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Despite the impressive performance of deep neural networks, our understanding of how

they work is very limited. To address this, the field of mechanistic interpretability aims to

build a bottom-up understanding of the mechanisms that a neural network uses to calculate its

output. An important building block for mechanistic interpretability is interpreting the roles of

individual neurons inside the network. However, interpreting individual neurons poses many

challenges. First, a single network may have thousands or millions of neurons, so it is not

feasible for humans to manually interpret each neuron. Second, the field lacks clear standardized

definitions of what makes a good explanation, making it difficult to compare competing methods

or measure progress. Finally, individual neurons can be polysemantic, i.e., they activate on
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multiple unrelated concepts, which makes interpreting them difficult.

In this dissertation, I discuss solutions to these three essential problems in neuron-level

interpretability. First, in Chapters 1 and 2, I introduce CLIP-Dissect and Linear Explanations,

two methods that leverage pre-trained multimodal models to automatically explain all neurons

of a vision model. Second, in Chapters 3 and 4, I discuss our two recent papers addressing the

lack of standardized evaluation, where we unify diverse evaluations from existing studies under

the same mathematical framework and find that most methods don’t pass simple sanity checks,

as well as propose ways to more efficiently evaluate these explanations. Finally, in Chapter

5, I discuss a solution to the challenge of polysemanticity in the form of Label-free Concept

Bottleneck Models, an automated method for training models to have interpretable individual

neurons.
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Introduction

Figure 1. Overview of the 3 main directions of the dissertation: Automation, Evaluation and
Training in Neuron-level Interpretability.

In recent years, neural networks have achieved very impressive performance across many

domains like vision, language and coding, and are being increasingly relied on to make important

decisions. However, our understanding of these models has not improved at a similar rate,

making it hard to know why models are making certain decisions. This limits how much we can

trust the models, and increases risks of models behaving in unexpected ways. To address this, the

field of mechanistic interpretability has emerged to build a bottom-up, mechanistic understanding

of the model’s function, with the ultimate goal of being able to reverse engineer the networks.

To build such a mechanistic understanding, it is important to first understand small units

like individual neurons or directions in activation space inside the model. This is known as
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neuron-level interpretability, and is the focus of this dissertation. However, understanding these

individual neurons can be very challenging. First, a single network may have thousands or

millions of neurons, so it is not feasible for humans to manually interpret each neuron. Instead

automated methods are needed for neuron-level interpretability to be scalable and cost-efficient.

Second, the field lacks rigorous evaluation, with most papers relying heavily on qualitative

evaluations and using different evaluation metrics without justification. This makes it difficult to

compare competing methods or measure progress.

Finally, individual neurons can be complex and polysemantic, i.e., activate on multiple

unrelated concepts which makes interpreting them difficult. This creates a need for more

interpretable models or representations.

This dissertation focuses on addressing these three problems through Automation, Princi-

pled Evaluation and Interpretable Training as shown in Figure 1.

Chapters 1 and 2 discuss CLIP-Dissect [68] and Linear Explanations [69], two methods

that leverage pre-trained multimodal models to automatically explain all neurons of a vision

model. These automated interpretability methods address the first challenge and let us interpret

a large number of neurons without human effort. In addition, Linear Explanations addresses

the issue of polysemantic neurons by explaining a single neuron as a linear combination of

interpretable concepts. Overall, we show these methods improve the faithfulness and efficiency

of automated neuron explanations. See [4, 91, 55] for our other work in automated interpretability

across vision and language domains.

Chapters 3 and 4 address the issue of lacking evaluation standards. In Chapter 3 we unify

diverse evaluation methods from 20 existing studies under the shared NeuronEval [71] framework,

and find that many studies use metrics that don’t pass simple sanity checks. Based on these

results, in Chapter 4 we propose a cost-efficient method to evaluate a reliable metric (correlation

coefficient) via a human study [70], providing around a 40× improvement in efficiency over

standard methods.

Finally, in Chapter 5, I discuss an alternative solution to polysemantic neurons by training
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the models to be more interpretable. In particular, I focus on Label-free Concept Bottleneck

Models (LF-CBM) [67]. LF-CBM allows us to automatically transform an existing vision model

to a more interpretable Concept Bottleneck Model, where each neuron of a layer corresponds

to an interpretable concept. For additional information on creating interpretable models, see

our work on Concept Bottleneck Language Models [95, 44], Concept-based Continual Learning

[104, 45] or Concept Bottleneck generative vision models [53].

Overall, I believe addressing these three challenges lays the foundations of neuron-level

interpretability, and allows us to work up towards a mechanistic understanding of the entire

model.
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Chapter 1

CLIP-Dissect: Automatic Description of
Neuron Representations in Deep Vision
Networks

1.1 Introduction

Deep neural networks (DNNs) have demonstrated unprecedented performance in various

machine learning tasks spanning computer vision, natural language processing and application

domains such as healthcare and autonomous driving. However, due to their complex structure, it

has been challenging to understand why and how DNNs achieve such great success across nu-

merous tasks. Understanding how the trained DNNs operate is essential to trust their deployment

in safety-critical tasks and can help reveal important failure cases or biases of a given model.

One way towards understanding DNNs is to inspect the functionality of individual

neurons, which is the focus of our work. This includes methods based on manual inspection

[23, 110, 114, 73, 72, 31], which provide high quality explanations and understanding of the

network but require large amounts of manual effort. To address this issue, researchers have

developed automated methods to describe the functionality of individual neurons, such as

Network Dissection [6] and Compositional Explanations [64]. In [6], the authors first created a

new dataset named Broden with pixel labels associated with a pre-determined set of concepts,

and then use Broden to find neurons whose activation pattern matches with that of a pre-defined
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concept. In [64], the authors further extend Network Dissection to detect more complex concepts

that are logical compositions of the concepts in Broden. Although these methods based on

Network Dissection can provide accurate labels in some cases, they have a few major limitations:

(1) They require a densely annotated dataset, which is expensive and requires significant amount

of human labor to collect; (2) They can only detect concepts from the fixed concept set which

may not cover the important concepts for some networks, and it is difficult to expand this concept

set as each concept requires corresponding pixel-wise labeled data.

To address the above limitations, we propose CLIP-Dissect, a novel method to auto-

matically dissect DNNs with unrestricted concepts without the need of any concept labeled data.

Our method is training-free and leverages pre-trained multi-modal models such as CLIP [77] to

efficiently identify the functionality of individual neuron units. We show that CLIP-Dissect (i)

provides high quality descriptions for internal neurons, (ii) is more accurate at labeling final layer

neurons where we know the ground truth, and (iii) is 10×-200× more computationally efficient

than existing methods. Finally, we show how one can use CLIP-Dissect to better understand

neural networks and discover that neurons connected by a high weight usually represent similar

concepts.

1.2 Background and Related Work

Network dissection.

Network dissection [6] is the first work on understanding DNNs by automatically in-

specting the functionality (described as concepts) of each individual neuron1. They identify

concepts of intermediate neurons by matching the pattern of neuron activations to the patterns

of pre-defined concept label masks. In order to define the ground-truth concept label mask, the

authors build an auxiliary densely-labeled dataset named Broden, which is denoted as DBroden.

The dataset contains a variety of pre-determined concepts c and images xi with their associated

pixel-level labels. Each pixel of images xi is labeled with a set of relevant concept c, which

1We follow previous work and use ”neuron” to describe a channel in CNNs.
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Figure 1.1. Labels generated by our method CLIP-Dissect, NetDissect [6] and MILAN [39]
for random neurons of ResNet-50 trained on ImageNet. Displayed together with 5 most highly
activating images for that neuron. We have subjectively colored the descriptions green if they
match these 5 images, yellow if they match but are too generic and red if they do not match. In
this paper we follow the torchvision [59] naming scheme of ResNet: Layer 4 is the second to
last layer and Layer 1 is the end of first residual block. MILAN(b) is trained on both ImageNet
and Places365 networks, while MILAN(p) is only trained on Places365.
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provides a ground-truth binary mask Lc(xi) for a specific concept c. Based on the ground-truth

concept mask Lc(xi), the authors propose to compute the intersection over union score (IoU)

between Lc(xi) and the binarized mask Mk(xi) from the activations of the concerned k-th neuron

unit over all the images xi in DBroden: IoUk,c =
∑xi∈DBroden

Mk(xi)∩Lc(xi)

∑xi∈DBroden
Mk(xi)∪Lc(xi)

.

If IoUk,c > η , then the neuron k is identified to be detecting concept c. In [6], the authors

set the threshold η to be 0.04. Note that the binary masks Mk(xi) are computed via thresholding

the spatially scaled activation Sk(xi) > ξ , where ξ is the top 0.5% largest activations for the

neuron k over all images xi ∈ DBroden and Sk(xi) has the same resolution as the pre-defined

concept masks by interpolating the original neuron activations Ak(xi).

[7] propose another version of Network Dissection, which replaces the human annotated

labels with the outputs of a segmentation model. This gets rid of the need for dense annotations

in Dprobe, but still requires dense labels for training the segmentation model and the concept set

is restricted to the concepts the segmentation model was trained on. For simplicity, we focus on

the original Network Dissection algorithm (with human labels) in this work unless otherwise

mentioned.

MILAN.

MILAN [39] is a contemporary automated neuron labeling method addressing the issue

of being restricted to detect predefined concepts. They can generate unrestricted descriptions

of neuron function by training a generative images-to-text model. The approach of [39] is

technically very different from ours as they frame the problem as learning to caption the set of

most highly activating images for a given neuron. Their method works by collecting a dataset

of human annotations for the set of highly activating images of a neuron, and then training a

generative model to predict these human captions. Thus, MILAN requires collecting this curated

labeled data set, which limits its capabilities when applied to machine learning tasks outside

this dataset. In contrast our method does not require any labeled data for neuron concepts and is

training-free.
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CLIP.

CLIP stands for Contrastive Language-Image Pre-training [77], an efficient method of

learning deep visual representations from natural language supervision. CLIP is designed to

address the limitation of static softmax classifiers with a new mechanism to handle dynamic

output classes. The core idea of CLIP is to enable learning from practically unlimited amounts

of raw text, image pairs by training an image feature extractor (encoder) EI and a text encoder

ET simultaneously. Given a batch of N image xi and text ti training example pairs denoted as

{(xi, ti)}i∈[N] with [N] defined as the set {1,2, . . . ,N}, CLIP aims to increase the similarity of the

(xi, ti) pair in the embedding space as follows. Let Ii = EI(xi),Ti = ET (ti), CLIP maximizes the

cosine similarity of the (Ii,Ti) in the batch of N pairs while minimizing the cosine similarity of

(Ii,Tj), j ̸= i using a multi-class N-pair loss [89, 77]. Once the image encoder EI and the text

encoder ET are trained, CLIP can perform zero-shot classification for any set of labels: given

a test image x1, we can feed in the natural language names for a set of M labels {t j} j∈[M]. The

predicted label of x1 is the label tk that has the largest cosine similarity among the embedding

pairs: (I1,Tk).

1.3 Method

In this section, we describe CLIP-Dissect, an automatic, flexible and generalizable

neuron labeling method for vision networks from popular convolutional neural networks (CNNs)

to SOTA vision transformers (ViT). An overview of CLIP-Dissect algorithm is illustrated in

Figure 1.2 and described in detail in Sec 1.3.1. We then introduce and discuss a few theoretically

inspired choices for the similarity function in Sec 1.3.2. Finally in Sec 1.3.3 we discuss how our

method can benefit from more powerful models in the future.
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Figure 1.2. Overview of CLIP-Dissect: a 3-step algorithm to dissect neural network of interest

1.3.1 CLIP-Dissect Overview

Inputs & Outputs.

The CLIP-Dissect algorithm has 3 inputs: (i) DNN to be dissected/probed, denoted as

f (x), (ii) a set of probing images, denoted as Dprobe where |Dprobe|= N, (iii) a set of concepts,

denoted as S , |S |= M.

The output of CLIP-Dissect is the neuron labels, which identify the concept associated

with each individual neuron. Compared with Network Dissection, our goals are the same – we

both want to inspect and detect concepts associated with each neuron. The input (i) is also the

same, as we both want to dissect the DNN f (x); however, the inputs (ii) and (iii) have differences.

Specifically, in CLIP-Dissect, our Dprobe does not require any concept labels and thus can be

any publicly available dataset such as CIFAR-100, ImageNet, a combination of datasets or even

unlabeled images collected from the internet. On the other hand, Network Dissection [6] can

only use a Dprobe that has been densely labeled with the concepts from the concept set S . As

a result, users of Network Dissection are limited to the Dprobe = DBroden and the fixed concept
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set S of Broden unless they are willing to create their own densely labeled dataset. In contrast,

the concept set S and probing dataset Dprobe in our framework are decoupled – we can use

any text corpus to form the concept set S and any image dataset Dprobe independent of S

in CLIP-Dissect, which significantly increases the flexibility and efficiency to detect neuron

concepts.

Algorithm.

There are 3 key steps in CLIP-Dissect:

1. Compute the concept-activation matrix P. Using the image encoder EI and text encoder ET

of a CLIP model, we first compute the text embedding Ti of the concepts ti in the concept

set S and the image embedding Ii of the probing images xi in the probing dataset Dprobe.

Next, we calculate the concept-activation matrix P ∈ RN×M whose (i, j)-th element is the

inner product Ii ·Tj, i.e. Pi, j = Ii ·Tj.

2. Record activations of target neurons. Given a neuron unit k, compute the activation Ak(xi)

of the k-th neuron for every image xi ∈Dprobe. Define a summary function g, which takes

the activation map Ak(xi) as input and returns a real number. Here we let g be the mean

function that computes the mean of the activation map over spatial dimensions, but g can

be any general scalar function. We record g(Ak(xi)), for all i,k.

3. Determine the neuron labels. Given a neuron unit k, the concept label for k is deter-

mined by calculating the most similar concept tm with respect to its activation vector

qk = [g(Ak(x1)), . . . ,g(Ak(xN))]
⊤, qk ∈ RN . The similarity function sim is defined as

sim(tm,qk;P). In other words, the label of neuron k is tl , where l = argmaxmsim(tm,qk;P).

Below we discuss different ways to define sim.

1.3.2 Similarity function

There are many ways to design the similarity function sim, and this choice has a large

effect on the performance of our method. In particular, simple functions like cosine similarity
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perform poorly, likely because they place too much weight on the inputs that don’t activate the

neuron highly. We focus on the following 4 similarity functions and compare their results in the

Table 1.3:

• Cos. Cosine similarity between the activation vector (qk) of the target neuron k and the

concept activation matrix P:,m from CLIP with the corresponding concept tm:

sim(tm,qk;P)≜
P⊤:,mqk

||P:,m|| · ||qk||
(1.1)

• Rank reorder. This function calculates the similarity between qk and P:,m by creating a

vector q′k, which has the values of qk in the order of P:,m. I.e. q′k is generated by reordering

the elements of qk according to the ranks of the elements in P:,m. The full similarity

function is defined below, and is maximized when the qk and P:,m have the same order:

sim(tm,qk;P)≜−∥q′k−qk∥p (1.2)

• WPMI (Weighted Pointwise Mutual Information). A mathematically grounded idea to

derive sim based on mutual information as used in [101], where the label of a neuron is

defined as the concept that maximizes the mutual information between the set of most

highly activated images on neuron k, denoted as Bk, and the concept tm. Specifically:

sim(tm,qk;P)≜ wpmi(tm,qk) = log p(tm|Bk)−λ log p(tm), (1.3)

where p(tm|Bk) = Πxi∈Bk p(tm|xi) and λ is a hyperparameter.

• SoftWPMI. Finally, we propose a generalization of WPMI where we use the probability

p(x ∈ Bk) to denote the chance an image x belongs to the example set Bk. Standard WPMI

corresponds to the case where p(x ∈ Bk) is either 0 or 1 for all x ∈Dprobe while SoftWPMI

relaxes the binary setting of p(x ∈ Bk) to real values between 0 and 1.
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This gives us the following function:

sim(tm,qk;P)≜ soft wpmi(tm,qk) = logE[p(tm|Bk)]−λ log p(tm) (1.4)

where we compute logE[p(tm|Bk)] = log(Πx∈Dprobe [1 + p(x ∈ Bk)(p(tm|x)− 1)]). As

shown in our experiments (Table 1.3), we found SoftWPMI gives the best results among

the four and thus we use it in all our experiments unless otherwise mentioned.

Due to page constraint, we leave the derivation and details on how to calculate WPMI and

SoftWPMI using only CLIP product matrix P, as well as our hyperparameter choices to Appendix

A.1.1.

1.3.3 Compatibility with future models

The current version of our algorithm relies on the CLIP [77] multimodal model. However,

this doesn’t have to be the case, and developing improved CLIP-like models has received a lot of

attention recently, with many recent works reporting better results with an architecture similar

to CLIP [105, 107, 112, 76]. If these models are released publicly, we can directly replace

CLIP with a better model without any changes to our algorithm. As a result, our method will

improve over time as general ML models get more powerful, while existing works [6, 39] can’t

really be improved without collecting a new dataset specifically for that purpose. Similar to

ours, the segmentation version of Network Dissection [7] can also be improved by using better

segmentation models, but each improved segmentation model will likely work well for only a

few tasks.

1.4 Experiments

In this section, we provide both qualitative and quantitative results of CLIP-Dissect in

Sec 1.4.1 and 1.4.2 respectively. We also provide an ablation study on the choice of similarity

function in Sec 1.4.3 and compare computation efficiency in Sec 1.4.4. Finally, we show that
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CLIP-Dissect can detect concepts that do not appear in the probing images in Sec 1.4.5. We

evaluate our method through analyzing two pre-trained networks: ResNet-50 [38] trained on

ImageNet [19], and ResNet-18 trained on Places-365 [115]. Our method can also be applied

to modern architectures such as Vision Transformers as discussed in Appendix A.1.5. Unless

otherwise mentioned we use 20,000 most common English words2 as the concept set S .

Due to the page limit, we present additional 9 experimental results in the Appendix.

Specifically, Appendix A.1.2 shows additional qualitative results discussed in Section 1.4.1.

Appendix A.1.3 showcases our ability to detect low-level concepts but also discusses some

limitations, such as sometimes outputting higher level concepts than warranted. Appendix A.1.4

shows how our method can be applied to generate compositional concepts, and Appendix A.1.5

shows that our method can be applied to Vision Transformer architecture and provides qualitative

results. In Appendix A.1.6 we experiment with another potential method to measure quality

of neuron explanations and show it also favors CLIP-Dissect. Appendix A.1.7 discusses the

limitations of only displaying top-5 images for qualitative evaluations and showcases a wider

range for some neurons. In Appendix A.1.8 we discuss how our method can be used to decide

whether a neuron is interpretable or not. Appendix A.1.9 shows the qualitative effect of different

similarity functions. Finally, in Appendix A.1.10 we evaluate our description quality for 500

randomly chosen neurons, and found descriptions generated by CLIP-Dissect to be a good

match for 65.5% of the neurons on average.

1.4.1 Qualitative results

Figure 1.1 shows examples of descriptions for randomly chosen hidden neurons in

different layers generated by CLIP-Dissect and the two baselines: Network Dissection [6] and

MILAN [39]. We do not compare against Compositional Explanations [64] as it is much more

computationally expensive (at least 200 times slower) and complementary to our approach as

their composition could also be applied to our explanations. We observe that not every neuron

2Source: https://github.com/first20hours/google-10000-english/blob/master/20k.txt
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corresponds to a clear concept and our method can detect low-level concepts on early layers and

provide more descriptive labels than existing methods in later layers, such as the ’graduating’

and ’nursery’ neurons. These results use the union of ImageNet validation set and Broden as

Dprobe. In general we observe that MILAN sometimes gives very accurate descriptions but often

produces descriptions that are too generic or even semantically incorrect (highlighted as red

labels), while Network Dissection is good at detecting low level concepts but fails on concepts

missing from its dataset. We compared against two versions of MILAN: MILAN(b) was trained

to describe neurons of networks trained on ”both” ImageNet and Places365, and MILAN(p)

was only trained on Places365 neurons to test its generalization ability. Additional qualitative

comparisons for interpretable neurons are shown in Figures A.1 and A.2 in Appendix A.1.2.

1.4.2 Quantitative results

Besides the qualitative comparison, in this section we propose the first quantitative

evaluation to compare our methods’s performance with baselines. The key idea is to compare the

neuron labels generated for neurons where we have access to the ground truth descriptions – i.e.

the final layer of a network, as the ground truth concept of the output layer neuron is the name of

Table 1.1. The cosine similarity of predicted labels compared to ground truth labels on final
layer neurons of ResNet-50 trained on ImageNet. The higher similarity the better. We can see
that our method performs better when Dprobe and concept set are larger and/or more similar to
training data.

Method Dprobe Concept set S CLIP cos mpnet cos

Network Dissection (baseline) Broden Broden 0.6929 0.2952
MILAN(b) (baseline) ImageNet val - 0.7080 0.2788

ImageNet val Broden 0.7393 0.4201
ImageNet val 3k 0.7456 0.4161
ImageNet val 10k 0.7661 0.4696
ImageNet val 20k 0.7900 0.5257

CLIP-Dissect(Ours) ImageNet val ImageNet 0.9902 0.9746

CIFAR100 train 20k 0.7300 0.3664
Broden 20k 0.7407 0.3945
ImageNet val 20k 0.7900 0.5257
ImageNet val + Broden 20k 0.7900 0.5233
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Table 1.2. Performance when labeling final layer neurons of a ResNet18 trained on Places365.
Accuracy measured on 267/365 neurons whose label is directly included in Broden labels.

Method Dprobe Concept set S gt label annotation Top1 Acc CLIP cos mpnet cos

Net-Dissect (baseline) Broden Broden Yes 43.82% 0.8887 0.6697

CLIP-Dissect(ours) Broden Broden No 58.05% 0.9106 0.7024

the corresponding class (class label). This allows us to objectively evaluate the quality of the

generated neuron labels, which avoids the need for human evaluation and uses the real function

of the target neurons while human evaluations are usually limited to describing a few most highly

activating images. We propose below two metrics for measuring the quality of explanations:

a) Cos similarity: We measure the cosine similarity in a sentence embedding space between

the ground truth class name for the neuron (e.g. ”sea lion” in Fig 1.3) and the explanation

generated by the method. For embeddings, we use two different encoders: the CLIP

ViT-B/16 text encoder (denoted as CLIP cos) and the all-mpnet-base-v2 sentence encoder

(denoted as mpnet cos). See Figure 1.3 for an example of the similarity scores for

descriptions of a single neuron.

b) Accuracy: We compute accuracy for a method as the percentage of neurons that the

method assigns the exact correct label i.e. the class name. Note that we only measure

accuracy in situations where the method chooses from a concept set that includes the

exact correct label, such as Network Dissection for models trained on Places365 (not

for ImageNet models since ImageNet labels are missing from Broden). We also did not

measure accuracy of MILAN as MILAN generates explanations without a concept set and

thus is unlikely to match the exact wording of the class name.

In Table 1.1, we can see that the labels generated by our method are closer to ground

truth in sentence embedding spaces than those of Network Dissection or MILAN regardless of

our choice of Dprobe or concept set S . We can also see that using a larger concept set (e.g. 3k

v.s. 20k) improves the performance of our method. Table 1.2 shows that our method outperforms
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Figure 1.3. Example of a final layer neuron: we compare the descriptions generated by different
methods and our metrics. Accuracy only evaluated for CLIP-Dissect with ImageNet labels as
concept set since it is the only method where exact correct answer is a possible choice and
therefore accuracy makes sense.

Network Dissection even though this task is favorable to their method (as the Places365 dataset

has large overlaps with Broden). We highlight that CLIP-Dissect can reach higher accuracy

even though Network Dissection has access to and relies on the ground truth labels in Broden

while ours does not.

1.4.3 Choice of similarity function

Table 1.3 compares the performance of different similarity functions used in CLIP-

Dissect. We use accuracy and cos similarity in embedding space as defined in Sec 1.4.2 to

measure the quality of descriptions. We observed that SoftWPMI performs the best and thus it is

used in all other experiments unless otherwise mentioned. The effect of similarity function is

shown qualitatively in Appendix A.1.9. Table 1.3 also showcases how CLIP-Dissect can give

final layer neurons the correct label with a very impressive 95% accuracy.

1.4.4 Computational efficiency

Table 1.4 shows the runtime of different automated neuron labeling methods when tasked

to label all the neurons of five layers in ResNet-50. We can see our method runs in just 4 minutes,

more than 10, 60 and 200+ times faster than the baselines MILAN [39], Network Dissection [6]
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Table 1.3. Comparison of the performance between similarity functions. We look at the final
layer of ResNet-50 trained on ImageNet (same as Tab 1.1). We use S = 20k for cosine similarity
and S = ImageNet classes for top1 accuracy. We can see SoftWPMI performs best overall.

Dprobe

Metric Similarity function CIFAR100
train

Broden ImageNet
val

ImageNet val
+ Broden

Average

mpnet cos 0.2761 0.2153 0.2823 0.2584 0.2580
cos similarity Rank reorder 0.3250 0.3857 0.4901 0.5040 0.4262

WPMI 0.3460 0.3878 0.5302 0.5267 0.4477
SoftWPMI 0.3664 0.3945 0.5257 0.5233 0.4525

Top1 accuracy cos 8.50% 5.70% 15.90% 11.40% 10.38%
Rank reorder 36.30% 57.50% 89.80% 89.90% 68.38%
WPMI 23.80% 47.10% 87.00% 86.90% 61.20%
SoftWPMI 46.20% 70.50% 95.00% 95.40% 76.78%

and Compositional Explanations [64] respectively.

Table 1.4. The time it takes to describe the layers [’conv1’, ’layer1’, ’layer2’, ’layer3’, ’layer4’]
of ResNet-50 via different methods using our hardware(Tesla P100 GPU). We can see CLIP-
Dissect is much more computationally efficient than existing methods.

