy, check passed: first thread)

</Parallel> (range: Lxx-Lyy)
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Step 2 The second step is a deterministic restructuring pass that converts the free-form
sequences emitted above into canonical parallel markup. It sweeps over every annotated
trajectory, infers the boundaries of each reasoning branch, and wraps the contiguous spans
inside explicit thread containers that sit beneath the appropriate parallel block. During this
pass the tool enforces ordering constraints, ensures that adjacent steps remain contiguous
after threading, and drops in the dependency notes that certify why two segments may or may
not execute simultaneously. Crucially, the script preserves the inline Lxx prefixes that Step
1 injected into every reasoning line, so the downstream prompts can continue to reference
exactly the same line-number ranges even after the text is reorganized into <Thread> blocks.
Because the logic consists solely of programmatic rewrites plus structural validation, no
additional prompting is necessary.

Step 3 Next, each candidate trajectory undergoes a linguistic compliance review that
compares the text under inspection against immediate predecessors and lateral sections.
The reviewer model receives a slice of “allowed” context plus a sibling “forbidden” context,
scans the target passage for implicit carry-overs, and proposes fine-grained edits to excise
any leakage from the forbidden branch. The output takes the form of minimal substring
replacements in JSON, which allows automated application while keeping every other token
untouched. Running this step across all paths eliminates hidden cross-references, making
each branch self-contained before outline regeneration.

Prompt for Step 3 Processing in Thread Weaver

In this task, your goal is to check the English language of a given text segment
against two other text segments from the same article:

* The "allowed context’’ segment comes from the immediate preceding section of the
text segment under review. The text segment under review may reference content from
this previous section.

* The "forbidden context’’ segment is from a section **parallel** to the text
segment under review. The text segment under review must not reference any content
from this parallel section.

Specifically, you will be provided with the following:

1. Allowed Context - contains information the text under review may reference.
2. Forbidden Context - contains information the text under review must not
reference.

3. Text Under Review - the text segment to be checked.

Your task is to decide whether the text under review refers to any information in
the Forbidden Context.
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If it does, output a JSON array of substring replacements that remove or rewrite
the referencing language in the text under review, following the output format
specified below.

If it does not, output an empty array: ~[]°.

Output the raw JSON only. Do not enclose the output in "~ “json... "7,
Output format:
L
{
"src": "<the substring to be removed or rewritten (exact match, properly
escaped)>",
"dest": "<the replacement text which removes the reference to the Forbidden
Context (use \"\" to delete)>"
},
]

**Guidelines: **

* Replace the minimal substrings needed to eliminate the reference to the Forbidden
Context while keeping the text under review grammatical.

* Escape quotes and newlines in JSON (use “\"° and "\n’).

* A proposed replacement will affect all occurrences of the "src’’ field in the
text under review. If you do not intend to modify all the occurrences, make the
substring in "src’’ more specific.

* Do not introduce new information from the Forbidden Context in your replacements.
* References to the Allowed Context are permitted. Do not remove any references to
the Allowed Context.

* Do not add explanations or code fences.

* Do not output any text outside the JSON.

tX)

Special cases to watch for:
* Remove or rewrite any occurrences of:
- Anaphora/Deictics: Phrases like "as above, as before, same as earlier,”’
"that result,’”” "those values,’’ which implicitly point to the Forbidden Context.
Keep these when they refer to the Allowed Context.
- Implicit carry-over: "unchanged from the previous section,’’ "as we computed,”’
when the "previous’ information is from the Forbidden Context.
- Shorthand references: Symbols, variable names, or equation labels defined only
in the Forbidden Context (e.g., "that z,”” "the value from (3)”).
- Cross-references: '"see previous,’ "see above,’’ footnote markers, or inline
citations that point to the Forbidden Context.
- Paraphrased pointers: Rewrites that still rely on the Forbidden Context even
without verbatim overlap.
* Overlapping matches: When multiple candidate substrings overlap, prefer one
replacement of the longest meaningful phrase rather than many small ones.
*x Case/whitespace variants: Handle differences in capitalization or spacing exactly
by matching the literal substring present in the path.

9 n ”on
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* Multiline fragments: If the referencing text to be replaced spans lines, include
"\n” in src and dest as needed.