Method CLIP-Dissect Network Dissection Compositional Explanations MILAN

Runtime 3min50s >4 hrs >>14 hours 55min 30s

1.4.5 Detecting concepts missing from probing dataset

One surprising ability we found is that our method is able to assign the correct label to

a neuron even if Dprobe does not have any images corresponding to that concept. For example,

CLIP-Dissect was able to assign the correct dog breed to 46 out of 118 neurons detecting dog

breeds, and correct bird species to 22 out of 59 final layer neurons of ResNet-50 trained on

ImageNet, while using CIFAR-100 training set as Dprobe, which doesn’t include any images

of dogs or birds. This is impossible for any label based methods like NetDissect [6] and

Compositional Explanations [64] (as IoU will be 0 for any concept not in Dprobe), and unlikely

for methods based on captioning highly activated images like MILAN [39] (as humans won’t

assign a caption missing from activated images). Example labels and highest activating probe
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images can be seen in Figure 1.4.

Figure 1.4. Example of CLIP-Dissect correctly labeling neurons that detect the little blue heron
and the great white heron based on pictures of dolphins and dinosaurs in CIFAR. CIFAR100
does not contain any bird images but CLIP-Dissect can still get the correct concept.

1.5 Use case of CLIP-Dissect

In this section, we present a simple experiment to showcase how we can use CLIP-

Dissect to gain new insights on neural networks. By inspecting the ResNet-50 network trained

on ImageNet with CLIP-Dissect, we discover the following phenomenon and evidence for

it: the higher the weight between two neurons, the more similar concepts they encode, as

shown in Figure 1.5. This makes sense since a high positive weight causally makes the neurons

activate more similarly, but the extent of this correlation is much larger than we expected, as each

final layer neuron has 2048 incoming weights so we would not expect any single weight to have

that high of an influence. A consequence of the similarity in concepts is that the second-to-last

layer already encodes quite complete representations of certain final layer classes in individual

neurons, instead of the representation for these classes being spread across multiple neurons. For

example Fig 1.5a shows that the 3 neurons with highest outgoing weights already seem to be

accurately detecting the final layer concept/class label they’re connected to.

To make these results more quantitative, in Figure 1.5b we measure the similarity of

concepts encoded by the neurons connected via highest weights in the final layer of ResNet-
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50. For layer4 neurons, we used CLIP-Dissect to determine their concept, while for the final

layer neurons we used the ground truth i.e. class label in text form. We can clearly see that

higher weights connect more similar concepts together, and the average similarity decreases

exponentially as a function of k when averaging similarities of neurons connected via the top

k weights. To further test this relationship, we found that the mpnet cos similarity between

concepts encoded by two neurons and the weight connecting them are correlated with r = 0.120

and p-value < 10−300(probability of no correlation is practically 0) when calculated over all 2

million weights in the final layer. If we only look at the highest 50000 weights, the correlation is

even higher with r = 0.258, p-value < 10−300.

(a) Visualization of 3 highest weights of final layer. (b) Average cosine similarity between concepts.

Figure 1.5. a) 3 highest weights of the final layer of ResNet-50 trained on ImageNet, we can
see neurons connected by the highest weights are detecting very much the same concept. b)
Cosine similarities between the concepts of neurons connected by highest weights. The higher
the weight between neurons, the more similar a concept they represent.

1.6 Limitations and conclusions

Limitations: The main limitation of our method compared to previous work is that it’s not

taking advantage of the spatial information of neuron activations. This causes some difficulties

in detecting lower level concepts, but we are still able to detect many low level/localized patterns

as discussed in Section A.1.3. Secondly, our method currently works well only on concepts

and images that CLIP works well on, and while this already covers a larger set of tasks than
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what existing neuron labeling methods perform well on, CLIP-Dissect may not work out of

the box on networks trained on tasks that require highly specific knowledge such as classifying

astronomical images. However, our method is compatible with future large vision-language

models as long as they share a similar structure to CLIP, whether they are general models or

trained for a specific domain. Finally, not all neurons can be described well by simple terms

such as single word explanations. While we can augment the space of descriptions using a

different concept set S , or creating compositional explanations as discussed in Appendix A.1.4,

some neurons may have a very complicated function or perform different functions at different

activation ranges. For the most part, current methods including ours will be unable to capture

this full picture of complicated neuron functions.

Conclusions: In this work, we have developed CLIP-Dissect, a novel, flexible and

computationally efficient framework for automatically identifying concepts of hidden layer

neurons. We also proposed new methods to quantitatively compare neuron labeling methods,

which is based on labeling final layer neurons. We have shown CLIP-Dissect can match or

outperform previous automated labeling methods both qualitatively and quantitatively and can

even detect concepts missing from the probing dataset. Finally we used CLIP-Dissect to

discover that neurons connected by a high weight often represent very similar concepts.
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Chapter 2

Linear Explanations for Individual Neu-
rons

2.1 Introduction

Current machine learning models are extremely capable at many tasks, yet they are

notoriously hard to understand, and most often seen as black boxes. Recently, the field of

mechanistic interpretability [72, 22] has emerged to address this issue by providing mechanistic

understanding of the inner workings of neural networks, with the ultimate goal of reverse

engineering the algorithms that neural networks use to solve problems.

Individual neurons (or channels of a CNN) are the most simple unit of a neural network,

and understanding them is a fundamental building block of mechanistic interpretability. Many

methods have been developed to understand individual neurons, based on both manual inspection

[23, 114, 72] and automated description [6, 39, 68]. However, most of these methods only focus

on understanding and explaining the very highest activations of a neuron. In Section 2.2 we show

that this is not enough, and a neuron’s impact on network outputs is distributed quite evenly

across all inputs. Therefore, to fully understand a neuron, we need to understand everything it is

doing, not just its highest activations.

In Section 2.3 we propose a solution to these issues, which we call Linear Explanations

(LE). In our method, each neuron is described as linear combination of concepts, such as

”w1× dog + w2× pet”. This explanation allows us to directly simulate neuron activations as
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s(xi) = w1P(dog|xi)+w2P(pet|xi), where P(concept|xi) can be estimated by either a human or

a model. Our automated method allows for learning accurate linear explanations efficiently, as

demonstrated in Section 2.5, where we evaluate and compare our method and existing automated

explanation methods. We believe linear explanations are a natural way to represent neurons, and

they can elegantly model the scalar nature of a neuron’s activation. In addition, linear explanations

can be found efficiently and do not binarize neuron activations (which loses information), unlike

alternative methods to capture complex neuron behavior such as Compositional Explanations

[65].

In Section 2.4 we propose a new, more rigorous way to automatically evaluate the quality

of neuron descriptions via simulation, i.e. predicting the neuron’s activation on a new input

given the explanation. The simulation evaluation was recently proposed for explaining neurons

of large language models by [9], and has since been a popular evaluation method in language

settings [18, 14]. We are the first to present an effective and natural way to run simulation on

vision models by utilizing SigLIP [111] models as the simulator. We find that existing neuron

explanations [6, 39, 68] perform poorly under simulation, while our method provides more than

3× higher ablation scores when simulated. Finally, in Figure 2.3 we show how our method can

uncover multiple roles played by the same neuron that would be missed when only looking at

highest activations. Our code and results are available at https://github.com/Trustworthy-ML-

Lab/Linear-Explanations.

2.2 Motivation: How Important are Different Parts of a
Neuron’s Activation Pattern?

In this section, we aim to answer the following question:

Is most of a neuron’s impact on the network caused by the very highest activating inputs,

or are all inputs important?

We do this by ablating the individual neurons of a network, i.e. replacing their activation
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by 0, and measuring the change in network outputs. We refer to this as the neuron’s causal effect.

2.2.1 Definitions

To describe our results, we first need to define a few metrics: The idea is to measure the

causal effect of these neurons in terms of metrics most relevant to the end use case, which in a

classification setting are accuracy and cross-entropy loss.

Let f (·) be a neural network of interest. f (x) is the network’s output on an input x, i.e.

class probabilities. Let D = {(xi,yi)} be a dataset with images xi and corresponding ground-truth

class labels yi. We define Ik(xi,yi) as the impact of neuron k on the input xi:

Ik(xi,yi) :=
∆Acck(xi,yi)−∆Lk(xi,yi)

2
(2.1)

where ∆Acck(xi,yi) is the change in accuracy and ∆Lk(xi,yi) is the change in loss as formally

defined below:

∆Acck(xi,yi) =
[h( f (xi)) = yi]− [h( f∼k(xi)) = yi]

∑(x j,y j)∈D[h( f (x j)) = y j]
(2.2)

∆Lk(xi,yi) =
L( f (xi),yi)−L( f∼k(xi),yi)

∑(x j,y j)∈D L( f (x j),y j)
(2.3)

Here [·] is the indicator function, taking value 1 if the expression is True and 0 otherwise,

h(·) := argmax(·), f∼k(·) is the output of the model without neuron k, i.e. the neuron’s activation

is replaced by 0 and L is the loss function, such as cross-entropy loss. We use temperature

calibration [35] before calculating the losses.

The impact Ik(xi,yi) is then the average of the neuron’s effect on accuracy and loss of the

model on an input, as a fraction of the model’s total loss and accuracy, with signs chosen such

that a positive impact means including the neuron k improves the network’s predictions.

Next, we measure how much of a neuron’s total impact is caused by the inputs that

activate it the highest. To achieve this, we define Top Impact, denoted as T Ik(β ), with the input
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Figure 2.1. Overview of our proposed method: Linear Explanations.

argument β ∈ [0,1] representing the fraction of highest activating inputs included:

T Ik(β ) =
∑

β |D|
i=1 |Ik(x(i),y(i))|

∑(x j,y j)∈D |Ik(x j,y j)|
(2.4)

where x(i),y(i) are ordered in descending order of neuron k’s activation. I.e. g(Ak(x(i))) ≥

g(Ak(x(i+1)))∀i, where Ak(xi) is the activation of a neuron or a channel in CNNs on input xi, and

g is a summary function such as mean or max that takes the 2D activation map of a CNN channel

into a single scalar (or identity for scalar neurons) as defined in [68]. A neuron where all inputs

are equally important should have T Ik(β ) = β .

2.2.2 Results

To measure how important highly activating inputs are to network predictions in practice,

we ablated out all the neurons (channels) of ResNet-50 [38] one at a time and measured the

change in performance on ImageNet validation data. Results in terms of Top Impact are shown

in Table 2.1. We used mean as summary function g. We can see that if we wish to understand

most of a neuron’s impact (i.e. high T I), we need to look at a large fraction of the neuron’s inputs
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(high β ), not just the most highly activating inputs.

This is in contrast to many popular methods of single neuron explanation, which often

focus exclusively on the most highly activating inputs, i.e. very small β . For example MILAN

[39] only looks at 15 most highly activating inputs, which is equivalent to β = 0.0003. In

Table 2.1, we can see that these inputs only explain 0.258% of the neuron’s impact on average.

Similarly, CLIP-Dissect [68] with SoftWPMI similarity function only looks at 100 (β = 0.002)

most highly activating inputs, which make up 1.522% of the neuron’s impact. While Network

Dissection [6] looks at all inputs, it only aims to explain top 0.5% of location specific neuron

activations which causes similar issues. Based on the findings in Tab 2.1, we believe most

inputs of a neuron are important, and only focusing on highest activating inputs (small β ) is not

sufficient to faithfully explain individual neurons, or to evaluate how good such explanations are.

To resolve this issue, we propose a new explanation method (Section 2.3) and a new evaluation

metric (Section 2.4) that focus on explaining the entire range of a neuron’s activations.

2.3 Method

In this section we present our method Linear Explanations or LE. Our method consists

of two main parts: (i) Constructing a concept activation matrix P, and (ii) Learning a linear

combination to explain the neuron. An overview of our method is shown in Figure 2.1.

Table 2.1. Average Top Impact for neurons in different layers of ResNet-50 (ImageNet). We
can see that while highly activating inputs (small β ) are more impactful than the average input,
especially on later layers, they still explain only a small portion of the neuron’s total effect. E.g.
β = 0.002 only accounts for around 1.52% of Total Impact.

β Conv 1 Layer 1 Layer 2 Layer 3 Layer 4 All

0.0003 0.054% 0.084% 0.110% 0.268% 0.319% 0.258%
0.002 0.319% 0.454% 0.574% 1.369% 2.007% 1.522%
0.02 2.743% 3.526% 4.160% 8.654% 13.59% 10.22%
0.1 12.42% 14.80% 16.53% 28.28% 39.38% 31.42%
0.5 55.23% 59.49% 62.08% 76.85% 84.55% 77.46%
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2.3.1 Constructing a concept activation matrix

An essential part of our explanation is creating the concept activation matrix P. Each entry

Pi j represents how much of concept ci is present in input x j in a way that is aligned with human

perception. That is Pi j ≈ P(ci|x j), for each input x j of the probing dataset Dprobe(|Dprobe|= N)

and each concept ci in the concept set S (|S |= M).

In this paper we experiment with two different methods of determining P described

below: Label and SigLIP.

Label: Use labeled data. If we have access to labeled data for all concepts in the concept

set for all inputs in the probing dataset, we can directly use these labels as our concept activation

matrix P. This is the ideal case and works in situations where such data is available, such as

the Broden [6] dataset or the class labels on a validation dataset. We denote this approach as

LE(Label). However, we often do not have access to labels for all concepts and/or images we

want to utilize, and collecting additional labeled data can be expensive. This leads us to our

second method SigLIP.

SigLIP: Pseudo-labels from Multimodal Models. In cases where sufficient labeled data

is not available, it is often beneficial to create artificial labels using pretrained foundation models

such as CLIP [77]. In our experiments we used SigLIP [111](ViT-L-16-384) as our explainer

model. SigLIP(ViT-L-16-384) is a more recent model similar to CLIP, and was chosen because

of its improved performance, as well as use of sigmoid function during pretraining. Training

with sigmoid activation is important for creating a reliable concept activation matrix P, as it is

essentially a multi-label classification task, i.e. most images contain multiple concepts. Because

of this, softmax based models will likely perform poorly on constructing a concept activation

matrix P.

To ensure the pretrained SigLIP model is aligned with human concept predictions, we

add additional calibration parameters a and b and optimize these using publicly available data.

Let EI be the image encoder and ET be the text encoder of the SigLIP model. We generate
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concept activation matrix P as follows: Pi j = σ(a ·ET (ci)EI(x j)+ a · b). Since our goal is to

have Pi j ≈ P(ci|x j), i.e. to be similar to human predictions, we learn a and b by minimizing

binary cross-entropy loss LBCE on concepts we have labels for. In particular we use ImageNet

validation data, with added superclass labels according to WordNet hierarchy [61], which turns

this into a multi-label classification task. a and b are then determined as:

min
a,b

∑
xi∈D

∑
c j∈C

LBCE(σ(a ·ET (c j)EI(xi)+a ·b),yi, j) (2.5)

where C is the set of [super]class names, c j is the name of j-th [super]class, yi, j is a binary label

indicating whether input xi belongs to [super]class c j and LBCE is binary cross-entropy loss. The

hyperparameters a and b are explainer model specific, and independent of Dprobe or S .

2.3.2 Learning Linear Explanations

Once we have our concept activation matrix P ∈ RM×N , our next task is to learn a sparse

linear model that can predict the activation of our target neuron based on the presence of a few

concepts in our input. We do this in two steps described below. Let qk ∈ RN be the activation

vector of neuron k, defined as qk =



g(Ak(x1))

g(Ak(x2))

...

g(Ak(xN))


, where Ak(xi) is the activation of neuron k on

input xi, and g(·) is a summary function (mean) which is used in case the neuron’s activation is

not a scalar, for example when neuron k is a channel of a CNN.

Throughout the paper we use a 70-10-20 split to divide our Dprobe into train, validation

and test set splits to avoid overfitting our explanations. We denote the train subset of qk and P as

qtrain
k and Ptrain respectively.
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Learn a relatively sparse wk

First, we use the GLM-Saga package [103] to learn a sparse linear weight wk ∈ RM to

minimize the following objective:

LMSE = ||w⊤k Ptrain− (qtrain
k )⊤||22 +λRη(wk) (2.6)

where Rη(wk) = (1−η)1
2 ||wk||22 +η ||wk||1 and η is a hyperparameter, set to 0.99 in our exper-

iments. It is worth noting that we optimize the predictions to be accurate on the entire D train
probe

(i.e. β = 1), so our explanations describe the entire activation range, not just the most highly

activating inputs as discussed in Sec 2.2. Our goal is to learn wk that can accurately predict

neuron activations based on just the concept information embedded in the concept activation

matrix P, while also being sparse for interpretability. The sparsity constraint is reflected in the

term ||wk||1 of the regularization Rη(wk). This is a surrogate term for the exact sparsity goal of

minimizing the ℓ0 norm (i.e. ||wk||0), as the ℓ1 norm is convex and much easier to optimize than

the non-convex ℓ0 norm. However we found it hard/unstable to find extremely sparse (around 5

concepts per neuron) wk using only this method.

Next we discuss how to overcome this using greedy search guided by the found values

wk. For discussion on results without using greedy search, see Appendix B.2.4.

Greedy search

Our basic idea for greedy search is to use the weights wk found in previous step as a

heuristic to find a very sparse explanation for the neuron of interest. This greedy-search process is

described in detail in Algorithm 1 and Appendix B.1.3. For each neuron, we test r = 10 available

concepts with the highest weight, and choose the one that can train the best model together with

the already selected concepts. We continue this process until we reach the maximum number of

concepts v = 10, or until adding another concept does not improve performance enough. This is

modeled by the tolerance parameter ε . This lets our method dynamically decide the number of
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Figure 2.2. An overview of the simulation pipeline with correlation scoring.

concepts for each neuron, adding more complexity to the explanation only when it is needed.

The tolerance parameter can be adjusted to make a tradeoff between simpler and shorter v.s.

more complete explanations. This process requires training many models per each neuron, but

they are extremely small linear models (10 or less parameters) which can be trained to optimal

in a fraction of a second. Each of these models is trained to minimize MSE loss of predicting

neuron activations as a linear function of only the selected concepts (with no regularizer), i.e. the

first term in equation 2.6. More concretely, given set of concept indices discovered from Greedy

search I = {i1, ..., iu}, u≤ v, our final explanation E is then:

E = {(w∗k,1,ci1), · · · ,(w
∗
k,u,ciu)} (2.7)

where w∗k = argminw∈Ru||w⊤Ptrain
I − (qtrain

k )⊤||22.

2.4 Improving Evaluation of Explanations via Simulation

An important part of creating explanations for individual neurons is being able to eval-

uate how faithfully these descriptions actually correspond to target neuron behavior. This has

traditionally been done with methods such as evaluating whether the description matches the

most highly activating images [6, 39, 68, 46], but this only evaluates a very small portion of the

neuron’s activations, which is not sufficient for understanding the neuron as we have shown in
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Section 2.2. In addition, [117] showed that while the very highest activations of a neuron may

often be understandable, understanding a larger part of the activation range quickly becomes

difficult for humans.

Inspired by recent work in language models [9], we instead propose to evaluate our

explanations using simulation. See Figure 2.2 for an overview of our simulation pipeline. The

basic idea of simulation is as follows:

1. Generate a human understandable explanation E for the neurons using an Explainer1.

2. Use a Simulator to predict neuron activations s(x,E) on new inputs x, based on only the

explanation E and the input.

3. Score how well the simulated activations fit the actual neuron activations, using either

correlation or ablation scoring.

The intuition behind simulation is that a good explanation should allow the simulator model (or

a human) to accurately predict the neuron activations. [9] used GPT-4 as both the explainer and

the simulator, showing the 5 most highly activating text excerpts from a subset of its training data

to generate an explanation, and then simulate its activations on 5-10 new excerpts to evaluate

how good these explanations are.

In this section, we propose how to naturally extend the idea of simulation from language

to the vision domain, and discuss some conceptual and practical improvements we can do in this

modality. We argue a good simulator should have the following properties:

1. The simulator needs to be able to take any textual concept, and predict how highly it

activates on any given image (or subpart of the image).

2. The simulator and the explainer should be different models. Using the same model may

overestimate the quality of the explanations. For example, the explainer could use an

1Explainer could be a neural network, a human or an algorithm using human-annotated labels
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uninterpretable code, or a misunderstood concept to explain a neuron and still receive a

high score if the simulator shares this misunderstanding.

3. Third, a simulator should be human aligned i.e. predict activations similar to how a human

would.

Following the above, we propose using CLIP [77] or similar models to perform this image level

simulation. In particular, we choose the SigLIP-SO400M-14-384 [111] as the simulator, because

it is the most powerful sigmoid trained model available. Note this is a different SigLIP model

than the one we use to generate explanations of LE(SigLIP).

To ensure that our simulator is human-aligned, we base our simulation on predicting

P(ci|x j), i.e. how likely is the concept represented by ci to be present in image x j. This is

important as it is aligned with how humans usually think about concepts, instead of directly

predicting real values as done by [9]. We estimate P(ci|x j) similar to how we constructed matrix

P in Section 2.3, i.e.

Psim(ci|x j) = σ(asimEsim
T (ci)Esim

I (x j)+asimbsim) (2.8)

Like before, we optimize the hyperparameters asim and bsim on ImageNet validation data with

superclasses as defined in equation 2.5. Different from the explainer (Section 2.3), the simulator

does not use a fixed concept set, but instead evaluates all the concepts present in explanation E.

For explainers that produce a single text explanation ce [6, 39, 68], their explanation can

be written as a linear explanation of length 1, i.e. E = {(1,ce)}. Once we have an explanation E,

the initial simulated activation s(x j,E) is calculated in the following way:

s(x j,E) = ∑
(wi,ci)∈E

wiPsim(ci|x j) (2.9)

With s(x j,E), we can evaluate the quality of explanation E using two scoring methods:
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Figure 2.3. An area chart of the activations of two neurons in layer4 of ResNet-50. We can see
Neuron 140 is mostly monosemantic, but represents different types of birds at different activation
ranges. In contrast, neuron 136 has two distinct roles, snow and skiing related concepts at high
activations and dog-like animals at lower activations.

A. Correlation Scoring ρ(k,E): The explanations E are scored based on the correlation

coefficient between the simulated activations and the neuron’s real activation patterns.

ρ(k,E) = ∑
x∈D test

probe

ŝ(x,E) · ĝ(Ak(x))
|D test

probe|
(2.10)

where ŝ and ĝ(Ak) are s and g(Ak) normalized to have mean 0 and standard deviation of 1 on the

test distribution.

B. Ablation scoring α(k,E): In ablation scoring, we directly replace the actual neuron

activation with our simulated neuron activations, and measure how much this changes the final

model outputs. Unlike correlation scoring, for ablation scoring we need to make sure simulated

activations have the right scale. This leads us to ablation simulated value sabl(x,E,c,d), where c

and d are scaling parameters used to match the magnitude of predicted activations with actual

neuron activations:

sabl(x,E,c,d) = c · s(x,E)+d (2.11)

We measure ablation performance with an objective adapted for classification setting, defined as
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αinit(k,D ,E,c,d) =

1−
∑(x,y)∈D |L( fk←sabl(x,E,c,d)(x),y)−L( f (x),y)|

∑(x,y)∈D |L( fk←µ(x),y)−L( f (x),y)|
(2.12)

where f (x) is the output of the target model, L is the loss function (e.g. cross-entropy-

loss), fk←sabl(x,E,c,d)(x) indicates replacing the activations of neuron k with the simulated values

sabl(x,E,c,d), while fk←µ(x) means replacing the neuron k’s activation with its mean value.

This is the same as the ablation objective of [9], except we have replaced Jensen-Shannon

divergence with cross-entropy loss as it is a more relevant metric in the classification task. Note

this formulation requires using D where we have access to ground truth labels, which is the case

when using validation data.

To get the parameters c, d , we optimize with gradient descent on the validation split:

c∗,d∗ = argmax
c,d

αinit(k,Dval
probe,E,c,d) (2.13)

Our final simulation score is then evaluated on the test split, and defined as:

α(k,E) = αinit(k,Dtest
probe,E,c

∗,d∗) (2.14)

A perfect simulation will reach α(k,E) = 1, while random guess should receive a score of 0.

Here we used optimization to find the parameters c and d. [9] instead calculated c and

d based on correlation between the predicted and true activation. We evaluate the difference

between these choices in Appendix B.2.5, and find our optimization method gives noticeably

higher ablation scores, but with a higher computational cost.

Finally we note that our SigLIP based simulation pipeline is much more computationally

efficient than the GPT-4 pipeline of [9] because we do not need to recalculate image embeddings

when simulating a new explanation. This allows us to run simulation on the entire test split of

probing data (10,000 images for ImageNet), which is many orders of magnitude larger than the
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Figure 2.4. Descriptions and highly activating images from different ranges of example neurons.
We can see Linear Explanation provides a more complete description than baselines in both
cases.

number of samples [9] used for simulations.

2.5 Experiment Results

Setup

We mostly focus our analysis on second to last layer features similar to [46] and [16]

because they are the highest level features learned by the model, and are the features used

when transfer learning from that model. Additionally, in the ResNet [38] family of models,

they are CNN channels followed by a global avg pooling layer, meaning they can be meaning-

fully understood (and simulated) either as having 2d or scalar activations without losing any

information.

We evaluate two variants of our method: Linear Explanation (Label), which uses the

labels in Dprobe to construct P, as well as superclass labels in the case of ImageNet and CIFAR-

100. The second variant is Linear Explanation (SigLIP), which uses SigLIP-ViT-L-16-384
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model (different from our simulator model) to construct the concept activation matrix P.

Dprobe: As probing data we use the validation dataset of the dataset the model was

trained on. We randomly split this probing data into train(70%), validation(10%) and test(20%)

splits. Since we simulate on the entire test split, our setting corresponds to the most challenging

random-only setting from [9].

Concept set S : For LE (Label), the concept set is the label names in the original dataset

(+ superclass names). For LE(SigLIP), we use union of the label names, the labels in Broden

[6], and a list of 6800 English nouns. For SigLIP we filtered these concepts to only use concepts

whose average top-5 activation in Dprobewas ≥ 0.5 to avoid using concepts not present in the

data. See Appendix B.2.2 for an ablation study using different concept sets.

2.5.1 Qualitative results

In Figure 2.3, we display example LE(Label) explanations, as well as an area chart

visualization for a few example neurons. This choice of visualization was inspired by [31], as it

can visualize the neuron behavior across the entire activation range, and with our label based

method we can construct them automatically. To construct this, we divided neuron activations

into 8 evenly spaced buckets between 0 and the max activation of the neuron, and then plot

fraction of inputs within that activation range that belong to each class/superclass. Note the later

buckets have much fewer inputs in them. We can see that these neurons are very well explained

by the Linear Explanation, and LE can help reveal polysemanticity across different activation

ranges, such as Neuron 136 which activates on dog related concepts on lower activations (orange

region), while its top activations are snow related concepts (blue region). Existing methods

miss the dog related role and only explain the top activations, as seen in Figure 2.4. We display

explanations from ours and other methods in a more traditional way by visualizing inputs from

different activation ranges in Figure 2.4, and for many more neurons in Appendix B.3.3.
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Table 2.2. Average correlation scores between simulated and actual neuron activations, across
all neurons in the second to last layer of the respective models. For ViT models we report the
MLP neurons in the last transformer block.

Target model Net Dissect MILAN CLIP-Dissect LE (Label) LE (SigLIP)

ResNet-50 (ImageNet) 0.1242 ± 0.002 0.0920 ± 0.002 0.1871 ± 0.002 0.2924 ± 0.002 0.3772 ± 0.002
ResNet-18 (Places365) 0.2038 ± 0.005 0.1557 ± 0.005 0.2208 ± 0.005 0.3388 ± 0.004 0.4372 ± 0.003
VGG-16 (CIFAR-100) n/a n/a 0.2298 ± 0.004 0.4330 ± 0.004 0.4970 ± 0.004
ViT-B/16 (ImageNet) n/a n/a 0.1722 ± 0.004 0.3243 ± 0.005 0.3489 ± 0.005
ViT-L/32 (ImageNet) n/a n/a 0.0549 ± 0.002 0.1879 ± 0.004 0.2182 ± 0.004

Table 2.3. Average Ablation scores between simulated and actual neuron activations, average
over all neurons in layer4.

Target model
Network
Dissection MILAN CLIP-Dissect LE(Label) LE(SigLIP)

ResNet-50 (IN) 0.0165 ± 0.0003 0.0137 ± 0.0003 0.0215 ± 0.0004 0.0433 ± 0.0007 0.0727 ± 0.0008

2.5.2 Simulation results: Correlation Scoring

Table 2.2 shows the average correlation scores between simulated and actual neuron

activations, across many different models and network architectures, including both CNNs and

ViTs. We do not include Network Dissection and MILAN results for the last three models,

as those methods are designed for 2d activations, while the final layers of these models have

effectively scalar activations. We can see Linear Explanations, especially SigLIP, significantly

outperform existing methods, reaching around 0.4 correlation on average, twice as high as

existing methods. There is relatively large variance in how interpretable individual units are

between different architectures and datasets, but performance between methods is quite consistent.

The average length of our LE explanations are shown in Table B.1(App. B.1.4). Correlation

scores for other layers of a network are discussed in Appendix B.3.1. In Table B.2(App. B.2.1)

we perform an ablation study by using a different simulator model, showing that the trends we

observe here hold across different simulators.
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2.5.3 Simulation results: Ablation scoring

In Table 2.3, we score the explanations using ablation scoring, reporting the average

score across all neurons of layer 4 in ResNet-50. We find that existing methods perform very

poorly under ablation scoring, with all methods averaging scores of at most 0.02, where simply

predicting mean activation on all inputs would give a score of 0, and a perfect prediction can

reach 1. Our methods improve significantly over existing methods, with Linear Explanation

(SigLIP) reaching 0.0727 average ablation score, more than 3 × better than previous methods,

but still scoring quite low overall. This highlights the need for further refinement in neuron

explanation methods. This is consistent with results of [9] in language models, where they found

most neuron explanations scored very close to 0 under random-only ablation scoring. We also

found that there is a clear quadratic relationship between the correlation and ablation score of an

explanation across all explanation methods, as shown in Figure 2.5. This shows correlation score

is predictive of ablation score.

Discussion.

Overall we found that LE(SigLIP) outperformed LE(Label) by a significant margin

in our evaluations. We believe this can be attributed to a few causes: First, LE(SigLIP) can

use a larger concept set, and as such can detect a wider range of concepts. Second it is likely

more aligned with the simulator model, i.e. thinks of concepts in a more similar manner to the

simulator. In contrast, LE(Label) utilizes some concepts that are very hard for a simulator to

understand based on name alone, such as leporid, which is a superclass of rabbits. In section

B.2.1 we tested using a simulator from a different model family, but SigLIP’s advantage still

persisted. Regardless, it may be beneficial to use LE(Label) in some cases, for example to have

more transparency and consistency in the explanations.

Computational Efficiency.

Both of our explanation methods take around 4 seconds per explained neuron on a

machine with a single Tesla V100 GPU. In addition, LE(SigLIP) has a one-time cost of a single
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Figure 2.5. The relationship between correlation and ablation score of different explanations.

forward pass of Dprobe through the SigLIP model which takes around 30 minutes. This does not

need to be recalculated when explaining new neurons or models with the same data.

2.6 Related Work

2.6.1 Automated Interpretability in Vision

Several methods have been proposed to automatically explain the roles of individual

neurons in neural networks. Network Dissection [6] is the first and likely most popular. They

use a dataset with pixel-wise labeled concepts, and try to find concepts with high Intersection

over Union (IoU) with binarized neuron activations. This method has a few downsides, such as

treating neuron activations as binary and inability to detect concepts missing from their annotated

dataset. Compositional Explanations [65] extends Network Dissection to deal with polysemantic

neurons, that may activate on multiple unrelated concepts, by searching for logical compositions

of concepts, i.e. a neuron could activate on Cat OR Dog. This is similar to our method in that

they propose a way to compose a more complex explanation out of simpler primitive concepts.

However we believe linear composition is preferable over logical composition because it naturally

operates on scalar activations while logical composition requires binarizing neuron activations,

and linear functions are much faster to search for than logical formulas are.
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Recently [54] proposed an Extension to Compositional Explanations, addressing the

problem that Compositional Explanations only explain the very highest activations. This was

motivated by findings similar to our Section 2.2 showing that lower activation ranges are also

important for network predictions. They propose dividing the activation range of a neuron into 5

buckets, and generating a separate compositional explanation for each. While this does provide a

more complete picture of the neurons, the explanation is getting rather hard to understand, with

15 concepts per neuron that interact in complicated ways. We believe Linear Explanations are

able to achieve a similar level of completeness of description with much less complexity.

Other relevant methods include MILAN [39] which trains a neural net to describe the

most highly activating inputs of a neuron, DnD [4] which utilizes pre-trained models to produce

generative explanations of highest activating inputs, [7] who propose doing Network Dissection

with a Segmentation model instead of labeled data, and [16] who propose explaining neurons

with Compositions of validation dataset labels similar to our LE(Label), but they use logical

compositions instead of linear composition, and AUC to evaluate instead of ability to predict

neuron activations.

Finally, recent papers CLIP-Dissect [68] and FALCON [46] have proposed methods

that don’t require labeled concept information at all by relying on supervision from multimodal

models such as CLIP [77]. This is related to how our LE(SigLIP) works, but both previous

methods only focus on explaining the very highest activating inputs.

2.6.2 Language Models Can Explain Neurons in LMs

[9] proposes an Automated Interpretability approach to explain individual neurons in

large language models. They propose an explanation method similar to MILAN [39], and

very different from ours, adapted to a language setting. They show a large model (GPT-4) the

most highly activating inputs of a neuron and ask it to find what they have in common as the

explanation for that neuron, which is studied in more detail by [55]. [9] also propose a new

evaluation method: simulation, which evaluates explanations based on how well they can be used
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to predict activations on new inputs, which we improve upon and extend to the vision setting in

this work.

2.6.3 Unreliability of explaining only top activations

Recent works [66, 92] have shown that neuron explanations based on only highest

activations are not robust, and can be easily manipulated. Similarly, feature visualizations can

be easily fooled as shown by [29]. In light of this, our hope is that more holistic explanations

explaining the entire activation range are less susceptible to such attacks.

2.6.4 Linear Probes

Linear Probing is a common method for finding explainable neurons in language models

[3, 83, 37, 27]. In linear probing, a (sparse) linear model is trained to predict a concept based

on neuron activations, with the goal to understand if/where the network represents that concept.

Our method is effectively the inverse of linear probes, where we instead learn a sparse linear

function of concepts to predict a neuron activation.

2.7 Conclusion

We have shown that only describing highly activating inputs as done by previous work is

not sufficient to understand a neuron, and proposed a new solution called Linear Explanations.

Our method explains neurons as a linear combination of concepts that produces highly accurate

and complete neuron descriptions that are still easy to comprehend. Additionally, we developed

a new way to more rigorously evaluate neuron explanations in vision models via simulation.

Impact statement

Our paper proposes improved methods to understand neural networks, and as such we

expect its impact on society to be mostly positive. While our method is only a small part of this,

we believe better understanding of networks reduces the chances of harm caused by deploying
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unsafe or unreliable models in important settings. One potential downside of explanations is that

they risk giving the illusion of understanding, without actually being faithful to the model. We

hope to have reduced the chances of this with significant focus on better evaluations of neuron

explanations.

Acknowledgements

This work is supported in part by National Science Foundation (NSF) awards CNS-

1730158, ACI-1540112, ACI-1541349, OAC-1826967, OAC-2112167, CNS-2100237, CNS-

2120019, the University of California Office of the President, and the University of California San

Diego’s California Institute for Telecommunications and Information Technology/Qualcomm

Institute. Thanks to CENIC for the 100Gbps networks. T. Oikarinen and T.-W. Weng are

supported by National Science Foundation under Grant No. 2107189 and 2313105. T.-W. Weng

also thanks the Hellman Fellowship for providing research support.

Chapter 2, in full, is based on the paper from Tuomas Oikarinen and Tsui-Wei Weng,

”Linear Explanations for Individual Neurons” published at the International Conference on

Machine Learning (ICML), 2024. The dissertation author is the primary investigator and author

of this paper.

42



Chapter 3

Evaluating Neuron Explanations: A Uni-
fied Framework with Sanity Checks

3.1 Introduction

Deep neural networks (DNNs) have achieved great success on a wide range of tasks, but

they are very difficult to understand and often perceived as black-boxes [82]. To address this

challenge, the field of mechanistic interpretability has recently emerged, aiming to provide a

clearer understanding of the internal mechanisms of DNNs.

Providing natural language explanations for small components of a neural network is

an important part of mechanistic interpretability. Classic work in this area includes Network

Dissection [6] and other works explaining individual neurons in deep vision models [65, 39, 68, 4].

Other examples include automated neuron explanations [9, 55] for large language models, as

well as explaining features of sparse autoencoders [14, 96].

Despite the introduction of various approaches for generating neuron explanations,

existing papers often use very different metrics to evaluate how good their descriptions are, and it

is not clear how they compare to each other. In addition, many evaluation metrics have problems,

as shown by [42]. To ensure that unit explanations are reliable and trustworthy, it is crucial to

establish a standardized framework for evaluation.

Motivated by the need for a standardized approach, in this work we unify many existing

evaluation methods under a single mathematical framework: NeuronEval, which provides much
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needed conceptual clarity to the topic of explanation evaluation. This framework allows us to

clearly compare and contrast current evaluation techniques and provides a more transparent

understanding of the evaluation pipeline. Inspired by this, we introduce two sanity tests to

validate the metrics, revealing that most commonly used evaluation metrics fail at least one of

these basic tests and should not be relied on alone. In summary, in this paper we:

• Formalize the task of evaluating individual unit explanations and unify 20 existing studies

under the NeuronEval framework, which lets us apply standard statistical methods to

evaluating neuron explanations.

• Propose two sanity checks for evaluation metrics: Missing Labels Test and Extra Labels

Test. We then test different metrics both theoretically and empirically across hidden layer

and final layer neurons, as well as on linear probes on both vision and language models.

• Out of the 18 metrics tested only the following pass the tests: Correlation(Pearson), Cosine

Similarity, AUPRC, IoU and F1-score. In contrast, many commonly used evaluations such

as: using biased top-and-random sampling, only evaluating on highly activating inputs

(Recall), measuring AUC or mean activation difference (MAD), fail these tests and cannot

be relied on by themselves.

Our code and results are available at https://github.com/Trustworthy-ML-Lab/Neuron Eval.

3.2 Definitions

3.2.1 What is an individual unit in a neural network?

In this paper we are focused on individual unit explanations. By a unit, we mean a

smaller part of a neural network that can have an independent meaning. The simplest form of

such units is a single neuron, or a single channel of a Convolutional Neural Network (CNN),

but a unit can be any scalar function of network inputs. Other interesting units that fit in our

framework are linear combinations of neurons (i.e. directions in activation space), which are
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Figure 3.1. An overview of contributions. We first unify many existing explanation evaluation
methods into a single mathematical framework NeuronEval containing 18 different metrics sM.
Next, we perform meta-evaluation via NeuronEval to answer the question: which evaluation
metrics reliably measure how good an explanation is?

considered to correspond to a specific interpretable concept. These are used in studies such

as TCAV [48], Concept Bottleneck Models [50, 108, 67, 93], Linear Probing [37] or steering

vectors [94]. Finally, a unit could be a feature of a Sparse Autoencoder [18, 14] trained to

disentangle a layer’s activations into interpretable individual components. In this paper, we focus

on units with scalar activations, excluding larger components e.g. attention heads.

3.2.2 Problem Description

Our focus in this paper is explanation1 evaluation. In evaluation, a text explanation t

for a neuron k is given, and our goal is to evaluate how faithfully this explanation describes the

neuron. Below we define evaluation as a function E :

Evaluation (of Explanation t) : E ( f 0:l
k ,D , t)→ R

Here E is a function that takes a probing dataset D , a neural network2 f and a text

description t, and returns a scalar score, where a higher score indicates the description is better

1Note: Throughout the paper we use ”explanation”, ”concept”, and ”description” interchangeably to refer to a
text description.

2We can write neuron k in layer l of neural network f as a function f 0:l
k (x), where f i: j represents the i through

j’th layers of the neural network f (x). Here we assume the units are neurons for notational simplicity.
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i.e. more reliable/faithful. See Figure 3.1 for an illustration of the evaluation process.

For explanations to be reliable, evaluating explanations is very important, but the com-

munity has not reached an agreement on which E to use. Currently different papers often

use different E without theoretical justifications. Thus, one focus of our paper is to perform

meta-evaluation and rigorously investigate different evaluation metrics E .

3.2.3 What are the goals of an explanation?

Neuron explanations are typically generated to improve our understanding of the model,

which can then help improve, for example, safety and reliability of the models. However, this

goal is vague and hard to measure generally. We believe a more precise definition of the goals of

an explanation is essential for thinking clearly about how to evaluate them.

In this paper, we focus on Input-based neuron explanations, which make up the majority

of existing explanations. We argue that the goal of an explanation is to provide a human-

interpretable approximation of the following function:

Input→ Unit Activation: x→ f 0:l
k (x).

A good explanation should be able to describe which inputs cause a high unit activation,

and which do not. Note that there are other type of explanations being proposed (e.g. output-

based, see App. C.2.2 for discussion.), which is not the focus of this work.

3.3 A Unified Evaluation Framework

We start by studying some popular neuron explanation evaluations in Sec. 3.3.1 and

showing they can be formalized under the same notation. We then take a further step in Sec 3.3.2

to show that almost all existing work can be unified under this evaluation framework, which we

call NeuronEval.
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3.3.1 Formalizing Example Evaluations

Example 1: Crowdsourced Highly Activating Inputs Evaluation.

Currently, perhaps the most common way to evaluate neuron explanations is to show

(crowdsourced) human raters examples of highly activating inputs, and ask the raters whether

these inputs can be described by the explanation (also known as ’concept’) [114, 6, 68].

To analyze this approach more rigorously, we describe it through the following mathe-

matical formulation: Given a set of probing data D = {xi}, we first define the neuron activation

vector ak for neuron k as:

ak ∈ R|D |, [ak]i = f 0:l
k (xi) ∀ i ∈ [1, |D |]. (3.1)

Here, the i-th entry of ak denotes the neuron activation on i-th input xi. To represent

highly activating inputs, we define a binarization function B : Rn→ {0,1}n, that takes a real

vector and turns its elements into 1 if it is a ”high” activation and 0 otherwise. In particular,

we use the topα binarization function for neuron activations, where the activations in top α

percentile return 1, and the rest return 0 as this is how highly activating inputs are typically

selected. See Appendix C.1.1 for a more detailed description.

Next, we describe the human ratings for the presence of text concept t in the inputs by

defining the concept activation vector ct :

ct ∈ R|D |, [ct ]i = P(t|xi) ∀ i ∈ [1, |D |] (3.2)

Here each element of ct , i.e. [ct ]i, represents the fraction of raters that agreed on concept

t being present on that input xi. Finally, given ak and ct , we denote s as an explanation score to

quantify whether neuron k is well explained by the concept t. In this evaluation, the fraction of

highly activating inputs that have concept t present is used to represent the quality of explanations.

To formalize this we can define s in terms of ak and ct as follows:
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s := P(concept|neuron is active) =
B(ak) ·B(ct)

||B(ak)||1
(3.3)

since the number of highly activated inputs can be computed as ||B(ak)||1 and the number

of highly activated inputs that have concept t present is B(ak) ·B(ct). Note the value of ct on not

highly activating inputs doesn’t affect the score so we don’t need to evaluate it on all inputs. Here

we also binarize the concept vector ct by rounding to 1 for elements ≥ 0.5 (indicating concept

probability ≥ 0.5) and to 0 otherwise.

If we consider the goal of an explanation to be predicting neuron activations given

whether the concept is present, i.e. simulation, then we can formulate the neuron explanation as

a binary classification problem. Specifically, as we show in Appendix C.1.2, equation 3.3 is

actually equivalent to measuring ”Recall”:

sRecall =
T P

T P+FN
=

B(ak) ·B(ct)

||B(ak)||1
(3.4)

So crowdsourced evaluation of highly activating inputs is equivalent to only measuring

”Recall”, i.e. we have s = sM with metric M = Recall.

Example 2: IoU with Labeled Data.

In addition to crowdsourcing, other types of evaluations have been used for validat-

ing neuron explanations. For example, [6] collected a curated labeled dataset to evaluate

neuron explanations by measuring the Intersection over Union (IoU, also known as Jaccard

index) between neuron activations and concept labels on the annotated dataset. This measures

P(concept AND neuron is active) / P(concept OR neuron is active).

We can also describe this evaluation with the same formalism as in Example 1, but with

two main changes. First, we use a different concept source, where the elements of ct come from

the labeled data instead of crowdsourced ratings. Second, we set the metric M as IoU, giving us

the following evaluation score:
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Table 3.1. Summary of evaluations used in existing work. ∼ indicates using a metric with small
differences from our definition, while T&R indicates use of biased top-and-random sampling to
evaluate the metric with fewer samples. See Table C.3 for an extended version.

NeuronEval: A General Framework to Evaluate Neuron Explanations
Metric M Study Concept Source ct Granularity Domain

Recall [114] Crowdsourced Whole Input Vision

∼Recall
[6, 68]
[67, 4] Crowdsourced Whole Input Vision

Precision [91] Generative Whole Input Vision

F1-score
[42] Generative + Model Whole Input Language
[37] Labeled data Per-token Language

IoU
[6, 65]
[54] Labeled data Per-pixel Vision

Accuracy [50] Labeled data Whole Input Vision

∼AUC [117] Crowdsourced Whole Input Vision

Inverse AUC
[16] Labeled data Whole Input Vision
[51] Generative Whole Input Vision

Correlation(T&R) [9] Model Per-token Language
Correlation [69] Model Whole Input Vision

Spearman
Correlation(T&R) [14, 96] Model Per-token Language

∼WPMI [68] Model Whole Input Vision

MAD [51] Generative Whole Input Vision

∼MAD
[86] Generative Whole Input Vision
[88] Generative Whole Input Language

sIoU =
B(ak) ·B(ct)

||B(ak)||1 + ||B(ct)||1−B(ak) ·B(ct)
(3.5)

Example 3: Automated Simulation Evaluation with Language Models.

More recently, [9] evaluate neuron explanations of large language models by measuring

the correlation between actual neuron activations and activations predicted by a language model

given the explanation.

While in different domains (Examples 1 and 2 are from vision models), this evaluation

can also be formalized in the same manner as Example 1 and 2. First, the concept source for ct

is now model predicted neuron activations scaled 0-1, as these are essentially pseudo-labels for
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the presence of the concept in the given input. Second, for the metric M, we now set it to be the

Pearson’s Correlation coefficient and obtain the evaluation score sCorrelation as:

sCorrelation =
1
|D |

∑i([ak]i−µ(ak)) · ([ct ]i−µ(ct))

σ(ak)σ(ct)
(3.6)

where µ(z) and σ(z) is the mean and standard deviation of the vector z.

3.3.2 Unifying Neuron Explanation Evaluation: NeuronEval

As we have shown in the previous three examples (Equations 3.4, 3.5 and 3.6), evalua-

tions that look extremely different on the surface, can actually be written as simple functions

of the neuron activation vector ak and concept activation vector ct . This means the explanation

score sM can be written as a function sM(ak,ct) of ak and ct , that is, E (D , f 0:l
k , t) = sM(ak,ct),

where M is the name of the specific metric chosen. For convenience, we call this the NeuronEval

Framework, showcased in Figure 3.1. Going further, we find that, as we show in Table 3.1,

almost all existing methods in the literature for evaluation E can be formalized under this

framework.

Notably, NeuronEval is a general framework – as shown in Table 3.1, it includes not only

the standard statistical metrics (e.g. Recall, F1-score, Correlation), but also other metrics such as

Mean Activation Difference (MAD), which compares the average neuron activation on inputs

where the concept is present vs those where concept is missing:

sMAD =
B(ct) ·ak

||B(ct)||1
− (1−B(ct)) ·ak

||1−B(ct)||1
. (3.7)

Other standard metrics include Precision [91], which can be intuitively understood as

measuring P(neuron is active|concept), defined as:

sPrecision =
B(ak) ·B(ct)

||B(ct)||1
(3.8)
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Formalizing metrics under the same framework also highlights gaps in existing work,

leading us to test standard statistical metrics that were not explored by previous work, such as

AUPRC (defined in Appendix C.1.3).

Overall we have aimed to include all evaluation metrics used by previous works, as

well as standard statistical metrics not previously explored, for a total of 18 different metrics

and evaluations from 20 studies within the NeuronEval framework, which we compare in our

experiments (Section 3.4 and 3.5), and the framework can easily include more in the future. In

Appendix C.1.3 we define all the other metrics evaluated, such as F1-score, Cosine similarity,

AUC and AUPRC, as well as additional details on these metrics.

Existing Work as Special cases of NeuronEval.

We summarize how most existing evaluations fit into our NeuronEval framework in Table

3.1 (see Appendix C.2.2 for discussion on a few exceptions). This includes not only evaluations

of individual neuron explanations, but also explanations of SAE features [14], CBM neurons

[50], or linear probes [37]. Writing diverse evaluations as special cases of the same framework

allows us to more clearly think about each component of an evaluation in isolation, and can help

develop more effective evaluations by combining the best parts of previous studies. We classify

differences in existing evaluations into four main components:

(i) Evaluation metric M: This is the main focus of our paper, to analyze which evaluation

metrics are good choices.

(ii) Source of Concept Vector ct: There are many choices for the concept vector ct . These

include, but are not limited to: labels from a labeled dataset, using a model to create

pseudo-labels, using a human evaluator, or generating new inputs and using the prompts

as labels.

(iii) Granularity of activation vectors: The simplest case is full input level activations, i.e.

|D |= |ak|= |ct |= n. These can also be more specific, for example pixel-level activations
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as is the case in Network Dissection [7], or token level as is often the case for language

model explanations.

(iv) Probing dataset D: Which inputs are used for the evaluation. Typical choices include

the training/validation data of the model, a special labeled dataset designed for probing,

or different datasets for different concepts. Importantly, the dataset used for evaluation

should be disjoint from the dataset used for explanation generation to avoid overfitting.

Importantly, regardless of the answer to these questions, or the application domain (e.g.

vision or language), each evaluation fits under the same mathematical formalism of NeuronEval.

3.4 Meta-Evaluation #1: Sanity Checks for Evaluation
Metrics

Now that we have organized previous evaluations under the NeuronEval framework, we

can isolate and perform meta-evaluation on one particular component of the evaluation: the

choice of metric M. As seen in Table 3.1, existing work uses a wide variety of metrics, often

without justification. In order to understand which evaluation metrics are reliable, we propose

two sanity checks: Missing Labels Test and Extra Labels Test which we describe in detail in

this section. These tests are inspired by [2], and passing them is intended to be a necessary (not

sufficient) condition for a reliable evaluation metric.

3.4.1 A Motivating Example

We start by analyzing a simple failure case of the precision and recall metrics. Let the

probing dataset contain 6 images of animals xi ordered as {dog, cat, dog, bear, monkey, flamingo}.

Suppose we have a ”pets” neuron that only activates on pets (i.e. dogs or cats), then we can

compute the neuron activation vector ak as B(ak) = [1,1,1,0,0,0]⊤. We can also compute the

concept activation vector ct for different concepts t based on whether the input image xi contain

the concepts, giving us: cdog = [1,0,1,0,0,0]⊤, ccat = [0,1,0,0,0,0]⊤, cpet = [1,1,1,0,0,0]⊤,
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Figure 3.2. Overview of our theoretical Missing and Extra Labels Tests. We can see the Recall
metric fails the extra labels test as it cannot differentiate between the perfect explanation and an
explanation with extra labels. On the other hand Recall clearly passes the missing labels test as
−0.5≪−ε = -0.001

canimal = [1,1,1,1,1,1]⊤. We can then calculate the neuron explanation score sM of this ”pets”

neuron with different metrics M in the following table:

Table 3.2. A ’pet’ neuron: different metrics M gives different evaluation scores sM on explana-
tions t. For the metrics M={Recall, Precision, IoU}, 1 is the perfect score, and 0 is the worst
score.