* Grammar preservation: If removing a piece of referencing text leaves dangling
punctuation or grammar issues, include the surrounding words/punctuation in "src”
to keep the sentence clean.

* Nothing salvageable: If an entire clause or sentence is a forbidden reference
(e.g., "Which is the same as before.’’), delete it by setting "dest": "".

Allowed Context:
[5 lines before the <Parallel> block]

Forbidden Context:
[First 5 lines at the beginning of the prior <Thread> block]

[Last 5 lines at the end of the prior <Thread> block]

Text Under Review:
[Full text of the <Thread> block to check]

Step 4 Once the sanitized paths are in place, a fresh model call rebuilds the planning
scaffolds that will ultimately supervise downstream learners. Using only the contextual
window that precedes each parallel block, the model drafts concise yet actionable outlines for
every branch, restating the tactical moves a mathematician would plan before executing the
proof. Each outline mirrors the ordering of the paths, isolates the reasoning intent without
revealing conclusions, and keeps the different branches independent so later steps can treat
them as interchangeable schedules. Because the outlines are derived strictly from the provided
context, they serve as high-quality teacher plans for training planning modules or evaluating

interpretability.

Prompt for Step 4 Processing in Thread Weaver
le)

In this task, your goal is to generate outlines for some mathematical reasoning
procedures. Specifically, you will be given

1. A coherent math reasoning trace segment tagged with parallel structures
(“<Parallel> ... <Thread> ... </Thread> ... </Parallel>") that indicate reasoning
steps which can be executed in parallel.

2. A group of placeholders placed at the beginning of the segment

<0utlines>

<Outline>1: [Outline to be generated for path 1 below]</Outline>

<0Outline>2: [Outline to be generated for path 2 below]</Outline>

<Outline>X: [Outline to be generated for path X below]</Outline>
</Outlines>
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3. A segment of text immediately preceding the target reasoning trace segment
("Context:”) to serve as the context for deriving the outline.

Using only the provided context ("Context: ), generate the outline for each
<Thread> in the <Parallel> segment. Place the generated outline in the markers
"[Outline to be generated for path X below]".

**0utput format:**

<0utlines>

<Outline>1: [Outline to be generated for path 1 below]</Outline>
<0Outline>2: [Outline to be generated for path 2 below]</Outline>

<Outline>X: [Outline to be generated for path X below]</Outline>
<Outlines>

**Guidelines: **

* Imagine that a mathematician is thinking and using the outlines to structure and
guide their thinking process in each corresponding path (*<Outline>X:...
<Thread>X:...7).

* Frame the outlines so the mathematician could logically plan them based solely on
the context, without access to the content in the parallel segment or any
additional information.

* Make the outline directly and easily derivable from the context - neither too
abstract nor too specific - and strictly aligned with the order of the paths.

* Each outline should capture the gists and logical structure of its path without
excessive details.

* Thinking in each path is done independently. Ensure that the outlines remain
distinct and do not depend on one another.

* Do not reveal exact calculations, numerical results, or the final conclusion from
its path in the outline. Instead, indicate the steps/methods/directions that lead
to them.

* Do not introduce a substantial amount of reasoning in the outlines.

* Avoid phrases like "conclude that ...", "rule out that ...", or anything that
cannot be directly derived from the context without significant reasoning. Do not
frame the outline as if the conclusion is already known.

* A reader should be able to write the path from the outline plus the context alone
with some reasoning effort, without additional information.

* Keep the outline concise and clear: one sentence for short content; at most two
sentences for longer content.

* OQutput plain text within each outline block: no bullet points, numbering,
headings, or extra commentary.

* Do not start your output with "~ “xml". Start your output with <Outlines> and end
your output with </Outlines>. The only allowed tags in a <Outlines> block are
<0utline> tags.

Step 5 The final step is a comprehensive filtering pass that operates on the model-generated
artifacts. It traverses every outline file, enforces formatting contracts, checks that parallel



235

tags are balanced, and discards trajectories that still violate structural constraints after the
preceding corrections, ensuring that only high-quality, well-structured demonstrations enter
the supervised learning pipeline.