Explanation t sRecall sPrecision sIoU
dog 0.67 1 0.67
cat 0.33 1 0.33
pet (ground truth) 1 1 1
animal 1 0.5 0.5

When comparing different evaluation metrics, we can see that Recall cannot distinguish

between the correct concept (pet) and a concept that is too generic (animal), as srecall gives

perfect score for both explanations. On the other hand, Precision favors concepts that are too

specific (dog, cat), as sprecision = 1 for ‘dog‘, ‘cat‘ and ‘pet‘. In contrast, IoU can unambiguously

determine the correct concept ’pet’, as sIoU = 1 only for ’pet’. See Figure C.1 for illustration.
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3.4.2 Sanity Test Definitions

Inspired by this example, we propose two general tests to measure whether a certain

metric is too biased towards specific or generic concepts. These tests are motivated by the

following idea: For a reliable metric, a correct description for a neuron should get the highest

score, while its subset (too specific) or superset (too general) should score lower.

(I): Missing Labels Test

The missing labels test is a generalized test to measure whether a metric can differentiate

between the correct concept ct and a concept c−t that is too specific (a random subset of the

correct concept). In particular we generate c−t by randomly replacing half of the elements of ct

with 0. That is we remove half of the concept labels for concept t. E[||c−t ||1] = ||ct ||1/2:

[c−t ]i =


[ct ]i with probability 0.5

0 with probability 0.5
(3.9)

We then measure the score difference ∆s, i.e. how much does the evaluation score change

when replacing the original concept vector ctk with a concept that is too specific, c−t :

∆s(k) = Ec±tk
[sM(ak,c±tk )− sM(ak,ctk)] (3.10)

For the sanity test, it is not important how much the modified labels decrease the score.

We simply want it to decrease score by a non-zero amount on all neurons, which leads us to

define our main metric: Decrease Acc.

Decrease Acc =
1
|K| ∑k∈K

1[∆s(k)<−ε] (3.11)

Here K is the set of neurons looked at and tk is the best/correct concept for neuron k.

Note that we normalized the scores such that maximum of M is 1 and minimum value is 0 to

allow for equal comparison between metrics. We set ε = 0.001 in our experiments to require
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a small but noticeable change in scores. We study the sensitivity of these tests to the choice

of ε further in Appendix C.5.4. The assumption behind this test is that if concept tk is a good

description for neuron k, a random subset of it should be a worse description.

Table 3.3. Averaged experimental and theoretical results of our missing labels and extra labels
test. Experimental results are averaged across settings like vision and language domain, while
theoretical results are averaged over different neuron activation frequencies. (T&R) indicates
the use of top-and-random sampling. We can see most evaluation metrics fail at least one of the
tests.

Meta-Evaluation #1 (I) Missing Labels Test (II) Extra Labels Test Pass

Experimental Theoretical Experimental Theoretical

Recall 98.66% 100.00% 0.00% 0.00% ×
Precision 45.73% 0.00% 99.81% 100.00% ×
F1-score 93.68% 100.00% 99.82% 100.00% ✓
IoU 93.62% 100.00% 99.81% 100.00% ✓
Accuracy 23.79% 60.00% 70.37% 69.68% ×
Balanced Accuracy 98.65% 100.00% 53.67% 60.00% ×
Inverse Balanced Accuracy 64.18% 60.00% 99.50% 100.00% ×

AUC 94.96% 100.00% 59.18% 60.00% ×
Inverse AUC 52.81% 60.00% 99.99% 100.00% ×
Correlation 99.41% 100.00% 99.92% 100.00% ✓
Correlation (T&R) 87.83% 100.00% 60.26% 43.64% ×
Spearman Correlation 64.05% 67.20% 49.21% 44.08% ×
Spearman Correlation (T&R) 80.04% 100.00% 59.81% 19.68% ×
Cosine 99.45% 100.00% 99.26% 100.00% ✓
WPMI 95.89% 100.00% 58.84% 100.00% ×
MAD 59.81% 60.00% 99.34% 100.00% ×
AUPRC 95.61% 100.00% 99.46% 100.00% ✓
Inverse AUPRC 99.15 % 100.00% 95.58% 89.54% ×

(II): Extra Labels Test

The extra labels test is essentially the opposite of missing labels test, where we test

whether a metric can differentiate between a correct concept and a concept that is too generic i.e.

a random superset of the concept. In particular, we create c+t by randomly doubling the size of

ct , i.e. E[(||c+t ||1)] = 2||ct ||1. That is:

[c+t ]i =


1 if [ct ]i = 1, else with probability ||ct ||1

n−||ct ||1

0 otherwise
(3.12)
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where n is the length of vector ct . Similar to the Missing labels test, to pass the Extra Labels

test, a metric should have a high Decrease Acc as defined in equation 3.11. If concept t is a

good description for neuron k, giving additional positive concept labels to random inputs should

decrease its similarity score. For simplicity, we only apply these tests with ground truth labels as

concept source where ct is binary.

3.4.3 Test Setup

We perform two versions of these tests, Experimental on real neurons across diverse

settings, and Theoretical on ideal neurons described below.

Experimental: We experimentally evaluated these metrics on neurons from 8 different settings

across vision and language models, covering final layer neurons, hidden layer neurons, CBM

neurons and linear probe outputs. We evaluated vision models across 3 datasets: Imagenet,

Places365 and CUB200, while language models were evaluated on a subset of OpenWebText[32].

See Appendix C.6 for detailed description of the evaluation setting and results on individual

datasets. We report the Averaged results in Table 3.3.

Theoretical: In addition, we perform theoretical analysis on the Missing/Extra labels test

for hypothetical neurons whose activations perfectly match a concept, which we discuss in

detail in Appendix C.3. See Figure 3.2 for an overview. In this setting, the missing labels test

measures whether a metric can differentiate a concept that perfectly matches neuron activations

ct (Recall=1, Precision=1) from a concept c−t (with Recall=0.5 and Precision=1). Similarly, the

Extra Labels test measures differentiation between the perfect concept and c+t (with Recall=1 and

Precision=0.5). We simulate neurons with many different activation frequencies, and averaged

results are reported in Table 3.3.

Finally, we analytically studied the expected change in scores for different binary metrics

under Missing and Extra labels test in Appendix C.4. Our analytical results are consistent with

the empirical findings in Table 3.3 and Fig. 3.3.
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3.4.4 Results and Discussion

Results:

In Table 3.3 we report the averaged results of this test across these two sets of neurons for

all different evaluation metrics. For simplicity, we say a metric passes if its Decrease Acc > 90%

for all tests. Failing methods are marked in red color. Overall, our theoretical results closely

match our empirical observations. Based on test results, we can group the metrics as follows:

• Fail Both: Accuracy and Spearman Correlation perform poorly in both tests as their score

is largely determined by the majority of inputs that neither activate the neuron nor have

the concept.

• Fail Missing Labels Test: Precision, Inverse Balanced Accuracy, Inverse AUC and MAD

are biased towards too specific concepts.

• Fail Extra Labels Test: Recall, Balanced Accuracy, AUC and Correlation(T&R) are

biased towards concepts that are too generic.

• Borderline: Our results are inconclusive for the following two metrics: WPMI, which

passes the tests on certain hyperparameter choices but not on others, and Inverse AUPRC,

which fails the theoretical test only on perfectly balanced data but passes the empirical

tests.

• Passing: F1-score, IoU, Correlation, Cosine similarity and AUPRC perform well and pass

the tests.

Importantly, we think any metric failing these tests should not be relied on by itself, and

encourage the use of passing metrics. We also perform an ablation in Appendix C.5.1 showing

that our findings are not sensitive to specific parameter choices of the test.

Concept Imbalance Explains Test Failures:

In our theoretical experiments, we discover that the main reason for a metric failing

one of these tests is poor handling of concept imbalance. Figure 3.3 shows an example of this
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Figure 3.3. The effect of Concept/Neuron Activation frequency on the score difference in
Theoretical Extra Labels test. We can see that all the metrics that fail the Extra Labels test
approach 0 score difference on neurons/concepts that rarely activate, i.e. where the concept
labels are imbalanced. The passing metrics maintain a non-zero score difference regardless of
how rare the concept is.

phenomenon. On balanced neurons/concepts that activate on more than 10% of the inputs, all

metrics except for Recall pass the Extra Labels Test (large |∆s|). However, on neurons that

activate less frequently, the failing metrics such as Accuracy and AUC can no longer distinguish

between the perfect concept and an overly generic concept, and the score difference approaches

0. Therefore, failing the Missing/Extra Labels test can in most cases be attributed to the metrics

being unable to handle imbalanced data. In this light, our results align with previous statistical

knowledge, and metrics such as Accuracy and AUC which are not great for imbalanced datasets

fail the tests, while metrics designed for imbalanced data such as F1-score and AUPRC pass the

tests. Since real units in neural network often activate on a wide range of frequencies, and are

sometimes encouraged to activate very rarely (i.e. Sparse Autoencoders), it is essential to use

evaluation metrics that can handle imbalanced data.

Top-and-random sampling: Following [9, 14], we also tested a version of Correlation

and Spearman Correlation that uses top-and-random sampling (T&R), where 50% of the evalu-

ated samples are highly activating inputs only and the remaining 50% are sampled uniformly at
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random. For our T&R experiments we sampled 25 inputs from the top 0.2% highest activating

inputs and 25 random inputs. While Correlation passes both tests with uniform sampling,

top-and-random sampling makes it fail the extra labels test. This is not surprising, as greatly

oversampling highly activating inputs makes the metric more similar to Recall that only evaluates

on highly activating inputs. This also explains why [42] found explanations from [9] with very

high Correlation(T&R) scores to have relatively low F1-scores.

ct from Generative models: We discover that evaluations based on generating new

inputs with generative models are limited to running evaluations that fail the missing labels test

and are biased towards more specific concepts. This is because ct based on generative model

prompts is inherently incomplete or missing labels, and as such should not be solely relied on.

See Appendix C.2.1 for further discussion on this situation and potential remedies.

3.5 Meta-Evaluation #2: Performance on Neurons with
Known Concepts

In this section we perform an additional comparison between evaluation metrics by

empirically comparing how well they perform on neurons where we know their ground truth

function, such as neurons in the final (classification) layer of a model.

3.5.1 Method: AUPRC between scores of correct and incorrect explana-
tions

The idea of this test is to directly measure how good specific evaluation metrics are. To

do this, we have a concept set C that includes the correct explanation for each neuron k ∈ K, as

well as some incorrect explanations. K is the set of neurons evaluated such as all neurons in

a layer. We then score all |K||C| (neuron, explanation) pairs and measure whether the metric

consistently assigns higher scores to pairs with correct explanations over incorrect ones.

In particular, we measure the AUPRC (area under precision-recall curve) since this is

a very imbalanced task with most (neuron, explanation) pairs being incorrect. Mathematically,
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Table 3.4. Comparison of different evaluation metrics on neurons with known concepts, averaged
across 8 settings. Lower rank means better performance. Best performing metric in bold, and
second best underlined.

Avg. Avg.
Method AUPRC Rank
Recall 0.6722 11.30
Precision 0.8039 7.90
F1-score/IoU 0.8140 6.70
Accuracy 0.7215 10.80
Balanced Accuracy 0.7979 7.30
Inverse Balanced Acc. 0.8087 7.10
AUC 0.7652 11.00
Inverse AUC 0.7569 10.90
Correlation 0.8765 1.60
Correlation(T&R) 0.6606 10.70
Spearman Correlation 0.0853 16.20
Spearman Correlation(T&R) 0.3418 15.40
Cosine 0.8666 2.30
WPMI 0.7999 7.30
MAD 0.6952 8.80
AUPRC 0.8406 3.90
Inverse AUPRC 0.6904 9.30

we can write the predictions ŶM as: ŶM = {sM(ak,ct) ∀ k ∈ K, t ∈C}, while the labels Y

are Y = {1[t = t∗k ] ∀ k ∈ K, t ∈C}, where t∗k is the correct explanation for that neuron. Our

meta-AUPRC evaluation can then be defined as:

meta-AUPRC(M) = AUPRC(ŶM,Y ) (3.13)

A metric reaches perfect meta-AUPRC of 1 if all correct (neuron, explanation) pairs get

a higher score than all incorrect pairs, while random guess performance is ∼ 0.

Experimental Setup.

Similar to section 3.4, we ran these tests on 10 different setups, consisting of 5 separate

models, 4 datasets, vision and language domains and both ground truth labels and pseudo-labels

as concept source for ct . See Appendix C.6 for detailed description of experimental setup and

details on individual models.
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For all experiments we split a random 5% of the neurons into validation set. For metrics

that require hyperparameters such as α , we use the hyperparameters that performed the best in

terms of Meta-AUPRC on the validation split for each setting. We then report performance on

the remaining 95% of neurons. In Table 3.4, we report the average scores and average ranks (i.e.

the best metric for each setup gets 1, the worst gets 17) of the metrics across the four setups for

both tasks. See Appendix C.6 for detailed breakdown of results.

We can see that in general the metrics that passed our tests in Section 3.4 perform

better than those that didn’t, with the top performance going to Correlation, followed by Cosine

similarity then AUPRC and F1-score/IoU3. Overall we notice continuous metrics perform

somewhat better than binary ones. This is likely because binarizing neuron activations loses

valuable information, and it is hard to find one binarization threshold α that works well for all

neurons. Despite good performance here, the Cosine metric is very sensitive to the average

activation of a neuron as we show in C.5.2, which raises some concerns regarding relying on it.

3.6 Discussion

3.6.1 Relevance of our tests to Realistic Failure modes

While our sanity test definition in Section 3.4 is relatively abstract, we think that most

real world explanation failures are closely connected to one of two failure modes, and that these

failure modes are directly captured by our tests:

• FM-A) Explanation too generic: This means the explanation concept is a superset of

the “true” neuron concept, e.g. describing a neuron as “animals” when it only activates on

dogs. Our Extra Labels Test captures whether a metric can detect this failure mode.

• FM-B) Explanation too specific: Explanation concept is a subset of real neuron activa-

tions, i.e. describing a neuron as “black cat” when it activates on all cats. Our Missing

3Note we combined F1-score and IoU into same element in this table as they always return the same ordering
between pairs leading to identical AUPRC, see Appendix C.1.4 for proof.
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Labels Test captures whether a metric can detect this failure mode.

Since our idea of a “concept” is very general, it can include any text-based description.

This means a single concept could be highly specific (e.g. “flying bird”), or a composition of

simpler concepts (e.g. “water OR river”). Below we show how common explanation failures

relate to our tests.

• Polysemanticity: A popular model of polysemanticity is to model neuron activations as

an OR of different concepts. If the explanation only captures one of these concepts, this

means the explanation is too specific (FM-B).

• Context specific activations: A context specific neuron activation such as flying bird

means the neuron’s “true” concept is a subset of the non-context specific concept i.e. bird.

If the explanation is not context-specific, the explanation is too generic (FM-A).

• Non activating inputs still contain the concept: This is a common explanation failure

case also known as spurious correlations, where all the highly activating inputs share a

concept, but not all inputs with this concept make the neuron activate. This means that the

explanation concept is too generic i.e. a superset of the “true” concept (FM-A).

Finally, in Appendix C.5.3 we conducted a test using real semantic superclasses of the

concept as c+ instead of our random superset, and found that the results are essentially identical,

highlighting the relevance of our tests to real world settings.

3.6.2 Conclusions

In this paper, we have created the NeuronEval framework for unifying different evalua-

tions under the same mathematical formalism, clarifying the definitions around evaluating unit

explanations. We have also proposed new sanity tests which lead to our main finding: Neuron

Explanation Evaluations should use metrics that pass the Missing and Extra Labels Tests.

We identified Correlation, Cosine, AUPRC, F1-score and IoU as solid passing metrics in our
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study of 18 different metrics. Popular evaluation metrics used in the literature such as Recall and

AUC as well as using top-and-random sampling do not pass these tests, and should not be relied

on by themselves. With evaluation on neurons with ground truth explanation available (e.g. final

layer neuron), we identified that the top-performing metrics overall are Correlation, Cosine and

AUPRC. The final choice of metric may be further affected by considerations such as labeling

cost discussed in C.2.2 or other failure modes such as Cosine’s sensitivity to average activation

showcased in C.5.2.

Impact Statement

Our paper is focused on rigorous evaluation of neural network interpretability results, and

as such we believe it will have a largely positive societal impact. Being able to understand/see

inside models is likely to be very useful in deploying models in a reliable and safe manner. In

addition, rigorously evaluating their interpretations is very important so we can avoid relying

on unfaithful explanations or interpretability illusions and can place appropriate trust in these

models.
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Chapter 4

Beyond Top Activations: Efficient and
Reliable Crowdsourced Evaluation of Au-
tomated Interpretability

4.1 Introduction

Despite their transformative capabilities, deep learning models remain fundamentally

opaque, which limits their reliability and trustworthiness, especially in high-stakes domains.

To address this, the field of mechanistic interpretability, which aims to understand the mecha-

nisms inside neural networks has grown rapidly. A key part of mechanistic interpretability is

understanding small components of neural networks such as individual neurons or latents in a

sparse autoencoder (SAE) through text-based descriptions, which can be achieved via automated

neuron descriptions [7, 65, 39, 68, 69, 16, 54, 86, 4].

To assess the quality of these neuron explanations, researchers often rely on human

studies, such as crowd-sourced evaluations via platforms like Amazon Mechanical Turk (AMT).

However, despite their importance, the design and analysis of these studies has received relatively

little attention. Most existing evaluations examine only whether an explanation matches the

top activating inputs of a neuron. As identified by [71], this corresponds to measuring only

Recall, and ignores many important factors such as whether the explanation also describes

lower activations of that neuron, or whether all inputs matching the explanation actually activate

the neuron (Precision). This can lead to misleading conclusions and fails to reliably assess
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Figure 4.1. Overview of the explanation evaluation pipeline. We focus on two main challenges:
1: How to reduce high labeling cost? and 2: How to effectively handle noisy ratings? Our
proposed solutions are discussed in Section 4.3, validated in Section 4.4, and applied to compare
automated interpretability methods in Section 4.5.

explanation quality.

Motivated by the above limitations, we aim to conduct a crowdsourced evaluation using

a more principled evaluation metric: the correlation coefficient between neuron activations and

concept (explanation) presence labels. We choose correlation as it was identified as the most

reliable metric by [71] – it captures both sensitivity and specificity and it doesn’t require arbitrary

binarization of real-valued neuron activations. However, using correlation as the evaluation

metric introduces two challenges that directly drive up total human study cost:

• Challenge 1: High Labeling Cost. Computing the correlation requires concept presence

labels across the entire probing dataset. Labeling all inputs of a dataset with 50,000 images

for a single (neuron, explanation) pair with three raters each costs roughly $600, and

evaluating a few thousand neurons in a single model can reach $1M.

• Challenge 2: Rater Noise. Human concept judgments are noisy, and even small error

rates can significantly affect correlation scores, particularly for rare concepts. Increasing
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the number of raters per input improves reliability, but further multiplies overall cost.

In other words, reliable, full-distribution human evaluation of neuron explanations is currently

too expensive to perform at scale. To address this, we introduce two novel techniques to enable

cost-efficient and reliable crowd-sourced evaluation of automated interpretability.1 In summary,

our contributions are:

• 1. Model-Guided Importance Sampling (MG-IS) for Efficient Input Selection: We

develop an importance sampling strategy that selects the most informative inputs to show

raters, reducing labeling cost by around 15× while preserving correlation estimation

accuracy;

• 2. Bayes Rating Aggregation (BRAgg) for Robust Rater Modeling: We propose a

Bayesian rater uncertainty model that reduces the number of ratings required for stable

correlation estimates by an additional 3×, further reducing the labeling cost;

• 3. Systematic Comparison of Automated Interpretability Methods: Together, our

proposed MG-IS and BRAgg reduce total evaluation cost by around 40×, taking the

total costs of a systematic comparison down from around $90,000 to $2,160. Our work

enables a large-scale, systematic comparison of leading neuron explanation methods

across multiple vision models. Our findings demonstrate that Linear Explanations [69]

overall produces the best vision neuron explanations, outperforming recent LLM-based

explanations [4, 86].

4.2 Related Work

4.2.1 Automated Interpretability for Vision

Methods based on labeled concept datasets: Early work on automated interpretabil-

ity sought to match neuron activations to human-interpretable concept annotations. Network

1Our code is available at https://github.com/Trustworthy-ML-Lab/Efficient-Interpretability-Eval

66

https://github.com/Trustworthy-ML-Lab/Efficient-Interpretability-Eval


Dissection (ND) [6] is the first automated method to generate text descriptions for individual

neurons in vision models. They introduced the Broden dataset with dense pixel-wise annota-

tions and proposed identifying concepts with high Intersection over Union (IoU) with binarized

neuron activations. However, their approach requires dense concept annotated data which is

expensive to collect. Compositional Explanations [65] extends Network Dissection to deal with

polysemantic neurons, which may activate on multiple unrelated concepts, by searching for

logical compositions of concepts such as ”cat OR dog”. Clustered Compositional Explanations

(CCE)[54] extends this even further, addressing the problem that Compositional Explanations

only explains the highest activations of a neuron. CCE divides the activation range of a neuron

into 5 buckets, and generates a separate compositional explanation for each. [7] propose a version

of Network Dissection utilizing a segmentation model instead of labeled data. INVERT[16]

proposes explaining neurons with logical compositions of dataset class(or superclass) labels that

maximize AUC, which removes the reliance on Broden but still requires labeled data.

Methods based on Language Models: Another popular line of work leverages generative

language models to generate natural-language neuron descriptions. The first such method

was MILAN [39], which trains a small generative neural network to describe the most highly

activating inputs of a neuron. Describe-and-Dissect (DnD) [4] is a more recent method that

utilizes pre-trained language models instead of training their own to generate detailed neuron

descriptions based on highest activating inputs. Multimodal Automated Interpretability Agent

(MAIA)[86] is another LLM based explanation pipeline where the explaining LLM agent can

interact with many tools such as looking at highly activating inputs, generating new images or

editing existing ones to generate its description.

CLIP-based methods: Finally, papers such as CLIP-Dissect (CD) [68] and FALCON [46]

have proposed methods that don’t require labeled concept information by relying on supervision

from multimodal models such as CLIP [77]. Linear Explanations (LE) [69] proposes to explain

polysemantic neurons as a linear combination of concepts, such as ”3×dog+2×cat”. To obtain

these explanations, they utilize either the class labels from the dataset denoted as LE(label), or
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pseudo-labels from SigLIP [111] denoted as LE(SigLIP).

4.2.2 Human Eval of Automated Interpretability

Crowd-sourced human evaluations are commonly used to assess the quality of automatic

neuron explanations in previous works [6, 68, 4]. These evaluations typically present raters the

top-activating inputs for a neuron along with one or multiple candidate descriptions, and ask

them to rate how well the description matches the top-activating inputs. However, as pointed

out by NeuronEval [71], this evaluation protocol is flawed and fails to measure whether the

description matches lower activations of the neuron, or whether all inputs corresponding to the

description cause the neuron to fire, and in fact corresponds to only measuring Recall. As a

result, this evaluation approach can favor explanations that are overly broad or non-specific.

On the other hand, in [12] and [117], the authors conducted more objective crowd-

sourced evaluations of neuron interpretability by having raters predict whether an input is highly

activating or not based on a feature visualization or a set of highly activating images for that

neuron. However, these studies did not study text descriptions of neurons, and their methodology,

which is roughly equivalent to measuring AUC, may also be biased towards overly generic

neuron descriptions and does not pass the sanity checks proposed by [71].

NeuronEval [71] formalizes the task of Neuron evaluation under a unified mathematical

framework which we utilize in this paper, and identifies flawed and good evaluation metrics

through sanity tests. However, they do not conduct actual user studies using an evaluation metric

that passes their sanity checks, which is the goal of this paper.

Many methods have been proposed to reduce noise in crowdsourced annotations, such as

[79, 102], but they often require a consistent set of annotators (which we do not have) and do not

leverage modern model capabilities.
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4.3 Methods

In this section, we introduce two techniques to enable cost-efficient and reliable crowd-

sourced evaluation of neuron explanations. Section 4.3.1 introduces Model-Guided Importance

Sampling (MG-IS), which addresses the labeling cost challenge by selecting the most informative

inputs to label. Section 4.3.2 introduces Bayes Rating Aggregation (BRAgg), which addresses

the rater noise challenge by modeling rater errors to robustly aggregate binary judgments. To-

gether, MG-IS and BRAgg substantially reduce the number of labels and ratings required for

stable correlation estimates, making crowdsourced evaluation feasible in practice.

Problem Formulation. Given a neural network f and a neuron of interest k (or a

direction in activation space), we can obtain a neuron explanation t (described by text) either

manually or via automated interpretability methods, that aims to describe the role of that neuron.

To measure how good this explanation is, we follow the framework introduced by [71], and use

the Pearson correlation between the neuron activation vector ak and the explanation concept

presence vector ct (see Fig. 4.1 for an overview of the evaluation pipeline). A high correlation

coefficient means the concept is present on inputs where the neuron activates highly, and not

present when neuron activates lowly.

Here, ak ∈ R|D | is the activation vector of a neuron k over all the probing images xi ∈D

and ct ∈ R|D | is the concept vector to indicate if concept t appears on the probing images. The

i-th component [ak]i and [ct ]i can be formally expressed as: [ak]i = f 0:l
k (xi), [ct ]i = P(t|xi), ∀ i∈

{1, ...|D |} where f 0:l denotes the neural network up to l-th layer. Our goal is to evaluate

Pearson’s correlation coefficient ρ , which can be expressed as:

ρ(ak,ct) =
1
|D |

∑i∈D([ak]i−µ(ak)) · ([ct ]i−µ(ct))

σ(ak)σ(ct)
(4.1)

where µ(ak),σ(ak),µ(ct),σ(ct) are the mean and standard deviation of the vectors ak and ct .
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4.3.1 Model-Guided Importance Sampling (MG-IS)

The activation vector ak can be easily evaluated with a forward pass of the neural network.

However, obtaining a high quality concept vector ct can be expensive and difficult, requiring

human raters or computationally expensive models. Our problem then becomes: How can we

best select a subset of inputs S⊆ {|D|} to label, such that we can accurately estimate ρ(ak,ct)

using just the subset?

The simplest approach is to select input for annotation using uniform (Monte Carlo)

sampling, where each input has an equal probability of being selected. However, concepts of

interest could be rare in the probing dataset, meaning that a uniform sample is unlikely to contain

sufficient amount (or any) of positive examples of the concept, making accurate estimation of

correlation impossible.

Method: MG-IS

To address this issue, we propose estimating ρ using importance sampling, where we

draw inputs xi from a proposal distribution Q that places higher probability on informative

inputs such as the ones that are likely to contain the concept, rather than from the original

uniform distribution P . Importantly, importance sampling preserves the expectation we seek to

estimate, i.e. Ex∼P [h(x)] = Ex∼Q[ p(x)
q(x)h(x)] for any distribution Q, given q(x)> 0 for all x such

that p(x)h(x) ̸= 0. Here p(x) and q(x) are the probability mass functions (pmf) of P and Q

respectively.

According to [81] (Sec 3.3.2, Theorem 3.12, reproduced in Appendix D.3.5), when esti-

mating the expected value of a function h, i.e. Ex∼P [h(x)], the optimal proposal distribution Q∗

that minimizes the variance of the estimator should have the pmf q∗(x) ∝ |h(x)|p(x). Intuitively,

this distribution samples more frequently from inputs that make a larger contribution to the value

of the expectation, reducing the number of samples needed for a stable estimate.

To apply importance sampling to our correlation estimation, we first rewrite equation 4.1
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in the form of an expectation over inputs:

ρ = Exi∼P
([ak]i−µ(ak)) · ([ct ]i−µ(ct))

σ(ak)σ(ct)
, (4.2)

Based on Theorem 1 and equation 4.2, we can estimate the ρ by sampling xi from Q∗ with pmf

q(x) as:

q∗(xi) ∝

∣∣∣∣([ak]i−µ(ak)) · ([ct ]i−µ(ct))

σ(ak)σ(ct)

∣∣∣∣ · 1
|D |

(4.3)

=⇒ q∗(xi) ∝ |āki · c̄ti|, (4.4)

where āki and c̄ti are the normalized quantities [ak]i−µ(ak)
σ(ak)

and [ct ]i−µ(ct)
σ(ct)

respectively. So to

minimize the variance of estimator ρ , we should sample xi more from the probing images that

have high absolute product values |āki · c̄ti|.

Since we do not know ct before running the test (i.e. through human study or computa-

tionally expensive model), we instead use a cheaper (and less accurate) method to approximate

ct for the purposes of sampling. In particular, we use the SigLIP [111] model to predict ct , which

we denote as csiglip
t . This gives us the qsiglip sampling distribution:

qsiglip(xi) =
|[āk]i · [c̄siglip

t ]i|
∑xi∈D |[āk]i · [c̄siglip

t ]i|
(4.5)

To account for the error in siglip estimates, and to ensure that importance sampling is

unbiased (q(x)> 0 when p(x)h(x) ̸= 0), our final sampling distribution qMG-IS(x) is a mixture

of qsiglip(x) and the original distribution p(x) = 1
|D | ∀ x ∈D :

qMG-IS(x) = (1− γ)qsiglip(x)+ γ p(x) (4.6)

The hyperparameter γ was chosen experimentally, with best performance using γ = 0.2.

See Appendix D.2.1 for details. This is equivalent to selecting 80% of the samples from qsiglip

and 20% of them from the uniform distribution. We name this approach model-guided importance
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sampling (MG-IS) because the sampling is guided by the SigLIP models.

Sampling Correction. To obtain an unbiased estimate of the correlation using importance

sampling, we must estimate not only the final coefficient, but also the mean and variance of

the concept vector ct . To evaluate them we apply the importance sampling correction p(x)
q(x)

sequentially. We first estimate the mean µS(ct), and then the standard deviation σS(ct) from the

samples xi ∼Q:

µS(ct) =
1
|S|∑i∈S

p(xi)

q(xi)
[ct ]i (4.7)

σS(ct) =

√
1

|S|−1 ∑
i∈S

p(xi)

q(xi)
([ct ]i−µS(ct))2. (4.8)

Next, we normalize the inputs: [c̄t ]S = [ct ]S−µS(ct)
σS(ct)

. For ak, since we have access to the entire

neuron activation vector, we can directly compute the true mean and standard deviation (i.e.

µ(ak), σ(ak)) instead of needing to estimate them from the sample. Thus, we have [āk]S =

[ak]S−µ(ak)
σ(ak)

. Finally, we obtain the estimated correlation score of ρS as:

ρS =
1
|S|∑i∈S

p(xi)

q(xi)
[āk]i · [c̄t ]i, (4.9)

where we use the subscript S to denote that the correlation score is estimated on the subset S.

Simulation study: Sampling Effectiveness

To study the accuracy of our estimated correlation ρS, we simulate a human study using

existing labeled data. We then simulate limited data by only using a subset of these labels, and

compare different sampling methods based on how close their estimated correlation coefficient

ρS is to the true correlation coefficient ρgt in equation 4.11.

In particular, we use the ImageNet[19] dataset and its class and superclass labels, which

we denote as the ground truth concept labels c∗t . We first generate descriptions tk for all 2048

neurons in layer4 of ResNet-50[38] trained on ImageNet, by selecting the concept tk from

ImageNet class and superclass names C that maximizes correlation with neuron k’s activations.
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Figure 4.2. Comparing different sampling strategies to estimate ρS. Our Model-Guided Impor-
tance Sampling (MG-IS) using SigLIP estimates significantly outperform baseline regardless of
the size of sampled subset.

tk = argmaxt∈C ρ(ak,c∗t ) (4.10)

ρgt = ρ(ak,c∗tk) (4.11)

To compare different sampling strategies, we sample subsets of observations using their

proposed distributions Q, and measure the Relative Correlation Error (RCE, Eq. 4.12) compared

to correlation calculated from full distribution:

RCE(Q, |S|) =
∑k∈K ES∼Q[|ρS(ak,ctk)−ρgt(ak,c∗tk)|]

∑k∈K |ρgt(ak,c∗tk)|
(4.12)

For Uniform Sampling, Q = P. In practice we evaluate the expectation by averaging over

10 samples from Q.

Results. Figure 4.2 shows the Relative Correlation Error of different strategies as a

function of number of samples |S|. We can see that overall our MG-IS, as defined in equation 4.6,

performs much better – which has low error and lower cost. Compared to the Uniform Sampling

baseline, we can match the correlation estimation accuracy with around 15× fewer samples.

Alternatively, we can reach ∼ 65% lower correlation estimation error with the same budget.
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In Appendix D.2.3 we also experiment with a version of importance sampling without

model guidance, based on ak only, and show it can still be useful (better than uniform sampling)

for the cases where no cheap model is available, but overall it performs worse than the MG-IS.

4.3.2 Bayes Rating Aggregation (BRAgg)

Another challenge in human evaluation is that the concept labels ct obtained are noisy due

to variability in rater attention, interpretation, and experience – this is particularly a problem when

using crowd-sourced platforms such as Amazon Mechanical Turk. Such noise can significantly

affect correlation estimation, particularly when the concept is rare as we might end up with more

false positives than true positives.

To mitigate this, for each input xi and concept t, we collect m independent binary ratings

r j
ti ∈ {0,1}, j ∈ {1, ...,m} from different raters. Let Rti = {r1

ti, ...,r
m
ti } denote the set of ratings

for a particular (input, concept) pair (xi, t). The goal of rating aggregation is to combine these

m judgments for each input xi into a single estimated concept presence value [ct ]i. Below, we

describe three different methods for Rating Aggregation to get [ct ]i.

Method 1 - Average: [ct ]i =
∑

m
j=1 r j

ti
m

⇒ Ratings are simply averaged to form ct .

Method 2 - Majority Vote:

[ct ]i =


1, if

∑
m
j=1 r j

ti
m > 0.5;

0, if
∑

m
j=1 r j

ti
m ≤ 0.5.

⇒ The most common rating becomes the label [ct ]i.

While these methods are simple and commonly used, they may not be the optimal ways

to model our confidence that a concept is present in a particular input. To better capture this

uncertainty, we propose Bayes Rating Aggregation (BRAgg) to estimate [ct ]i as the posterior

74



Figure 4.3. Comparison of different rating aggregation strategies on simulated human study
with error rate η = 23%, tested on the full dataset.

probability that the concept is present: [ct ]i = P([c∗t ]i = 1|Rti). Here c∗ti denotes the ”ideal” or

true concept value without any labeling noise.

Method 3 - Bayes Rating Aggregation (BRAgg):

Let Cti := ([c∗t ]i = 1) and ¬Cti = ([c∗t ]i = 0), then:

[ct ]i =
P(Rti|Cti) ·P(Cti)

P(Rti|Cti) ·P(Cti)+P(Rti|¬Cti)P(¬Cti)
(4.13)

where we first use Bayes rule to expand the posterior [ct ]i = P(c∗ti = 1|Rti) to get equation 4.13,

and then calculate the Likelihood and Prior terms in equation 4.13 as follows:

(I) Likelihood: P(Rti|Cti). We assume each rater makes errors uniformly at random with

error rate η , i.e. for any input P(r j
ti = c∗ti) = 1−η , where η is a parameter we can estimate

experimentally. Let αti = ∑
m
j=1 r j

ti, we obtain the likelihood in below equations:

P(Rti|Cti) = (1−η)αti(η)(m−αti) (4.14)

P(Rti|¬Cti) = (η)αti(1−η)(m−αti) (4.15)

Note we also tested more advanced modeling where different (input, concept) pairs can have

different error rates to account for some inputs being more ambiguous/harder to label, but we
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found that simple uniform error modeling performed slightly better overall. See Appendix D.2.4

for full results.

(II) Prior: P(Cti). There are multiple ways of choosing priors, reflecting the confidence of

whether a concept exists in an input xi. In our analysis, we consider two different priors:

• (a) Uniform Prior: for all concepts t and all inputs xi, set P(Cti) = β

• (b) SigLIP Prior: we leverage knowledge from a cheap evaluator, namely SigLIP to

initialize the prior and set P(Cti) = [csiglip
t ]i

Here β is a hyperparameter, which is set as 0.05. We evaluate the effects of different choices for

β in Appendix D.2.2. For the SigLIP prior, we clip the prior to be between 0.001 and 0.999 to

avoid extreme values which may dominate the final result. Our method with SigLIP prior can be

seen as a hybrid evaluation that combines both human and model knowledge.

Simulation: Effect of Rating Aggregation Method

Setup:

We follow the ImageNet based setup described in Section 4.3.1 for defining the ground

truth correlation ρgt (Eq. 4.11). However, instead of using a subset of inputs, in this test we

evaluate how accurately we can estimate the correlation with access to m noisy ratings for each

input. For our testing, we used an error rate η = 23%, i.e. randomly flipping 23% of the labels,

which aligns with our experimental observations. We report the Relative Correlation Error (RCE)

between estimated correlations and ρgt in Figure 4.3.

As we can see from Figure 4.3, Method 3b BRAgg(SigLIP) resulted in clearly the lowest

RCE, allowing us to reach relatively accurate estimates with just a few raters, while other

methods require > 10 raters per input before reaching low error rates. Overall BRAgg (Uniform)

performs the second best, while Average rating aggregation fails to reach low errors even with

100 raters per input. Depending on the desired error rate, our BRAgg(SigLIP) can achieve it with

2-10× fewer raters than the best baseline (majority).
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(a) Setting 1: Simulation with 23% label noise. (b) Setting 2: MTurk method validation.

Figure 4.4. Comparing the effect of our sampling technique MG-IS, rating aggregation method
BRAgg independently and both together. The shaded region represents RCE≤ 25%.

4.4 Experimental Validation and Human Study Design:
Combining MG-IS and BRAgg

To further understand the performance of our proposed techniques, and to determine

optimal parameters for our large scale human study in Section 4.5, we tested our methods in two

realistic settings with both label noise and limited samples.

Setting 1 - Simulation: Our first setting is based on the simulation setups described in Section

4.3, but this time with both reduced samples and 23% label noise. The results of this setting are

shown in Figure 4.4a.

Setting 2 - Crowd-sourced Validation Study: In this setting, we conducted a real crowd-sourced

evaluation on AMT to annotate the concept labels ct for samples xi in the probing dataset, on

inputs where we also have access to the ground-truth labels c∗t from the dataset for comparison.

Specifically, we performed a crowdsourced evaluation of 10 neurons in Resnet-50 layer4 with

explanations selected from ImageNet classes and superclasses following Eq. equation 4.10. We

then estimated the correlation coefficient ρS using human ratings R on the rated subset S and

measured how close our estimate is to the ground truth ρgt . This setup allows us to evaluate the

error rate on Mechanical Turk and the effectiveness of our techniques on real crowdsourced data.
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We randomly selected 10 neurons (excluding neurons with very vague concepts like

artifact) and labeled 600 inputs per neuron with 9 AMT raters labeling each input. To estimate

the evaluation accuracy with smaller number of raters/inputs we randomly sampled subsets of

the ratings for our plots in Figure 4.4b (Note: each point is the average of 1000 random samples

of subsets of the same size). We also used this setting to estimate the error rate of MTurk raters

as η = P(r j
ti ̸= [c∗t ]i), giving us an estimate of 23%, which we used for our simulations. We note

this might slightly overestimate the noisiness of raters as some ImageNet labels are in reality

ambiguous or even incorrect, but it serves as a useful approximation.

Results: Figure 4.4 shows the results of different sampling and rating aggregation

techniques across our two settings. The x-axis of Figure 4.4 shows the total number of ratings i.e.

number of samples |S| times number of ratings per input m. Since the optimal number of ratings

per input depends on the total budget (for smaller budgets it is better to use fewer raters per

sample), we plot the Pareto-front i.e. the optimal number of raters for each budget in Figure 4.4.

From the results we can see that by far the best results are achieved when using both MG-

IS and BRAgg together (red line), while they also help individually with importance sampling

being more important overall. In our Simulation setting (Fig. 4.4a), with a budget of 550

evaluations per neuron, we can reach RCE of 27.5% with MG-IS + BRAgg. To reach the same

error rate requires 1760 (3×) evaluations with MG-IS only, 14607 (25×) samples with BRAgg

only and 22560 (40×) samples using the baseline uniform sampling with majority vote, showing

our techniques lead to around 40× cost reduction overall.

On the MTurk evaluation (Fig. 4.4b), overall error rates are lower, but the trends between

methods are similar, with MG-IS + BRAgg reaching 19.8% RCE within the budget of 550

evaluations per neuron, while MG-IS only requires 2000 evaluations to reach the same error

(4×). Uniform sampling methods never reach sufficiently low errors within the number of

samples we evaluated, but extrapolating from current results we estimate it would require

10k-30k evaluations to reach 20% RCE.

Based on our findings and our budget, we choose to use 3 raters per input and to evaluate
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180 inputs per neuron for 540 evaluations per neuron in the large scale study in Section 4.5.

As we can evaluate 15 inputs in one task for the cost of $0.06, this evaluation will cost us

$0.06
15 ·180 ·3 = $2.16 per (neuron, explanation) pair. See Appendix D.1.3 for detailed results

on the tradeoff between more inputs vs. more ratings per input, as well as how to use these

experiments to decide the optimal parameters for our large-scale study.

Accuracy of SigLIP-only evaluation. Since our techniques are assisted by the SigLIP

model, it is natural to ask how does it compare against fully automated evaluation? Our techniques

can be seen as a hybrid method combining the strengths of human ratings and efficiency of

model-based evaluation. Overall, our results indicate SigLIP-based evaluation is quite reliable

by itself. When measuring the RCE of SigLIP only (using the full dataset), it reaches RCE of

32.10% on all neurons (vs. our estimated human study RCE of 27.90%), and on the subset of 10

neurons used in our MTurk validation SigLIP only RCE is 22.47% compared to 19.8% of our

human study. So overall SigLIP only evaluation has around 15% higher error than our human

study. This is still more accurate than a low budget human-study, and as such can be a good

practical choice for future studies. However, it is important to remember that human evaluation

is the gold standard for interpretability, and we should not blindly rely on automated evaluation

without validating them with experiments such as ours. See Appendix D.2.5 for a more detailed

analysis of SigLIP evaluation accuracy.

4.5 Large-Scale Crowdsourced Study

Setup. Our study focuses on neurons in two layers of two different models: Layer4 of ResNet-50

trained on ImageNet, and MLP activations in Layer11 of ViT-B-16 [20] trained on ImageNet.

We use the full ImageNet Validation set as probing dataset, see Appendix D.3.3 for additional

details.
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Table 4.1. SigLIP based simulation with correlation scoring comparing different simple explana-
tion methods (l = 1). We can see Linear Explanation (LE) performs the best even when restricted
to single concept explanations.

Simple Exp. (l=1)
ND
[7]

MILAN
[39]

CD
[68]

INVERT
l=1 [16]

DnD
[4]

MAIA
[86]

LE(label)
l=1 [69]

LE(SigLIP)
l=1 [69]

RN-50
(Layer4)

0.1242
± 0.002

0.0920
± 0.002

0.1904
± 0.002

0.1867
± 0.002

0.1534
± 0.002

0.1396
± 0.009

0.1793
± 0.002

0.2413
± 0.002

ViT-B-16
(Layer11 MLP)

0.0335
± 0.002

0.0194
± 0.002

0.1849
± 0.004

0.1343
± 0.004

0.1049
± 0.003

0.1497
± 0.021

0.2704
± 0.004

0.2968
± 0.004

Figure 4.5. Results of our MTurk study. Using BRAgg(SigLIP) for rating aggregation. All
methods are restricted to length 1 explanations. Overall explanations of LE(SigLIP) have the
highest correlation coefficient.

4.5.1 Method Selection via Automated Evaluation

Many different methods have been introduced to explain neurons in vision models. Due

to limited budget, we are unable to compare all these methods on our crowdsourced study, so we

first perform an automated evaluation to find the best methods to include in the crowdsourced

study.

Explanation Complexity: Some methods explain a single neuron as a combination of

concepts. For example [65, 16] use a logical composition of explanations, such as ”dog OR

cat”. For fairness and simplicity, in our main experiments we focus on explanations with only

one concept l = 1, but we also conduct an automated evaluation of complex explanations in

Appendix D.2.6.

For automated evaluation we use the SigLIP based simulation with correlation scoring

introduced by [69], see Appendix D.3.4 for details. The results of this automated evaluation are
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shown in Table 4.1.

Overall we can see Linear Explanations [69](even when restricted to a single concept)

produces the highest correlation scores. Other well performing methods include INVERT [16]

and CLIP-Dissect [68], followed by recent language model based explanations MAIA [86] and

DnD[4]. We observed that Broden based methods [6, 65, 54] overall performed relatively poorly,

likely because their concept sets do not include the relevant higher level concepts such as animal

species needed to describe later neurons of ImageNet models.

4.5.2 Crowdsourced Evaluation

Details: Based on automated evaluation results, we chose to conduct our crowdsourced study on

the 5 best performing simple explanations: LE (SigLIP)[69], CLIP-Dissect[68], INVERT[16],

MAIA[86] and DnD[4]. We evaluated 100 randomly selected neurons for each of the two models,

and 180 inputs per neuron with 3 raters each. This gives us a total of 1000 (neuron, explanation)

pairs to evaluate for a total cost of $2160. Our study was deemed Exempt from IRB approval by

the IRB review board at our institution.

User Interface. The main objective of our crowdsourced study is to have users annotate which

inputs have concept t present. We do this by presenting raters with explanation t and 15 inputs

per task, and asking them to select inputs where concept is present. The full study interface and

additional details are available in Appendix D.3.2.

Results

The overall results from the crowdsourced evaluation are shown in Figure 4.5. See

Appendix D.3.2 for more detailed results, including example explanations and their scores.

We can see Linear Explanations performs the best overall despite being limited to using a

predefined concept set. We think this is likely because it is the only explanation method tested

that is optimized to explain the entire range of activations instead of focusing only on highest

activations. The second best performing method is CLIP-Dissect [68] or INVERT [16] depending
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on the model evaluated. It is somewhat surprising that recent methods based on large language

models [4, 86] did not outperform simpler baselines despite being able to provide very accurate

and complex descriptions in some cases. We think this is caused by a few reasons:

1. Focus on highly activating inputs only, leading to overly specific explanations that do not

describe lower activations.

2. Inconsistency. While all 5 methods mostly produce relevant descriptions, more complex

methods such as those relying on LLMs often have more variance in their description

quality, leading to poor explanations for some neurons.

Overall the correlation scores were quite low, with best methods reaching ∼ 0.2 correla-

tion, highlighting the need for further improvement in explanation methods and/or creating more

interpretable models.

4.6 Conclusion

In this paper, we introduced two new techniques for conducting principled crowdsourced

evaluation of neuron explanations. First, we proposed Model-Guided Importance Sampling

(MG-IS) to determine which inputs to show raters, reducing our labeling cost by ∼ 15×. Second,

we introduced a new Bayes-rule based method (BRAgg) to aggregate multiple ratings, which

further reduces the amount of ratings needed to reach a certain level of accuracy by∼ 3×. Finally,

using these methods, we were able to conduct a large-scale human study with reasonable cost

(lowering cost from $90k to $2.16k USD) without sacrificing accuracy – We evaluated 5 SOTA

automated interpretability methods and discovered that Linear Explanations [69] performed the

best overall.
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Chapter 5

Label-Free Concept Bottleneck Models

5.1 Introduction

Deep neural networks (DNNs) have demonstrated unprecedented success in a wide range

of machine learning tasks such as computer vision, natural language processing, and speech

recognition. However, due to their complex and deep structures, they are often regarded as

black-box models that are difficult to understand and interpret. Interpretable models are important

for many reasons such as creating calibrated trust in models, which means understanding when

we should trust the models. Making deep learning models more interpretable is an active yet

challenging research topic.

Figure 5.1. Our proposed Label-free CBM has many desired features which existing CBMs
lack, and it can transform any neural network backbone into an interpretable Concept Bottleneck
Model.
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One approach to make deep learning more interpretable is through Concept Bottleneck

Models (CBMs) [50]. CBMs typically have a Concept Bottleneck Layer before the (last) fully

connected layer of the neural network. The concept bottleneck layer is trained to have each

neuron correspond to a single human understandable concept. This makes the final decision a

linear function of interpretable concepts, greatly increasing our understanding of the decision

making. Importantly, CBMs have been shown to be useful in a variety of applications, including

model debugging and human intervention on decisions. However, there are two crucial limitations

of existing CBMs and their variants [50, 108, 116]: (i) labeled data is required for each of the

predefined concepts, which is time consuming and expensive to collect; (ii) the accuracy of a

CBM is often significantly lower than the accuracy of a standard neural network, especially on

more complex datasets.

To address the above two challenges, we propose a new framework named Label-free

CBM, which is capable of transforming any neural network into an interpretable CBM without

labeled concept data while preserving accuracy comparable to the original neural network by

leveraging foundation models [11]. Our Label-free CBM has many advantages:

• Scalable - to our best knowledge, it is the first CBM that scales to ImageNet

• Efficient - creating a CBM takes only a few hours even for very large datasets

• Automated - training it for a new dataset requires minimal human effort

5.2 Related Work

Post-hoc explanations [84]: The approach of post-hoc explanations includes some

classic methods such as LIME [80] and SHAP [58], which try to explain individual model

decisions by identifying which parts of the input data (e.g. pixels) are the most important for a

given decision. However, these methods are based on local approximations of the DNN model

and as such are not always accurate. Further, the explanations at the granularity of input pixels

may not always be helpful and could require substantial subjective analysis from humans. In

85



contrast, our explanations in Section 5.4 are not approximated and explain predictions in terms

of human-understandable concepts.

More interpretable final layer: [103] proposes making the FC layer sparse, and develop

an efficient algorithm for doing so. They show that sparse models are more interpretable in many

ways, but it still suffers from the fact the previous layer features are not interpretable. NBDT

[99] proposes replacing the final layer with a neural backed decision tree for another form of

more interpretable decisions. Other approaches to make neural networks more interpretable

include Concept Whitening [17] and Concept Embedding Models [109].

CBM: Most related to our approach are Concept Bottleneck Models [50, 57] which

create a layer before the last fully connected layer where each neuron corresponds to a human

interpretable concept. CBMs have been shown to be beneficial by allowing for human test-time

intervention for improved accuracy, as well as being easier to debug. To reduce the training cost

of a CBM, a recent work [108] proposed Post-Hoc CBM that only needs to train the last FC layer

along with an optional residual fitting layer, avoiding the need to train the backbone from scratch.

This is done by leveraging Concept Activation Vectors (CAV) [48] or the multi-modal CLIP

model [77]. However, the post-hoc CBM does not fully address the problems of the original CBM

as using TCAV still requires collecting annotated concept data and their use of CLIP model can

only be applied if the NN backbone is the CLIP image encoder. Additionally, the performance

of post-hoc CBMs without uninterpretable residual fitting layers is often significantly lower than

the standard DNNs. Similarly, an earlier work Interpretable Basis Decomposition [116] proposes

learning a concept bottleneck layer based on labeled concept data for explainable decisions, even

though they do not call themselves a CBM. Comparison between the features of our method and

existing approaches is shown in Table 5.1.