F.7 Discussion: Reward Hacking

A potential concern in RL with parallel rollout is reward hacking, where the model
artificially inflates the acceleration reward by generating numerous redundant branches. In
our experiments, we did not see clear evidence of this behavior. Our model benefits from
strong reasoning priors established during supervised fine-tuning on high-quality, parallel-
annotated trajectories, which guide it towards meaningful decomposition rather than excessive
branching. Moreover, our RL rollout framework enforces a strict 40k total token limit per
trajectory, which also discourages excessive branching (e.g., enumerating thousands of trivial
cases). The acceleration ratio reward itself is intentionally conservative, by capping the
reward and assigning a small scaling factor to it, so that correctness dominates the overall
learning signal.

One solution for this type of reward hacking, which may happen in future search or
application, is to apply a length penalty on the token latency. While seemingly more effective
than acceleration ratio, it introduces normalization challenges, as the magnitude of the token
counts is not naturally comparable to correctness rewards, and poorly normalized penalties
can degrade performance by over-penalizing legitimate long reasoning traces. In contrast,
the acceleration ratio is normalized relative to each trajectory’s structure (i.e., comparing
the token latency with total number of tokens) and bounded, maintaining stability and
fairness across tasks. For future extensions, more complicated length-based penalties may
be applied to the token latency to better account for the potential reward hacking, but in
our experiments, the clipped acceleration reward proved sufficient to keep acceleration high
without compromising reasoning quality.

F.8 Future Directions

Topology-aware Parallelized Reasoning

The policy used in ThreadWeaver is topology-agnostic: it decides how many <Thread>s to
spawn based on problem structure, not on available accelerators or interconnect characteristics.
This limits scalability and efficiency. In contrast to CPU multithreading, where runtimes
expose core counts and schedulers adapt thread pools, the model currently has no visibility
into the number of GPUs, memory limits, or link bandwidth/latency. As a result, it may
under-utilize large clusters or over-subscribe small ones, incurring overheads without reducing
the critical path latency.

A natural extension is to condition the policy on a hardware profile at inference time, e.g.,
a concise header with (GPUs, communication bandwidth and latency, topology map). The
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orchestrator (§8.3) can pass this profile via lightweight control tokens along with optional
SLOs. A topology-aware policy would then adapt its fork—join plan, number of <Thread>s,
granularity of subproblems, and join cadence, to the exposed resources, much like manually
tuned tensor/pipeline parallelism, but learned and input-conditional.

Training can mirror this via domain randomization over hardware profiles and SLOs,
coupled with a latency- and cost-aware variant of P-GRPO reward function. The acceleration
bonus (§8.5) can be normalized by an estimate of the topology’s maximum attainable
concurrency, while penalties account for scheduling overheads and stragglers. Ultimately,
this points to a resource-conditioned planner that maps problem DAGs to device graphs,
automatically discovering the best parallelization strategy for the hardware at hand.

Parallelizing Interactions Beyond Reasoning

Our framework can be interpreted as a multi-agent system, where the model autonomously
determines when to branch its reasoning into multiple concurrent threads. Each thread
functions as an independent agent that explores a subproblem and later synchronizes with
others through structured aggregation. This implicit coordination mechanism allows the
model to decompose reasoning tasks dynamically, but the same principle could extend far
beyond text-based reasoning.

An exciting future direction is to generalize parallelization from internal reasoning to
interactive decision-making in an environment. In such a setting, multiple agents could
act concurrently within a shared environment, each pursuing complementary objectives or
subtasks, towards one goal. For instance, in software engineering applications, distinct agents
might analyze separate components of a complex system, refactor interconnected modules,
and verify consistency through communication protocols. Similar frameworks could emerge
in domains such as scientific discovery, robotics, or large-scale planning, where agents must
balance autonomy with coordination.

Enabling such forms of parallelized interaction introduces new challenges in communication
and synchronization. Simple message passing may be insufficient when agents share mutable
contexts or overlapping goals. Mechanisms such as hierarchical coordination, role-based
delegation, or dynamic resource locking could provide more robust foundations for scalable
multi-agent reasoning. Exploring how these interaction protocols can be learned end-to-end
rather than manually specified remains an open and promising direction for future research.
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