Model editing/debugging: Our approach is related to a range of works proposing ways

to edit networks, such as [5, 100] for generative vision models, [5] for classifiers, or [60, 62] for

language models. In addition [1] propose a way to debug model mistakes using TCAV activation

vectors.
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Table 5.1. Comparison of our method against existing methods for creating Concept Bottleneck
models, CBM [50], IBD [116] and 4 versions of P-CBM [108], where ’-h’ indicates the hybrid
model that uses uninterpretable residual term, ’(CLIP)’ means models using CLIP concepts. We
used ”Maybe” to indicate models that could in theory extend to ImageNet but have not been
tested.

(I) Flexibility (II) Interpretability (III) Performance

Method:
Without labeled

concept data
Any network
architecture

Sparse
final layer

All features
interpretable

Preserves
accuracy

Extends to
ImageNet scale

CBM No Yes No Yes No No
IBD No Yes No No Yes No
P-CBM No Yes Yes Yes No No
P-CBM (CLIP) Yes No Yes Yes No Maybe
P-CBM-h No Yes Yes No Yes No
P-CBM-h (CLIP) Yes No Yes No Yes Maybe

Label-free CBM
(This work) Yes Yes Yes Yes Yes Yes

CLIP-Dissect [68]: CLIP-Dissect is a recent method for understanding the roles of

hidden layer neurons by leveraging the CLIP multimodal model [77]. It can provide a score of

how close any neuron is to representing any given concept without the need of concept annotation

data, which makes it useful as an optimization target for learning our interpretable projection in

Step 3.

Figure 5.2. Overview of our pipeline for creating Label-free CBM.
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5.3 Label-free CBM: A new framework to build CBM

In this section, we propose Label-free CBM, a novel framework that builds a concept

bottleneck model (CBM) in an automated, scalable and efficient fashion and addresses the core

limitations of existing CBMs. Given a neural network backbone, Label-free CBM transforms the

backbone into an interpretable CBM without the need of concept labels with the following 4

steps which are illustrated in Fig 5.2 – Step 1: Create the initial concept set and filter undesired

concepts; Step 2: Compute embeddings from the backbone and the concept matrix on the

training dataset; Step 3: Learn projection weights Wc to create a Concept Bottleneck Layer

(CBL); Step 4: Learn the weights WF of the sparse final layer to make predictions.

Note that the backbone model can either be a model trained on the target task, or a

general model trained on a different task. The details of Label-free CBM for Step 1 are provided

in Sec. 5.3.1, Step 2 and Step 3 in Sec. 5.3.2, and finally Step 4 in Sec. 5.3.3.

5.3.1 Step 1: Concept set creation and filtering

In this step, we will describe how to create a concept set to serve as the basis of human-

interpretable concepts in the Concept Bottleneck Layer. This step consists of two sub-steps: A.

Initial concept set creation and B. Concept set filtering.

A. Initial concept set creation: A concept set refers to the set of concepts represented

in the Concept Bottleneck Layer. In the original CBM paper [50], this is decided by domain

experts as the set of concepts that are important for the given task. However, since our objective

is to automate the entire process of generating CBMs, we don’t want to rely on human experts.

Instead, we propose generating the concept set via GPT-3 [15] using the OpenAI API. Somewhat

surprisingly, GPT-3 has a good amount of domain knowledge of which concepts are important for

detecting each class when prompted in the right way. Specifically, we ask GPT-3 the following:

• List the most important features for recognizing something as a {class}:

• List the things most commonly seen around a {class}:
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• Give superclasses for the word {class}:

Note that the {class} in here refers to the class name in the machine learning task. For

GPT-3 to perform well on the above prompt, we provide two examples of the desired outputs

for few-shot adaptation. Note that those two examples can be shared across all datasets, so no

additional user input is needed for generating a concept set for a new dataset. Full prompts and

example outputs are illustrated in the Appendix Figures E.4 and E.5. To reduce variance we run

each prompt twice and combine the results. Combining the concepts received from different

classes and prompts gives us a large, somewhat noisy set of initial concepts, which we further

improve by filtering. We found using GPT-3 to generate initial concepts to perform better than

using the knowledge-graph ConceptNet [90] which was used in Post Hoc-CBM [108]. Reasons

for this and a comparison between the two are presented in Appendix E.1.6.

B. Concept set filtering: Next we employ several filters to improve the quality and

reduce the size of our concept set, as stated below:

1. Concept length: We delete any concept longer than 30 characters in length, to keep

concepts simple and avoid unnecessary complication.

2. Remove concepts too similar to classes: We don’t want our CBM to contain the output

classes themselves as that would defeat the purpose of an explanation. To avoid this we

remove all concepts that are too similar to the names of target classes. We measure this

with cosine similarity in a text embedding space. In particular we use an ensemble of

similarities in the CLIP ViT-B/16 text encoder as well as the all-mpnet-base-v2 sentence

encoder space, so our measure can be seen as a combination of visual and textual similarity.

For all datasets, we deleted concepts with similarity > 0.85 to any target class.

3. Remove concepts too similar to each other: We also don’t want duplicate or synonymous

concepts in the bottleneck layer. We use the same embedding space as above, and remove

any concept that has another concept with > 0.9 cosine similarity already in concept set.
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4. Remove concepts not present in training data: To make sure our concept layer accurately

presents its target concepts, we remove any concepts that don’t activate CLIP highly. This

cut-off is dataset specific, and we delete all concepts with average top-5 activation below

the cut-off.

5. Remove concepts we can’t project accurately: Remove neurons that are not interpretable

from the CBL. This step is actually performed after step 3 and is described in Section

5.3.2.

We discuss the reasoning behind the filters in detail in Appendix E.1.5 and perform an

ablation study on their effects in Appendix E.1.4.

5.3.2 Steps 2 and 3: Learning the Concept Bottleneck Layer (CBL)

Once the concept set is obtained, the next step is to learn a projection from the backbone

model’s feature space into a space where axis directions correspond to interpretable concepts.

Here, we present a way of learning the projection weights Wc without any labeled concept

data by utilizing CLIP-Dissect [68]. To start with, we need a set of target concepts that the

bottleneck layer is expected to represent as C = {t1, ..., tM}, as well as a training dataset (e.g.

images) D = {x1, ...,xN} of the original task. Next we calculate and save the CLIP concept

activation matrix P where Pi, j = EI(xi) ·ET (t j) and EI and ET are the CLIP image and text

encoders respectively. Wc is initialized as a random M×d0 matrix where d0 is the dimensionality

of backbone features f (x). The initial set C is created in Step 1 and the training set D is provided

by the downstream task. We define fc(x) = Wc f (x), where fc(xi) ∈ RM. We use k to denote

a neuron of interest in the projection layer, and its activation pattern is denoted as qk where

qk = [ fc,k(x1), . . . , fc,k(xN)]
⊤, with qk ∈ RN and fc,k(x) = [ fc(x)]k.

To make the neurons in the CBL interpretable, we need to enforce the projected neurons

to activate in correlation with the target concept, which we do by optimizing Wc to maximize

the CLIP-Dissect similarity between the neuron’s activation pattern and the target concept. To
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optimize this similarity, we have designed a new fully differentiable similarity function sim(ti,qi)

that can be applied to CLIP-Dissect, called cos cubed, that still achieves very good performance

in explaining the neuron functionality as shown in Appendix E.1.3. Our optimization goal is to

minimize the objective L over Wc as defined in Equation (5.1):

L(Wc) =
M

∑
i=1
−sim(ti,qi) :=

M

∑
i=1
−

q̄i
3 · P̄:,i

3

||q̄i
3||2||P̄:,i

3||2
. (5.1)

Here q̄ indicates vector q normalized to have mean 0 and standard deviation 1, and the cos cubed

similarity sim(ti,qi) is simply the cosine similarity between two activation vectors after both

have been normalized and raised to third power element-wise. The third power is necessary to

make the similarity more sensitive to highly activating inputs. As this is still a cosine similarity,

it takes values between [−1,1]. We optimize L(Wc) using the Adam optimizer on training data

D , with early stopping when similarity on validation data starts to decrease. Finally to make

sure our concepts are truthful, we drop all concepts j with sim(t j,q j)< 0.45 on validation data

after training Wc. This is the 5th concept set filter from Sec 5.3.1. This cutoff was selected

manually as a good indicator of a neuron being interpretable. During this filtering, the number of

concepts is reduced: M←M−∆, where ∆ is non-negative integer representing the number of

concepts being removed in this step. Note that matrix Wc has also to be updated accordingly by

removing the rows that correspond to the removed concepts, and with our notation, Wc ∈ RM×d0 .

To simplify Figure 5.2, we omit plotting this concept removal step.

5.3.3 Step 4: Learning the sparse final layer

Now that the Concept Bottleneck Layer is learned, the next task is to learn the final

predictor with the fully connected layer WF ∈ Rdz×M where dz is the number of output classes.

The goal is to keep WF sparse, since sparse layers have been demonstrated to be more inter-

pretable [103]. Given that both the backbone f (x) and learned concept projection Wc are fixed,

this is a problem of learning a sparse linear model, which can be solved efficiently with the
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elastic net objective:

min
WF ,bF

N

∑
i=1

Lce(WF fc(xi)+bF ,yi)+λRα(WF) (5.2)

where Rα(WF)= (1−α)1
2 ||WF ||2F +α||WF ||1,1, ∥·∥F denotes the Frobenius norm, ∥·∥1,1 denotes

element-wise matrix norm, bF denotes the bias of the FC layer, Lce is the standard cross-entropy

loss and yi is the ground-truth label of data xi. We optimize Equation (5.2) using the GLM-SAGA

solver created by [103]. For the sparse models, we used α = 0.99 and λ was chosen such

that each model has 25 to 35 nonzero weights per output class. This level was found to still

result in interpretable decisions while retaining good accuracy. Depending on the number of

features/concepts in the previous layer this corresponds to 0.7-15% of the weights of the model

being nonzero.

5.4 Experiment Results

We present three main results on evaluating the accuracy and interpretability of the

Label-free CBM in this section. Due to page limit, additional experiments and discussions are in

Appendix E.1.2-E.1.12. An overview of additional experiments is provided in Appendix E.1.1.

Datasets. To evaluate our approach, we train Label-free CBMs on 5 datasets. These are

CIFAR-10, CIFAR-100 [52], CUB [98], Places365 [115] and ImageNet [19]. This is a diverse

set of tasks, where CIFAR-10/100 and ImageNet are general image classification datasets, CUB

is a fine-grained bird-species classification dataset and Places365 is focused on scene recognition.

Their sizes vary greatly, with CUB having 5900 training samples, CIFAR datasets 50,000 each

and ImageNet and Places365 have 1-2 million training images. CUB contains annotations with

312 concepts for each datapoint, such as has wing color:blue or has head pattern:spotted. We

used neither the concept names or the concept annotations to train our LF-CBM models to

showcase our ability to perform without labels, yet our method discovered similar concepts and

is competitive with methods that utilize the available concept information.

Setup. For CIFAR and CUB we use the same backbone models as [108] for fair
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comparison, so we use CLIP(RN50) image encoder as the backbone for CIFAR, and ResNet-18

trained on CUB from imgclsmob for CUB. For both ImageNet and Places365 we use ResNet-50

trained on ImageNet as the backbone network. The number of concepts each model uses is

roughly proportional to the number of output classes for that task, as each class adds more initial

concepts. The number of concepts for our models are as follows: 128 for CIFAR-10, 824 for

CIFAR-100, 211 for CUB, 2202 for Places-365 and 4505 for ImageNet. CUB has a smaller

number of concepts because we only used the important features prompt. All models are trained

on a single Nvidia Tesla P100 GPU, and the full training run takes anywhere from few minutes

to 20 hours depending on the dataset size. The majority of runtime is taken by step 2, where we

save activations for both the backbone and CLIP over the entire training dataset. Fortunately,

these results only need to be calculated once and can be reused for training new CBMs on the

same dataset. Once the activations have been saved, learning the model takes less than 4 hours

on all datasets.

Result (I): Accuracy. Table 5.2 shows the performance of Label-free CBM on all 5

datasets. We can see that our method can create a CBM with a sparse final layer with little loss

in accuracy on all datasets, including a model with 72% top-1 accuracy on ImageNet. Our Label-

free CBM has significantly higher accuracy than Post-hoc CBM on the datasets we evaluated,

but some rows for P-CBM are N/A as they do not provide those results and it is unclear how

to scale P-CBM to larger datasets. For Table 5.2 we excluded methods with non-interpretable

components (i.e. P-CBM-h or IBD) as we want to focus on fully interpretable CBM models.

Note that P-CBM uses the expert provided concept set for CUB200, yet we can outperform it

using our fully GPT-3 derived set of features. The standard sparse models were finetuned by us

by learning a sparse final layer directly after feature layer f (x) as described in [103] and also

have 25-35 nonzero weights per class. The accuracies of sparse standard models are comparable

to our CBM, indicating the CBM does not reduce accuracy.

Result (II): Explainable decision rules. Perhaps the biggest benefit of Concept Bot-

tleneck Models is that their decisions can be explained as a simple linear combination of
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Table 5.2. Accuracy comparison, best performing sparse model bolded. We can see our method
outperforms Posthoc-CBM and performs similarly to a sparse standard model. The results for our
method are mean and standard deviation over three training runs. *Indicates reported accuracy.

Dataset

Model Sparse final layer CIFAR10 CIFAR100 CUB200 Places365 ImageNet

Standard No 88.80%* 70.10%* 76.70% 48.56% 76.13%

Standard (sparse) Yes 82.96% 58.34% 75.96% 38.46% 74.35%
P-CBM Yes 70.50%* 43.20%* 59.60%* N/A N/A
P-CBM (CLIP) Yes 84.50%* 56.00%* N/A N/A N/A

Label-free CBM
(Ours) Yes

86.40%
± 0.06%

65.13%
± 0.12%

74.31%
± 0.29%

43.68%
± 0.10%

71.95%
± 0.05%

understandable features. To showcase this, in Figure 5.3 we visualize the final layer weights

for the classes ”Orange” and ”Lemon” on ImageNet, and classes ”Mountain” and ”Mountain

Snowy” on Places365. This visualization is a Sankey diagram of the final layer weights coming

into two output classes, with the weight between a concept and output class displayed as the

width of the line connecting them. We have only included weights with absolute value greater

than 0.05 (for comparison the largest weights are usually 0.5-1). Negative weights are denoted

as NOT concept. The learned decision rules largely align with our intuitions. For ImageNet, the

concept ”citrus” fruit is highly connected to both ”Orange” and ”Lemon”, while orange colors

activate the ”Orange” class and yellow colors and limes activate the ”Lemon” class. On Places,

concepts like ”a high elevation” activate both classes, while ”Mountain Snowy” is activated by

snow and ice related concepts and ”Mountain” is activated by concepts related to volcanoes like

”lava” and ”crater”. Visualizations like this allow us to gain a global understanding of how our

model behaves. Additional visualizations are shown in Appendix E.1.11.

Result (III): Explainable individual decisions.

In addition to global understanding, CBMs allow us to understand the reasoning behind

individual decisions. Since our decisions are linear functions of interpretable features, they

can be explained in a simple and accurate way. After learning the Concept Bottleneck Layer,

we normalize the activations of each concept to have mean 0 and standard deviation 1 on the
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Figure 5.3. Visualization of the final layer weights of our Label-free CBM. Showcasing how our
models differentiate between two similar classes.

training data. Given normalized features, the contribution of feature j to output i on input xk

can be naturally calculated as Contrib(xk, i, j) = WF [i j] fc(xk) j. Since our WF is sparse, most

contributions will be 0 and the important contributions can be easily visualized with a bar plot.

Example visualizations for explaining the model’s predicted class are shown in Figure 5.4, and

more visualizations are available in Appendix E.1.12. These visualizations show the concepts

with highest absolute value contribution. Concepts with negative activation can still be important

contributors, and they are shown as ”NOT concept” in our visualizations. We can see for example

the CUB model correctly identifies ”a red head” as the most important feature in recognizing

this image as ”Red headed Woodpecker”, while the fact that there is no ”a rosy breast” present

also increases model’s confidence.
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Figure 5.4. Visualization of two correct decisions made by our Label-free CBM.

5.5 Case study: Manually improving an ImageNet model

In this section we take a deep dive into our ImageNet Label-free CBM – we analyze

the errors it makes and design ways to debug/improve our network based on these findings. In

particular, we show how we can inspect a handful of individual incorrect decisions and manually

change our model weights to not only fix those predictions but also multiple other predictions,

improving the network’s overall accuracy. To our knowledge, this is the first example of manually

editing a large well-trained neural network in a way that improves test accuracy on the same

distribution.

5.5.1 Types of model errors

During the course of our experiment, we were able to identify 4 different types of

mistakes our model makes, with different strategies for fixing them:

Type 1: Incorrect/ambiguous label: Despite looking like errors in terms of accuracy,

these are simply a consequence of having noisy labels and are unavoidable. We will not attempt
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to fix this type of mistake.

Type 2: No sufficient concept in CBL: Despite having a large set of concepts, our CBL

does not include all concepts important for detecting certain classes. For example, detecting the

difference between two species of snakes may require recognizing very fine-grained patterns that

can’t be easily explained in words. While these could often be fixed by adding new concepts

to the concept set, we do not focus on it as it requires retraining the projection Wc and the final

layer.

Type 3: Incorrect concept activations: Some of the time, the activations in our CBL

are incorrect and do not match the image, causing the prediction to become incorrect. Since the

network up to the Concept Bottleneck Layer is mostly a black box, we can’t easily improve the

predictions, but predictions can be improved with test time interventions as shown in Figure 5.5.

Type 4: Incorrect final layer weight WF : Sometimes even if all the concept activations

are correct, the model’s final layer weights still cause it to make an erroneous prediction. As the

final layer is fully interpretable, fixing these errors is the main focus of our study described in

Sec 5.5.2.

Examples of Type 1 and Type 2 errors are shown in Figure E.7 in the Appendix.

Figure 5.5. Fixing an incorrect model prediction on ImageNet by simply zeroing out the incorrect
activation for concept ”a hat”. Model originally predicted ”poke bonnet” which is a type of hat.
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5.5.2 Editing final layer weights

In this section we describe our procedure for manually editing final layer weights of our

model. This is done with the following procedure:

1. Find an input where the model makes a Type 4 error: This is done by visualizing

incorrect model predictions and their explanations, and identifying Type 4 errors, i.e. errors

where the highly activating concepts look correct and the label is correct and unambiguous.

2. Identify a concept to edit.: Perhaps the most tricky step, to change a prediction we need

to select a concept (using our domain knowledge) that is highly activated in this image,

important for the ground truth class, not important for the incorrect class, and will have a

small impact on other predictions. For example to flip a prediction from ”cricket insect” to

”grasshopper” we chose the concept ”a green color”.

3. Change weights by sufficient magnitude: Next we choose magnitude of weight change

∆w, and edit the weights in the following way: WF [gt,concept]←WF [gt,concept]+∆w and

WF [pred,concept]←WF [pred,concept]−∆w. Typically we want ∆w to be slightly more than

required to flip the prediction on our example, but understanding its effect on other

predictions is hard and should be checked with a validation dataset.

Figure 5.6. Examples of two edits we performed on our model predictions. Both edits fix the
error we found, and fix more other predictions than they cause mistakes on other unseen inputs.

Fig 5.6 shows two examples of model edits we performed, and their effects on model
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predictions on the validation set. In total we identified 5 such beneficial edits during our quick

exploration, the other 3 are shown in Fig E.6. After applying all of them, the total validation

accuracy of our model goes from 71.98% to 72.02%, correcting 38 predictions while turning

17 incorrect. While this might seem like a small difference, it is worth noting we only change

10 out of 4.5 million total weights in the final layer(of which 34,550 are non-zero). Our edits

only affect 10 classes, which have a total of 500 validation examples, so in effect we increase

accuracy on this subset by 4.2% which is a significant boost. We believe this editing approach is

a promising direction for future use, where practitioners could for example notice an incorrect

prediction in a production system, quickly devise a fix for that prediction, and check how it

affects other predictions using validation data.

5.6 Conclusion

We have presented Label-free CBM, a fully automated and scalable method for generating

concept bottleneck models and used it to create the first high performing CBM on ImageNet.

In addition, we have demonstrated how our models are easier to understand in terms of both

global decision rules and reasoning for individual predictions. Finally, we show how to use this

understanding to manually edit weights to improve accuracy in a trained ImageNet model.
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Appendix A

Supplementary Material for Chapter 1

A.1 Additional Results and Details

A.1.1 Similarity function details and derivation

Rank reorder hyperparameters:

The results of Table 1.3 are using top 5% of most highly activating images for each

neuron and using p = 3 for the lp-norm.

WPMI:

In this section, we show that one choice of similarity function sim(tm,qk;P) can be

derived based on the weighted point-wise mutual information (wpmi). Note that wpmi is also

used in [39] but in a different way – our approach can compute wpmi directly from the CLIP

products P and does not require any training, while [39] train two models to estimate wpmi.

To start with, by definition, the wpmi between a concept tm and the most highly activated

images Bk of neuron k can be written as

wpmi(tm,qk) = log p(tm|Bk)−λ log p(tm) (A.1)

Here Bk is the set of images that most highly activates neuron k, i.e. the top indices of qk. First

we can compute p(tm|xi) = softmax(aPi,:)m, where softmax(z)n =
ezn

∑
N
j=1 ez j with z ∈RN , Pi,: is the

i-th row vector of the concept-activation matrix P and a is a scalar temperature constant. This is
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the probability that CLIP assigns to a concept tm for image xi when used as a classifier.

We then define p(tm|Bk) as the probability that all images in Bk have the concept tm,

which gives us p(tm|Bk) = Πxi∈Bk p(tm|xi). Thus, we have

log p(tm|Bk) = ∑
xi∈Bk

log p(tm|xi) (A.2)

which is the 1st term in Eq (A.1). Next, we can approximate the 2nd term p(tm) in Eq (A.1) as

follows: p(tm) is the probability that a random set of images B will be described by tm. Since we

don’t know the true distribution for a set of images, an efficient way to approximate this is to

average the probability of tm over the different neurons we are probing. This can be described by

the following equation:

p(tm) = EB[p(tm|B)]≈
∑ j∈C p(tm|B j)

|C|
=

∑ j∈C Πxi∈B j p(tm|xi)

|C|
(A.3)

where C is the set of neurons in the layer we are probing. Thus we can plug Eq. (A.2) and Eq.

(A.3) in to Eq. (A.1) to compute wpmi through the CLIP model:

wpmi(tm,qk) = ∑
xi∈Bk

log p(tm|xi)−λ log

(
∑
j∈C

Πxi∈B j p(tm|xi)

)
+λ log |C| (A.4)

So we can use the above Eq (A.4) in our CLIP-Dissect and set sim(tm,qk;P) = wpmi(tm,qk) in

the algorithm.

For our experiments we use a = 2, λ = 0.6 and top 28 most highly activating images

for neuron k as Bk which were found to give best quantitave results when describing final layer

neurons of ResNet-50.

SoftWPMI:

SoftWPMI is an extension of wpmi as defined by Eq. (A.4) into settings where we have
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uncertainty over which images should be included in the example set Bk. In WPMI the size of

example set is defined beforehand, but it is not clear how many images should be included, and

this could vary from neuron to neuron. In this description, we assume that there exists a true Bk

which includes images from Dprobe if and only if they represent the concept of neuron k. We

then define binary indicator random variables Xk
i = 1[xi ∈ Bk] which take value 1 if the ith image

is is in set the Bk, and we define Xk = {Xk
1 , ...,X

k
M}.

Our derivation begins from the observation that we can rewrite p(tm|Bk) from above as:

p(tm|Bk) = Πxi∈Bk p(tm|xi) = Πxi∈Dprobe p(tm|xi)
1[xi∈Bk] = Πxi∈Dprobe p(tm|xi)

Xk
i (A.5)

Now:

EXk
i
[p(tm|xi)

Xk
i ] = p(xi ∈ Bk)p(tm|xi)+(1− p(xi ∈ Bk)) = 1+ p(xi ∈ Bk)(p(tm|xi)−1) (A.6)

If we assume the Xk
i are statistically independent, we can write:

EXk [p(tm|Bk)] = Πxi∈DprobeEXk
i
[p(tm|xi)

Xk
i ] = Πxi∈Dprobe [1+ p(xi ∈ Bk)(p(tm|xi)−1)] (A.7)

⇒ logEXk [p(tm|Bk)] = ∑
xi∈Dprobe

log(1+ p(xi ∈ Bk)(p(tm|xi)−1)) (A.8)

Note Equation (A.6) goes to 1 if p(xi ∈ Bk) = 0 (i.e. no effect in a product) and to p(tm|xi)

if p(xi ∈ Bk) = 1. So Eq. (A.8) reduces to Eq. (A.2) of standard WPMI if p(xi ∈ Bk) is either 1

or 0 for all xi ∈ Dprobe. In other words, we are considering a ”soft” membership in Bk instead of

”hard” membership of standard WPMI.

To get the second term for wpmi, p(tm), i.e. probability that text tm describes a random
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example set Bk, we can approximate it like we did in Eq. (A.3) by using the example sets for

other neurons we are interested in.

p(tm) = EBi[EX i[p(tm|Bi)]]≈
∑ j∈CEX j [p(tm|B j)]

|C|

→
∑ j∈CEX j [p(tm|B j)]

|C|
=

∑ j∈C Πx∈Dprobe [1+ p(x ∈ B j)(p(tm|x)−1)]
|C|

(A.9)

Finally, we can compute full SoftWPMI with Eq. (A.8) and Eq. (A.9) and use it as

similarity function in CLIP-Dissect:

soft wpmi(tm,qk) = ∑
xi∈Dprobe

log(1+ p(xi ∈ Bk)(p(tm|xi)−1))

−λ log

(
∑
j∈C

Πx∈Dprobe [1+ p(x ∈ B j)(p(tm|x)−1)]

)
+λ log |C| (A.10)

One thing we haven’t yet discussed is the choice of p(x ∈ Bk). There is flexibility and

this probability could be derived from the activations of neuron k on image x, by for example by

taking a scaled sigmoid, or it could be based on the ranking of the image.

For our experiments we found ranking based probability to perform the best, and used

p(x ∈ Bk) linearly decreasing from 0.998 of the most highly activating image for neuron k to

0.97 for 100th most highly activating image and 0 for all other images. Thus in practice we only

have to use the 100 images when calculating SoftWPMI instead of full Dprobe which is much

more computationally efficient. For other hyperparameters we used a = 10 and λ = 1.

A.1.2 Additional qualitative results

Additional visualization on ResNet-18 and ResNet-50 in Figs A.1 and A.2, continued

from Section 1.4.1. We have subjectively colored the descriptions green if they match these 5

images, yellow if they match but are too generic and red if they do not match. In Fig. A.1 we
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can see both Network Dissection and CLIP-Dissectdo very well while MILAN struggles to

explain some neurons. MILAN(b) is trained on both ImageNet and Places365 networks, while

MILAN(i) is only trained on ImageNet. Both MILAN networks perform similarly here but

the ImageNet version misses/is too generic for more neurons, such as labeling a bus neuron as

”vehicles”. The neurons on the left have highest IoU according to MILAN while neurons on the

right have highest similarity to the concept according to our similarity function. In Fig. A.2 we

see that both CLIP-Dissectand Network Dissection perform well on these most interpretable

neurons except for a few failures by Network Dissection, while MILAN often gives concepts

that are too generic. MILAN(b) is trained on both ImageNet and Places365 networks, while

MILAN(p) is only trained on Places365. We can see the Places trained model is struggling more

with concepts like spiders, indicating issues with generalization.
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Figure A.1. Explanations of most interpretable neurons in the second to last layer of ResNet-18
trained on Places365. Displayed together with 5 most highly activating images for that neuron.
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Figure A.2. Explanations of most interpretable neurons in the second to last layer of ResNet-50
trained on ImageNet. Displayed together with 5 most highly activating images for that neuron.
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A.1.3 Low level concepts

In this section we show additional results of probing low level concepts, using two

networks trained on ImageNet, ResNet-50 and ResNet-152. For ResNet-152 we also compare

against human annotations for these neurons from MILAnnotations [39].

The results for ResNet-152 can be seen in Figure A.3. We can see CLIP-Dissect is able to

accurately detect many lower level concepts, such as colors in Conv1 neurons 1,3,10 and Layer1

neuron 4, as well as detecting that neuron 3 of Layer1 activates specifically for the text/label,

without having access to the activation pattern, while MILAN fails to detect this.

However, CLIP-Dissect does also have some failure modes on lower level patterns.

• Failure to differentiate between concept and correlated objects: This leads to higher

level outputs than desired. For example: CLIP-Dissectgives the concept underwater

to conv1 neuron 16, while the true concept is probably more similar to blue (human

annotators also made this mistake), or conv1 neuron 28 where CLIP-Dissect outputs zebra

while the neuron is likely just detecting stripes. The worst example of this is neuron conv1

neuron 24, which simply activates on white background, but this is entirely missed by

CLIP-Dissect as it’s not good at focusing on the background.

• Unintrepretable neurons: Some neurons seem to be not interpretable, e.g. Conv1 neuron

2. CLIP-Dissect outputs music which seems incorrect, but neither human annotators or

MILAN were able to assign a clear concept for the neuron either. See Appendix A.1.8 for

more analysis on uninterpretable neurons.

Similar observations also hold for the ResNet-50 model as can be seen in Figure A.4. Note we

do not have human annotations to compare against for this network.
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Figure A.3. Descriptions for select neurons in early layers of ResNet-152, showcasing both
the successes and failure modes of CLIP-Dissect. For this figure we used max as the summary
function g for CLIP-Dissect to be comparable to MILAnnotations. For evaluation we used the
MILAN model trained on only Places models to avoid overfitting.
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Figure A.4. Descriptions of most interpretable neurons (highest similarity/IoU) of an early layer
in ResNet-50.
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A.1.4 Compositional Concepts

In the sections above our method has focused on choosing the most fitting concept

from the pre-defined concept set. While changing the concept set in CLIP-Dissectis as easy

as editing a text file, we show it can also detect more complex compositional concepts. We

experimented with generating explanations by searching over text concatenations of two concepts

in our concept space. To reduce computational constraints, we only looked at combinations of

100 most accurate single word labels for each neuron. Example results are shown in Fig A.5.

While the initial results are promising, some challenges remain to make these compositional

explanations more computationally efficient and consistent, which is an important direction for

future work.

Figure A.5. An example of compositional explanations generated by our method for two neurons
of ResNet50 trained on ImageNet.

A.1.5 Vision Transformer

Since our method does not rely on the specifics of CNNs in its operation, we can easily

extend it to work on different architectures, such as the Vision Transformer, specifically ViT-

B/16 [20] model trained on ImageNet. We have visualized most interpretable neurons, their

highly activating images and their descriptions in Figure A.6. Interestingly, we found the highly

interpretable neurons to be very location focused, i.e. kitchens or highways despite the network

being trained on object level labels (ImageNet).
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Figure A.6. Most interpretable neurons after the ’encoder’ module (one of the last layers) of a
Vision Transformer.
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A.1.6 Predicting input class from neuron descriptions

In this section we follow reviewer suggestion and study whether the class of the image

can be predicted based on descriptions of highly activating neurons. We perform an experiment

on the neurons in the second-to-last layer (last hidden layer) and study if the descriptions of

highly activating neurons in this layer can be used to predict what class the input is from.

As we show in below experiments, the neuron description generated from CLIP-Dissect

gives overall higher prediction accuracy than the neuron descriptions from prior work (Network

Dissection and MILAN), which suggests our proposed method generates better neuron descrip-

tion than prior work. Below we outline the steps we used to predict the class of an image based

on the internal neuron descriptions from different neuron labelling methods:

1. Following our notation in Sec 1.3, for an image xi, record the activations of neurons in the

second-to-last layer g(A j(xi)) (where j denotes the neuron index) as well as the predicted

class c.

2. Find the neuron with the highest positive contribution to the predicted class c, which can

be computed as k = argmax j Wc, j ·g(A j(xi)).

3. Obtain the description tk for neuron k using an automated description method.

4. Find the class name that is most similar to the description of the highest contributing

neuron, and predict this class as the images class. Similarity is measured using an average

of cosine similarities in the sentence embedding space of CLIP text encoder and mpnet

sentence embedding space discussed in section 1.4.2.

We performed this experiment on ResNet-50 trained on ImageNet, and found that predict-

ing with the above algorithm and CLIP-Dissectneuron descriptions we were able to correctly

predict the class of 10.28% of the images. In contrast, when we used descriptions from Network

Dissection we were only able to predict the class of 3.36% of the images, and with MILAN(base)
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only 2.31% of the time. This gives evidence towards our CLIP-Dissectdescriptions being

higher quality than Network Dissection and MILAN. It’s worth noting that overall we would not

expect to reach a very high predictive accuracy using the above method as the most contributing

neuron often does have a completely different role than the target class. However if we study

the same network with different neuron description methods, we would expect a better neuron

description method would return a higher prediction accuracy, assuming at least some of the

important neurons indeed do have similar role to the class itself. This method has the benefit of

being automated, going beyond visualizing few most highly activating images and being able to

analyze hidden layer description quality. We think methods like this are an interesting future

direction for evaluating neuron description methods.

A.1.7 Visualizing wider range of activations

So far our qualitative evaluation has focused on whether the description matches the

5 or 10 images in Dprobe that activate the neuron the most. However this does not give a full

picture of the function of the neuron, and in this section we explore how the neurons activate

on a wider range of input images. In particular, in Figures A.7 and A.8 we visualize the most

interpretable neurons of two layers of ResNet-18 (Places 365) and ResNet-50 (ImageNet) by

uniformly sampling images from the top 0.1%, 1% 5% of most highly activating images. We

can see that the descriptions tend to match quite well for the 0.1% of most highly activating

images, but the top 1% and top 5% images start to be of quite different concepts only slightly

related to the description. We also notice that low level concepts like colors tend to be more

consistently represented in top 1% and 5% images while higher level concepts are not. This

result is somewhat expected as the Dprobe does not have that many images for each higher level

concept, but highlights the need to explore neuron activations beyond just the few most highly

activated images.
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Figure A.7. Most interpretable neurons of ResNet-18, showcasing randomly sampled images of
a wide range of most highly activating images for that neuron.
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Figure A.8. Most interpretable neurons of ResNet-50, showcasing randomly sampled images of
a wide range of most highly activating images for that neuron.
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A.1.8 Interpretability cutoff

Our method can also be used to quantify which neurons are ’interpretable’. Since each

description for a neuron is associated with a similarity score, and the higher the similarity the

more accurate the description, we consider a neuron k with description t as interpretable if

sim(t,qk;P) > τ . To choose the best cutoff τ , we leverage our experiment in section A.1.10.

In particular, we choose the lowest τ such that interpretable neurons will have an average

description score of 0.75 or higher (compared to 0.655 of all neurons). This gives us a cutoff

threshold τ = 0.16 with the proposed SoftWPMI similarity function. In contrast, the neurons

with SoftWPMI ≤ τ have an average description score of 0.5257, which is lower than that of

interpretable neurons (0.75) and all neurons (0.655). Thus, it suggests that the similarity score

of SoftWPMI is a useful indicator of description quality. Using this cutoff τ , we find 69.7%

of neurons in ResNet-18 (Places-365) and 77.8% of neurons in ResNet-50 (ImageNet) to be

interpretable, indicating that around 20-30% of neurons do not have a simple explanation for

their functionality, i.e. are ’uninterpretable’.

A.1.9 Qualitative effect of similarity function

Figure A.9 shows the descriptions generated by our CLIP-Dissect when using simple

cosine similarity as the similarity function. As we can see the performance is very poor,

only adequately describing one of the 8 neurons displayed, highlighting the need for more

sophisticated similarity functions we introduced.
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Figure A.9. Explanations for same neurons as Figure 1.1 showcasing the qualitative difference
between using a simple cos similarity as the similarity function for CLIP-Dissect vs our best
performing SoftWPMI similarity function.

A.1.10 Larger scale experiment on description quality

In this section we perform a larger scale analysis of the neuron description quality

provided by CLIP-Dissect. We evaluated the description quality of 50 randomly selected

neurons for each of the 5 layers and 2 models studied, for a total of 1000 evaluations. Each

evaluator was presented with 10 most highly activating images, and answered the question:

”Does the description: ’{}’ match this set of images?” An example of the user interface is shown

in Figure A.10. Each evaluation had three options which we used with the following guidelines:

• Yes - Most of the 10 images are well described by this description

• Maybe - Around half (i.e. 3-6) of the images are well described, or most images are

described relatively well (accurate but too generic, or slightly inaccurate)

• No - Most images are poorly described by this caption
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Figure A.10. Example of the user interface for our evaluation of description quality.

These evaluations were turned into a numeric score with the following formula: yes:1,

maybe:0.5, no:0. Table A.1 shows the average description score across different neurons and

evaluators for each of the layers evaluated. This average score can be thought of as the percentage

of neurons well described. We observed that overall the descriptions are good for 55-80% of

neurons depending on the layer, with the average score across all evaluations being 0.655. In

addition we notice that the very early and very late layers are most interpretable, corresponding

to clear low or high level concepts, while the middle layers seem to be harder to describe. It is

worth noting that we are evaluating random neurons here, i.e. the neurons are selected randomly,

so the displayed neuron may not be interpretable in the first place – in many cases when the

description does not match are because the neuron itself is not ’interpretable’, i.e. there is no

simple description that corresponds to the neurons functionality.

Even with the evaluation guidelines described above, these evaluations are subjective,
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Table A.1. The average description scores of the CLIP-Dissect descriptions for neurons of
different layers. An average score of 1.0 indicates all descriptions match the neurons highly
activating images, 0.0 means none do, and 0.5 could mean anything from all neurons ’maybe’
match or half the neurons fully match and half don’t at all.

Model\Layer conv1 layer1 layer2 layer3 layer4

ResNet-18 (Places 365) 0.805 0.635 0.635 0.410 0.695
ResNet-50 (ImageNet) 0.815 0.670 0.550 0.640 0.695

and we found that our two evaluators agreed on 68.4% of the neurons with the vast majority of

disagreements being between yes/maybe or maybe/no, with only 2.4% of neurons having a yes

from one evaluator and no from another. For transparency, we have included all 50 neurons, their

descriptions and two evaluator’s evaluations (E1, E2) of these descriptions for ResNet-50 layer

conv1 in Figures A.11, A.12 and A.13 and for ResNet-50 layer4 in Figures A.14, A.15 and A.16
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Figure A.11. Random neurons of ’conv1’ in ResNet-50 (ImageNet), and E1, E2’s evaluation on
the description of CLIP-Dissect (PART 1).
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Figure A.12. Random neurons of ’conv1’ in ResNet-50 (ImageNet), and E1, E2’s evaluation on
the description of CLIP-Dissect (PART 2)
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Figure A.13. Random neurons of ’conv1’ in ResNet-50 (ImageNet), and E1, E2’s evaluation on
the description of CLIP-Dissect (PART 3)
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Figure A.14. Random neurons of ’layer 4’ in ResNet-18 (Places 365), and E1, E2’s evaluation
on the description of CLIP-Dissect (PART 1)
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Figure A.15. Random neurons of ’layer 4’ in ResNet-18 (Places 365), and E1, E2’s evaluation
on the description of CLIP-Dissect (PART 2)
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Figure A.16. Random neurons of ’layer 4’ in ResNet-18 (Places 365), and E1, E2’s evaluation
on the description of CLIP-Dissect (PART 3)
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A.2 Crowdsourced evaluation of description quality

Note: The results in this section were added after ICLR camera ready to further study the

effectiveness of our proposed method, and it is not included in the official ICLR paper.

To get a more objective quantitative measure of the quality of our neuron descriptions,

we conducted a large scale study on Amazon Mechanical Turk. The results from this study

were in line with our evaluation in Section A.1.10, showing that on average users agree with

CLIP-Dissect’s descriptions and that neurons in very early and very late layers are the most

explainable.

A.2.1 Setup

We evaluated 200 random neurons per layer (or all neurons for layers with < 200

neurons), in the same 5 layers per model as in Section A.1.10, for both ResNet-50(ImageNet)

and ResNet-18(Places). Each neurons’ description was evaluated by 3 raters. The neurons we

evaluated were a superset of the neurons evaluated in Section A.1.10. The task interface is

similar to that used in Section A.1.10, where we evaluated how well the 10 most highly activating

images match the description. However, we changed the rating scale to a five point scale (1 -

Strongly Disagree with description, 5 - Strongly Agree with description). The study interface is

shown in Figure A.17.

To generate the descriptions we used the union of ImageNet validation dataset and

Broden as Dprobe, the SoftWPMI similarity function, and 20k most common English words as

the concept set.

We used raters in the United States, with greater than 98% approval rating and at least

10000 previously approved HITs. Users were paid $0.05 per task. Our experiment was deemed

exempt from IRB approval by the UCSD IRB Board.
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Figure A.17. User Interface for our Mechanical Turk study.

A.2.2 Results

The results of our experiment are shown in Table A.2. We can see that on average, users

agreed with our explanations, with the average rating across both models and layers being 3.57

out of 5. In addition, the results agree well with our previous experiment in Section A.1.10,

showing earliest and latest layers are most interpretable.

As a baseline/sanity test, we evaluated 10 neurons per layer with their description

randomly chosen from the concept set. These descriptions reached an average score of 2.61,

which is much lower than CLIP-Dissect explanations (3.57), but still higher than we would

expect, indicating there’s some noise in crowdsourced evaluations.

In summary we have shown that our descriptions are clearly better than random on a

large scale crowdsourced study, and the findings from our study in Section A.1.10 hold for larger

study with more neurons and more evaluators.
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Table A.2. Results of our crowdsourced experiment. Each number is the average rating (1-5)
across evaluators and neurons for that layer. We can see the average scores are between Neutral
and Agree, with little difference between the two models, and highest agreement on the lowest
and the highest layers.

Model\layer conv1 layer1 layer2 layer3 layer4

ResNet-18 3.83 3.58 3.56 3.33 3.71
ResNet-50 3.90 3.48 3.41 3.38 3.50
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Appendix B

Supplementary Material for Chapter 2

B.1 Appendix: Additional Information

B.1.1 Limitations

One limitation of our current method is that it does not take into account the location

specific activations. This does not change our results on second-to-last layer neurons which

is our main focus, but hinders our ability to explain and simulate lower layers well. However

this not a fundamental feature of the method, rather an effect of the tools and data we use.

Concept-activation matrix P doesn’t have to be at the level of images. We can similarly instead

run the same method with pixel/superpixel level supervision using for example Broden [6] labels,

or an open-vocabulary semantic segmentation model such as [106]. This will however increase

the computational cost as we will have to deal with much larger P, and is a limitation we aim to

address in the future.

Another limitation is that the simulation scores we achieve, while better than existing

methods are still quite low, especially ablation. While this is in line with previous work [9], it is

worth discussing. This could be caused by 3 things: 1. Neurons are inherently not interpretable, 2.

Our explanations are not good enough or 3. Our simulator is not good enough. While significant

gains can definitely be made improving the simulator and explanations (and they can easily be

replaced in our pipeline by more powerful models in the future), we believe a large portion of

the challenge is caused by the neurons inherently not having a simple explanation. However,
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recent work in language models [14, 18] shows promise that we can generate more interpretable

units of inspection via methods like sparse autoencoders, to which our method can be applied

out-of-the-box.

B.1.2 Additional Related Work: Input Importance

A lot of classical explainable AI methods are focused on a different problem from ours,

specifically that of Input Importance, where the goal is to answer the question: Which parts

of input x are the most important in the model making prediction f (x)?. In contrast, our work

is a neuron explanation method, where the goal of our work is to answer the question: Given a

neural network model f , what are the functionalities of each individual neuron?.

For example, the LIME paper [80] is a popular Input Importance work using linear

methods for that task. We will use it to illustrate the major difference between the input

importance methods and our neuron explanation method.

3 main differences between our method and LIME [80]:

1. Goal: LIME aims to explain the final prediction of a model with respect to an input, while

we explain a single hidden layer neuron.

2. Scope: We produce global explanations, while LIME learns a local explanation that only

works close to a specific input.

3. Input: Lime learns a linear model in terms of input features (or groups of input features),

while our method creates an explanation based on interpretable concepts.

B.1.3 Greedy search algorithm

Algorithm 1 shows the details of our greedy search procedure discussed in Section 2.3.

For the tolerance ε , we only add another concept if it improves the correlation(on validation set)

between predicted and actual neuron values by more than ε . In our experiments, (v,r,ε) are set

to be 10, 10, 0.02 respectively.

131



Algorithm 1. Greedy search. Python pseudo-code.

SC = {} #selected concepts
BC = {} #bad concepts
ρ∗ = 0 #best correlation
while |SC|< v do

CC = {}
while |CC|< r do

CC.add(argmaxi/∈CC∪SC∪BC(wk,i))
end while
ρ ′ = ρ∗ #current best corr
for j in CC do

model = train model(Ptrain
SC∪ j, qtrain

k )
ρ = get correlation(model, qval

k )
if ρ < ρ∗+ ε then

BC.add( j) #concept is bad
else if ρ > ρ ′ then

ρ ′ = ρ

best c = j
end if

end for
if ρ ′ < ρ∗+ ε then

break #early stop if no improvement
else

SC.add(best c)
ρ∗ = ρ ′

end if
end while
return SC

B.1.4 Explanation length

Table B.1. Average Explanation lenghts of our method for second to last layer neurons of
different models discussed in Table 2.2.

Target model LE (Label) LE (SigLIP)

ResNet-50 (ImageNet) 4.37 4.68
ResNet-18 (Places365) 4.70 4.25
VGG-16 (CIFAR-100) 7.60 6.08
ViT-B/16 (ImageNet) 1.97 1.82
ViT-L/32 (ImageNet) 1.53 1.51
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Table B.1 shows the average explanation lengths of our methods for second to last layers

of different models. We can see that explanation lengths vary quite a bit, with in particular

ViT neurons having short explanations. We think this is likely caused by the fact that the MLP

neurons we studied in ViT seem to be more bimodal, either being very uninterpretable or rather

monosemantic and interpretable, both of which result in short explanations in our case. If more

similar explanation lengths are desired, this can be achieved by tuning the tolerance parameter of

the greedy search for each model.
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B.2 Appendix: Ablations

B.2.1 Different simulator model.

Since both our simulator and SigLIP explainer model use a similar (but different) model

from the SigLIP family, it is natural to ask whether the good performance is caused by this

similarity of models. To address this, we redo our simulation with correlation scoring experiment

(Table 2.2) using a simulator model from original CLIP [77] family, namely CLIP-ViT-L-14-

336. Results are shown in Table B.2. We can see the that all scores are lower than with our

original simulator model (SigLIP-SO400M-14-386), likely because this CLIP model is not as

powerful and it is not designed for multilabel classification required from a simulator. Our Linear

Explanation (SigLIP)’s performance is reduced the most by switching the simulator model,

indicating that using a related simulator model does boost it’s performance, but it is still the best

method with a different simulator.

Table B.2. Correlation scores of different explanations in layer4 of the models, using CLIP
ViT-L-14-336 as the simulator model. Results are similar to Table 2.2, but all methods score
lower, probably due to weaker simulator model.

Target model Net Dissect MILAN CLIP-Dissect LE (Label) LE (SigLIP)
ResNet-50 (ImageNet) 0.1003 0.0789 0.1725 0.2545 0.2961
ResNet-18 (Places365) 0.1626 0.1279 0.1951 0.2825 0.3154

B.2.2 Different concept sets

In table B.3, we tested how the choice of concept set affects the results of our LE(SigLIP).

We compared our original (class labels + Broden labels + common nouns) against two alternatives:

20k, a set of 20,000 most common English words from [68], as well as only using the ImageNet

class labels. We can see our concept set noticeably outperforms both alternative choices.

Interestingly it even outperforms the larger 20k concept set, perhaps because it is more noisy and

lacking some more precise terms(class names) useful in describing ImageNet images.
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Table B.3. Average simulation correlation scores for final layer neurons of ResNet-50(ImageNet)
layer4 of LE(SigLIP) with different choices of concept set. We can see our concept set performs
the best. Number in brackets represents the size of the concept set

Concept set Correlation score

Original (8438) 0.3772
20k (20,000) 0.3561
ImageNet labels (1000) 0.3378

B.2.3 Different explainer model

We also conducted a study testing the importance of the choice of explainer model for

the performance of LE(SigLIP). In particular, we replaced our original explainer SigLIP-ViT-L-

16-384 with CLIP ViT-L-14-336 from the original CLIP paper [77]. From the results in Table

B.4 we can see a stronger explainer model makes a big difference, but even when using a weaker

CLIP model our method outperforms other methods.

Table B.4. Comparison of different explainer models for LE(SigLIP) on laeyr4 neurons of
ResNet-50(ImageNet).

Explainer model Correlation score

Original (SigLIP-ViT-L-16-384) 0.3772
CLIP ViT-L-14-336 0.3243

B.2.4 No greedy search

To assess how important our greedy search procedure described in section 2.3.2 is for

explanation quality, we evaluated our method without the greedy search procedure by simply

taking the top-k concepts of our relatively sparse wk (with weights retrained with top-k concepts

only) as the final explanation for the neuron. Simulation results are shown in Table B.5. Overall

the results are mixed, showing we can reach roughly similar quality explanations without the

greedy search, but we still find using it preferable as greedy search can dynamically determine

the desired explanation length for each neuron, giving longer descriptions to more complex

neurons and simple explanations to monosemantic neurons.
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Table B.5. Average correlation score of different explanations for neurons in layer4 of ResNet-
50(ImageNet). Number in brackets is the average description length.

Method LE(label) LE(siglip)

Original 0.2924 (4.37) 0.3772 (4.68)
No greedy search (top-5) 0.3136 (5.00) 0.3767 (5.00)
No greedy search (top-4) 0.2962 (4.00) 0.3548 (4.00)

B.2.5 Scaling for Simulation with Ablation Scoring

In section 2.4 we define our ablation scoring function αinit(k,D ,E,c,d). This requires

finding the optimal scaling parameters c∗ and d∗. For our main results we used the optimization

method for finding these parameters:

Optim:

c∗,d∗ = argmax
c,d

αinit(k,Dval
probe,E,c,d) (B.1)

In contrast, [9] use a closed form solution intended to maximize the explained variance

to select these parameters. In their method (which we will call Norm):

Norm:

Let

ρval(k,E) = ∑
x∈Dval

probe

ŝ(x,E) · ĝ(Ak(x))
|Dval

probe|
(B.2)

where ŝ and ĝ(Ak(x)) are normalized to have mean 0 and standard deviation 1 on the

validation set. Then:

c∗ = ρval(k,E) ·
σ(Dval

probe,g(Ak(·)))
σ(Dval

probe,s(·,E))
(B.3)

d∗ =−c∗ ·µ(Dval
probe,s(·,E))+µ(Dval

probe,g(Ak(·))) (B.4)
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where:

µ(D , f ) =
1
|D | ∑

xi∈D
f (xi) (B.5)

σ(D , f ) =

√
∑xi∈D( f (xi)−µ(D , f ))2

|D |
(B.6)

This is theoretically justified as maximizing the explained variance of the neuron. How-

ever, our goal is not to maximize explained variance, which leads us to believe direct optimization

might be more effective (Optim). In table B.6 we compare the two methods when evaluating

explanations for layer4 neurons of ResNet-50(ImageNet). We can see the optimization method

results in noticeably (20-50%) larger ablation scores overall, but doesn’t affect the order between

explanation methods.

However, optim requires several (100 in our experiments) backwards passes over the

validation data, and as such is much more computationally costly. For second to last layer

neurons this can be done very efficiently with only a few seconds per neuron, but for evaluating

earlier layers the Norm strategy is likely better.

Table B.6. Testing the scaling function for ablation scoring with simulation. Average ablation
score across all neurons in layer4 of ResNet-50(ImageNet). We can see optimizing the scaling
parameters c, d results in a 20-50% increase in ablation scores, while not affecting the ordering
between methods.

Scaling
Method

Network
Dissection MILAN CLIP-Dissect LE(Label) LE(SigLIP)

Norm 0.0118 ± 0.0004 0.0092 ± 0.0004 0.0187 ± 0.0005 0.0334 ± 0.0007 0.0602 ± 0.0009
Optim 0.0165 ± 0.0003 0.0137 ± 0.0003 0.0215 ± 0.0004 0.0433 ± 0.0007 0.0727 ± 0.0008
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B.3 Appendix: Additional Results

B.3.1 Additional layers.

ResNet lower layer neurons.

Table B.7 and B.8 show the correlation scores of different methods across different layers

of ResNet-50(ImageNet) and ResNet-18(Places365). We can see performance significantly

degrades on the lower layers, which we think is partially caused by neuron functions being

harder to describe, but also because our simulator cannot simulate pixel level activations, which

becomes more impactful when describing lower layer neurons. However we can still see Linear

Explanation, especially with SigLIP continues to outperform all existing methods. Finally in

Table B.9 we report the results on two different layers on VGG-16.

Table B.7. Average correlation scores of explanations by different methods on different layers of
ResNet-50 trained on ImageNet. We can see correlation scores noticeably decrease on lower
layers, but Linear Explanations perform the best on all layers. The number in brackets represents
average number of concepts per explanation.

Target layer
Network
Dissection MILAN CLIP-Dissect

Linear Explanation
(Label)

Linear Explanation
(SigLIP)

layer1 0.0313 0.0430 0.0670 0.1008 (1.98) 0.2313 (3.32)
layer2 0.0324 0.0242 0.0527 0.1037 (1.91) 0.2180 (3.22)
layer3 0.0794 0.0773 0.1045 0.1308 (2.32) 0.2652 (3.69)
layer4 0.1231 0.0920 0.1871 0.2924 (4.37) 0.3772 (4.68)

Table B.8. Average correlation scores of explanations by different methods on different layers of
ResNet-18 trained on Places365. The number in brackets represents average number of concepts
per explanation.

Target layer
Network
Dissection MILAN CLIP-Dissect

Linear Explanation
(Label)

Linear Explanation
(SigLIP)

layer1 0.0223 0.0344 0.0603 0.1384 (2.42) 0.2574 (3.66)
layer2 0.0261 0.0154 0.0419 0.1351 (2.41) 0.2803 (3.84)
layer3 0.0727 0.0768 0.0704 0.1593 (2.73) 0.2842 (3.71)
layer4 0.2038 0.1557 0.2208 0.3388 (4.70) 0.4372 (4.25)
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Table B.9. Average correlation score across neurons in different layers of VGG16(CIFAR100).
We tested the second to last layer (features[4]) which is a fully connected layer, as well as the
last convolutional layer features[43]. Number in brackets is average explanation length. Both
layers reach quite high correlation scores, but require long explanations, indicating the neurons
are polysemantic.

Model Target layer CLIP-Dissect LE(label) LE(SigLIP)

VGG16 (CIFAR100)
classifier[4]
(second to last, fc) 0.2298 0.4330 (7.60) 0.4970 (6.08)

VGG16 (CIFAR100)
features[43]
(last CNN) 0.2616 0.5107 (7.58) 0.5430 (6.07)

Different layers of ViT

In table B.10, we study the interpretability of different layers in ViT models. We can see

that the residual stream neurons are in general noticeably less interpretable than the MLP neurons.

This is likely caused by the fact that the residual stream does not (mostly) have a ”priviliged

basis”, which means individual neurons are not more interpretable than random directions in the

activation space. In other layers/architectures such a priviliged basis is created by axis-aligned

activation functions such as ReLU. See [21] for more discussion on priviliged bases. Because of

this, we focus on analyzing the MLP neurons in our work. This is in line with work investigating

individual neurons in transformer language models, which typically focus on these MLP neurons.

Interestingly, we found that some of the neurons in the MLP layers were extremely interpretable

with the highest correlation scores > 0.9, which we did not see in CNN models. On the other

hand, the MLP layer also had several lowly activating/dead neurons that were not particularly

interpretable, bringing down the average.

When evaluating the final layer neurons of ViT (both residual stream and MLP), we only

recorded the activations of the CLS token, as this is the only part passed on to the classification

head, and the other activations do not matter. For earlier ViT layers, we took average across

the CLS token and all spatial activations, though further research is needed to better know how

important the CLS token is compared to spatial activations at different layers of the network.
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Table B.10. Average simulation correlation scores of different methods for different layers of
ViT-B-16. We can see MLP layers are more interpretable on average than the residual stream.

Model Target layer CLIP-Dissect LE(label) LE(SigLIP)

ViT-B/16 (ImageNet) 11/11 - Residual Stream (end) 0.0326 0.0813 0.1455
ViT-B/16 (ImageNet) 11/11 - MLP 0.1722 0.3243 0.3489
ViT-B/16 (ImageNet) 10/11 - Residual Stream (end) 0.0860 0.1293 0.2643
ViT-B/16 (ImageNet) 10/11 - MLP 0.1067 0.1940 0.3088

B.3.2 Dead neurons in ViT

When investigating the neurons in Vision Transformer, we came across a curious phe-

nomenon: several neurons of the MLP layers are completely dead, i.e. don’t activate on any

inputs. Such neurons are not meaningful to explain, and seem to waste model capacity. This

was especially noticeable in our Experiments with ViT-L/16, where every single neuron in the

last transformer block is dead. We tested this further, and found that the last (23rd) transformer

layer does not do anything, and can be deleted from the model without affecting classification

accuracy at all. Because of this weirdness, we did not include ViT-L/16 in our main results and

instead used ViT-L/32.

In Table B.11 we quantify the number of dead neurons in the second to last layer of

different models (same layers as in Table 2.2). We defined a neuron as dead if it’s maximum

activation was < 0.01 across the probing data. We can see other ViT models suffer from some

dead neurons but not very many, with ViT-L/16 being an outlier. The CNN based models have

no dead neurons.

Table B.11. Fraction of dead neurons in different models.

Target model
ResNet-50
(ImageNet)

ResNet-18
(Places-365)

VGG-16
(CIFAR-100)

ViT-B/16
(ImageNet)

ViT-L/32
(ImageNet)

ViT-L/16
(ImageNet)

Dead neurons: 0% 0% 0% 5.27% 6.57% 100%

In Table B.12, we report the average correlation scores on ”active” neurons only, i.e. we

don’t count the dead neurons for models with some dead neurons. Overall this does not make a
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big change as the fraction of dead neurons was quite small, but most scores improve by around

5% over Table 2.2, which is roughly the fraction of dead neurons.

Table B.12. Average correlations scores of different explanation methods without dead neurons
on ViT. We can see this improves average correlation scores by around 5% over Table 2.2

Target model CLIP-Dissect LE (Label) LE (SigLIP)

ViT-B/16 (ImageNet) 0.1807 +- 0.004 0.3399 +- 0.005 0.3629 +- 0.005
ViT-L/32 (ImageNet) 0.0590 +- 0.002 0.1984 +- 0.004 0.2254 +- 0.004
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B.3.3 Additional Qualitative Results

In Figures B.1, B.2, B.3, B.4, B.5 we display our explanations as well as previous work

for several neurons from layer4 of ResNet-50, and show that our explanations generally capture

the neurons behavior well, even if it doesn’t have a simple function. In addition, we notice

that the LE(Label) and LE(SigLIP) methods typically produce similar concepts, but SigLIP

version often returns higher weights for these. This is likely due to differences in concept

activation matrices P used by the two models, and highlights the need to calibrate the magnitude

of predictions when simulating to align these with the simulator.

In Figures B.6, B.7, B.8, B.9, B.10 we display similar figures for other models. Some

interesting things we can see are that in the case on extremely monosemantic neurons, such as

ViT-B/16 neuron 1541 in Figure B.9, our method correctly returns only one concept explanation

for that neuron, and that concept is more accurate than that of CLIP-Dissect. We also found

a rather interesting neuron activating on both military ships/aircraft as well as bald eagles as

shown in Figure B.10, which our methods described very accurately.

Figure B.1. Example interpretable neurons.
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Figure B.2. Example interpretable neurons.

Figure B.3. Randomly selected neurons.
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Figure B.4. Randomly selected neurons.

Figure B.5. Randomly selected neurons.
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Figure B.6. Example interpretable neurons of ResNet-18(Places365).

Figure B.7. Example interpretable neurons of ResNet-18(Places365).
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Figure B.8. Example interpretable neurons of VGG-16(CIFAR-100).

Figure B.9. Example interpretable neurons of ViT-B/16(ImageNet).
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Figure B.10. Example interpretable neurons of ViT-L/32.
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Appendix C

Supplementary Material for Chapter 3

C.1 Metric Definition & Details

C.1.1 Binarization

Many popular metrics in the literature require inputs to be binary such as [6, 42]. Since

neuron activations and concept activations from some sources are continuous, we need to binarize

these vectors. We denote this with the binarization function B : Rn→{0,1}n.

Typically for neuron activation ak, following previous work we use B = topα , where we

take top α fraction of activations to be 1, and others to be 0. We formalize this as topα(z):

[topα(z)]i =


1 if zi ≥ bα ;

0 otherwise
(C.1)

where bα satisfies ∑
n
i=1

1[zi≥bα ]
n = α , and z ∈ Rn. For example, if α = 0.05, then topα has 1’s

for inputs with activations in top-5%, and 0 for others. Note α is a hyperparameter needed for

all binary similarity functions. We typically select α independently for each metric by finding

the value that performs the best on a small validation split of neurons. For concept vectors ct , we
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usually binarize simply by rounding, denoted as B = r, where:

[r(z)]i =


1 if zi ≥ 0.5

0 if zi < 0.5
(C.2)

C.1.2 Simulation vs Classification Framing

Simulation:

In our definitions in section 3.3 we use the neuron activation ak as the ground truth, and

concept presence ct as our prediction. This corresponds to framing the evaluation as simulation,

i.e. trying to predict neuron activation based on concept value. Given this, we can express the

Binary Classification Confusion Matrix elements (True Positive (TP), False Positive (FP), False

Negative (FN) and True Negative (TN)) in terms of the vectors ak and ct as:

TP = B(ak) ·B(ct), FP = B(ak) ·B(ct),

FN = B(ak) ·B(ct), TN = B(ak) ·B(ct),

where B(·) represents element-wise NOT operation on the binary vector (equivalent to

1−B(·) where 1 is a vector of all 1’s.)

This corresponds to seeing the explanation from a simulation point of view, i.e. our goal

is to predict how the neuron activates, based on the neuron’s explanation and current inputs. This

gives us binary classification metric definitions that are aligned with those of [42].

Classification:

However this is an arbitrary choice, and we could just as well define ct as the ground

truth and ak as the prediction. This corresponds to a classification view, where our goal is to use

neuron k as a classifier for concept t. In terms of metrics, this doesn’t change the definitions for

True Positive (TP) or True Negative (TN), but it switches the places of False Positive and False

Negative, i.e.

149



TPcls = B(ak) ·B(ct) = TPsim

FPcls = B(ak) ·B(ct) = FNsim

FNcls = B(ak) ·B(ct) = FPsim

TNcls = B(ak) ·B(ct) = TNsim

This change in framing also affects for metrics which are not symmetric in terms of False

Positives and False Negatives. For example, Recall(simulation) = Precision(classification), and

Precision(simulation) = Recall(classification).

Recall(simulation) =
TPsim

TPsim +FNsim
=

TPcls

TPcls +FPcls
= Precision(classification)

The other binary metric that is sensitive to this framing is balanced accuracy. The metric

we call Balanced Accuracy in Appendix C.1.3 corresponds to the simulation version of Balanced

Accuracy, so for completeness sake we also include Inverse Balanced Accuracy (Appendix

C.1.3), which is the classification version.

Of the non-binary metrics, AUC and AUPRC are sensitive to this framing, and the

standard versions AUC and AUPRC we define in Appendix C.1.3 are AUC(simulation) and

AUPRC(simulation), while we also include classification versions of these metrics labeled as

Inverse AUC/AUPRC.

We note that some related works use the simulation framing, while others such as [114]

use the classification framing, which leads to conflicting definitions of Precision and other

metrics.
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C.1.3 Additional Metric Definitions

1. Accuracy: Standard binary accuracy. Percentage of time the neuron activation matches

concept activation.

sAcc =
T P+T N

T P+FP+FN +T N
=

B(ak) ·B(ct)+(1−B(ak)) · (1−B(ct))

n
(C.3)

2. F1-score: F1-score is the harmonic mean of precision and recall, and can be expressed as:

sF1 =
2 ·B(ak) ·B(ct)

||B(ak)||1 + ||B(ct)||1
(C.4)

3. Balanced Accuracy: A version of accuracy designed for imbalanced datasets that averages

the accuracy on positive and negative inputs.

sBA =
B(ak) ·B(ct)

2||B(ak)||1
+

(1−B(ak)) · (1−B(ct))

2||(1−B(ak))||1
(C.5)

4. Inverse Balanced Accuracy: Balanced accuracy but we consider ak to be the prediction

and ct to be the ground truth.

sIBA =
B(ak) ·B(ct)

2||B(ct)||1
+

(1−B(ak)) · (1−B(ct))

2||(1−B(ct))||1
(C.6)

5. AUC: Area under ROC curve also known as AUROC, can be efficiently calculated as:

sAUC =
∑i|B(ak)i=0 ∑ j|B(ak) j=11[cti < ct j]+0.5 ·1[cti = ct j]

||B(ak)||1||1−B(ak)||1
(C.7)

6. Inverse AUC: Area under receiving-operating-characteristics(AUROC) curve, where we

consider ak to be the prediction and ct to be the ground truth(classification framing).

151



sIAUC =
∑i|B(ct)i=0 ∑ j|B(ct) j=11[aki < ak j]+0.5 ·1[aki = ak j]

||B(ct)||1||1−B(ct)||1
(C.8)

7. Spearman Correlation: The Spearman correlation is equivalent to the Pearson Correlation

between the ranks of elements.

sSpear =
1
n
(R(ak)−µ(R(ak))) · (R(ct)−µ(R(ct)))

σ(R(ak))σ(R(ct))
(C.9)

Here R is a function that elementwise returns the ranks of each element.

8. Cosine similarity: The standard cosine similarity between two vectors.

scos =
ak · ct

||ak||2||ct ||2
(C.10)

9. WPMI: Weighted pointwise-mutual information. A version of this objective is used by

[39] and [68] to generate explanations, and by [68] to evaluate said explanations.

sWPMI = ∑
i|B(ak)i=1

[log(cti)−λ log(µ(ct))] (C.11)

In the above equations n is the length of ak and ct , µ calculates the mean of the vector

and σ its standard deviation. λ is a hyperparameter and R is the rank operator, which

transforms each element to its rank, with smallest element becoming 1 and largest n.

10. AUPRC: Area Under Precision-Recall Curve(AUPRC) is a popular metric for measuring

classification performance, in particular for imbalanced data. While we are not aware of a

closed form solution, it can be calculated as:

(a) Calculate precision and recall at each threshold τi, where threshold contains distinct

values of ct . Recall Ri =
B(ak)1(ct≥τi)
∥B(ak)∥1

, precision Pi =
B(ak)1(ct≥τi)
∥1(ct≥τi)∥1

.
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(b) Calculate area under precision-recall curve using numerical integral:

sAUPRC = ∑
n
(Ri−Ri−1)Pi

AUPRC outputs values in [0,1] range.

11. Inverse AUPRC: Same as AUPRC, but with a differenct framing so we flip ct and ak in

the calculations.

See Tables C.1 and C.2 for additional details on our metrics.

C.1.4 Equivalences

During our analysis we also notice that certain separate metrics are equivalent or very

similar to each other.

Correlation and Cosine similarity:

Calculating correlation between two vectors is equal to normalizing each vector to have

mean 0 and then taking their cosine similarity, as shown below:

Let x̂ = x−µ(x) for any vector x. Then

Cosine(âk, ĉt) =
âk · ĉt

||âk||2||ĉt ||2
=

(ak−µ(ak)) · (ct−µ(ct))√
nσ(ak)

√
nσ(ct)

=

1
n
(ak−µ(ak)) · (ct−µ(ct))

σ(ak)σ(ct)
= Correlation(ak,ct) (C.12)

This explains why the two perform very similarly in our evaluations.

IoU and F1-score:

Below we show that IoU and F1-score are very closely related. In fact, F1-score can be

written as a monotonously increasing function of IoU. This means that for any vectors x1,y1,x2,y2,

IoU(x1,y1)< IoU(x2,y2)→ F1(x1,y1)< F1(x2,y2), so for the purposes of comparing similarites
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they behave identically, and the choice of which one to use doesn’t matter. As their performance

was exactly the same in all tasks, we report them in the same row in Table 3.4.

Intersection over Union (IoU) also known as Jaccard index is defined as

IoU =
T P

T P+FP+FN
(C.13)

while F1-score also known as Dice-score is defined as:

F1 =
2T P

2T P+FP+FN
(C.14)

Now

F1 =
2T P

2T P+FP+FN
=

2T P
T P+FP+FN

· T P+FP+FN
2T P+FP+FN

(C.15)

= 2IoU ·
(

2T P+FP+FN
T P+FP+FN

)−1

=
2 · IoU

IoU+1
(C.16)

Which is monotonously increasing for 0 ≤ IoU ≤ 1. So using either metric gives the

same comparative results.
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Table C.1. Definition of commonly-used binary classification metrics. Here, TP, FP, TN, FN
refer to true positive, false positive, true negative and false negative, respectively.

Metric Definition Range
Recall TP / (TP + FN) [0,1]
Precision TP / (TP + FP) [0,1]
F1-score 2TP / (2TP + FP + FN) [0,1]
IoU TP / (TP + FP + FN) [0,1]

Accuracy
(TP + TN) / (TP + FP + TN +
FN)

[0,1]

Balanced accuracy
[TP / (TP + FN) + TN / (TN +
FP)] / 2

[0,1]

Inverse balanced accuracy (classification
version of balanced accuracy (see App.
C.1.2))

[TP / (TP + FP) + TN / (TN +
FN)]

[0,1]

Table C.2. Definition of other commonly-used metrics. Here, x,y ∈ RN are two real vectors, x̄, ȳ
refer to the mean of x,y.

Metric Definition Range

AUC (swap x and
y to get inverse
AUC)

∑yi=1 ∑y j=0[1{xi > x j}+0.5∗1{xi = x j}]
|y = 1||y = 0|

[0,1]

Correlation
∑(xi− x̄)(yi− ȳ)√

∑(xi− x̄)2 ∑(yi− ȳ)2 [−1,1]

Spearman correla-
tion

Replace x,y to corresponding rank R(x),R(y) in
correlation

[−1,1]

Cosine
∑xiyi

∥x∥2∥y∥2
[−1,1]

WPMI log p(x | y)−λ log(p(x)) (−∞,∞)

MAD
∑yi=1 xi

|yi = 1|
−

∑yi=0 xi

|yi = 0| (−∞,∞)
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C.2 Discussion

C.2.1 Generative Model based Evaluation and missing labels test

ct from Generative Models: Evaluation methods that use generative models to generate

new data [51, 86, 88] effectively define the concept vector [ct ]i = 1 if xi was generated with

prompt t, and 0 otherwise. However, this concept vector is incomplete, as some of ”negative”

examples that were not generated with that prompt may still contain the concept. In effect, the

concept vector ct is actually naturally missing labels similar to c−t from our missing labels test.

This is because the generated inputs serve as positive labels for ct , but the negative inputs are

often taken to just be all inputs from a dataset, even though some of actually do have the concept

t. So the ct we get from generative models is actually randomly missing a potentially large

portion of the labels. Because of this, most evaluation methods using generative ct in Table

3.1 use methods that fail the missing labels test such as Inverse AUC and MAD. In fact, this is

desirable with this concept source, as the missing labels in ct do not affect the explanation score

with these metrics. However, these metrics alone should not be relied for evaluation.

Potential Solutions and Future Directions: The best way to use generative models in

evaluation might be to combine them with another evaluation that doesn’t fail the missing labels

test, as is done by [42] who measure Precision using generated data, and measure Recall on

existing data with model based pseudo-labels and combine these results into F1-score. A useful

evaluation in this vein could also be using a crowdsourced evaluation to measure Recall, and

combining that with generative model based evaluation of Precision. Another option would be

to not use the ct derived from prompt directly, but instead use another model to estimate ct on

all inputs, not just generated ones which would avoid the missing labels problem. Finally an

interesting direction would be to look into combinations of other metrics, for example could AUC

and Inverse AUC be combined similarly to how Recall and Precision combine into F1-score. We

explore these combination metrics further in Appendix C.5.6.
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C.2.2 Limitations

Framework Limitations:

Not every evaluation of neuron descriptions can fit into our framework. Below we

split these into few separate cases and discuss whether each case represents a limitation of the

framework or not:

• Evaluating Multiple Inputs at once: Our evaluation framework assumes that the presence

of a concept is estimated separately for each input. Many human study based evaluations

(e.g. [6], [68]) instead evaluate a group of inputs at once, asking questions like ”How well

does concept match this group of images?”. However we believe this is simply a less

precise/less objective way of asking whether the concept matches each input separately

and does not in general represent a significant limitation for the framework.

• Comparing similarity to ”correct” explanation: Another approach to evaluate neuron

descriptions is to compare how close they are to a ”correct” description, typically in a

text-embedding space. For example, this is the main evaluation used by MILAN [39],

where they generate ”correct” explanation by asking Mechanical Turk workers to describe

neurons based on their most highly activating inputs. We do not think this a very reliable

way to evaluate explanations, because it relies on the assumption that there exists a single

”correct” text-based explanation for each neuron (and that we have some way of finding

it), and we do not think this is the case for many real neurons because of issues like

polysemanticity and non-verbal concepts like specific graphical patterns. For these hard-to-

interpret neurons it is better to just measure how well our explanation matches the neuron

like the metrics in our framework do.

• Non-text based explanations: While we focus on text based concepts t in our paper, the

framework works on non-textual concepts just as well, as long as we have some way of

generating a concept vector ct for that concept. For example, the evaluation of [117] uses
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a group of highly activating inputs as the concept, and then asks workers whether a new

input is similar to those inputs or not. Despite this difference, it can be described neatly

within our framework.

• Output Based Neuron Explanations:

For clarity, it is useful to divide the neural network f (x) into two parts, f 0:l and f l+1:L,

where 0 corresponds to the input layer, f i: j represents the i through j’th layers of the neural

network f (x), l is the layer of the neuron we are interested in and L is the total number of

layers in the network. Then:

f (x) = f l+1:L( f 0:l
k (x), f 0:l

¬k (x)), (C.17)

where f 0:l
k (x) is the activation of neuron of interest k in layer l, while f 0:l

¬k (x) is the

activations of all the other neurons in layer l.

Alternatively to Input-based neuron explanations we define in section 3.2.3, a neuron

explanation could instead be Output-based, that is an interpretable approximation of the

following function:

– Unit Activation→ Output: z→ f l+1:L(z, f 0:l
¬k (x))

Where z is a real number (e.g. intervened value). This function describes how changes in

the unit activation change the final network output, as has been the focus of a few recent

papers on neuron explanations [28, 36].

As we can see from the above notations, output and input-based explanations are different

problems, and may require different methods to solve and evaluate. In our paper, we

focus on evaluating explanations of Input-based, i.e. the function x→ f 0:l
k (x), as this is

more common in existing evaluations and can be applied more generally, for example to

explain linear combinations of neurons that don’t have a direct effect on the output such as
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TCAV [48] vectors. While evaluating Output-based explanations is also important, this

may require different methods and is outside the scope of our current work.

This may be the most significant limitations of our framework, as we believe measuring

Output based explanations is equally important, and an ideal neuron explanation should

describe both functions(potentially with different explanations). However, improving the

evaluation of Input-based explanations is already a significant contribution towards better

evaluation practices. In addition, while currently our framework is meant for Input based

evaluation only, we believe many of the ideas and metrics we discussed could be useful

in evaluating output based explanations. For example, in a generative models we could

use the same metrics to measure similarity between unit activation and the presence of a

specific concept in the output. However in output-based evaluations there are additional

considerations such as measuring difference in outputs when changing the unit activation

that may be more important. We believe extending this framework or creating a similar

one for output-based evaluations is an important direction for future work.

Experimental Result Limitations:

Overall we are quite confident in the generality of our results on the missing/extra labels

test (Table 3.3) as they are consistent across final/hidden layer neurons and different datasets,

and we showed theoretically that they are caused by poor metric performance on imbalanced

data. Importantly, this theoretical result is independent of the data domain, type of concepts or

the type of unit in question.

However, it is good to note that passing these sanity checks does not guarantee that the

metric is a good metric, but failing them does indicate a metric should not be relied on. This is

similar to sanity checks proposed by [2], which have been quite influential in the field of saliency

maps/input importance estimation.

On the other hand, our comparison results in Table 3.4 are mostly focused on final layer

neurons or other units where we have ground truth available such a concept neurons inside a
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CBM. While they consistently prefer certain metrics, it is possible that these final layer neurons

are systematically different from other units we are interested in such as hidden layer neurons,

and these results should not be relied on too strongly.

Labeling Cost:

One of the main reasons existing crowd-sourced evaluations only measure Recall is

it’s lower evaluation cost, as we only need to only evaluate ct on highly activating inputs, i.e.

where B(ak) = 1, because the values of ct on other inputs do not affect the score. In contrast,

evaluating most other metrics requires knowledge of the full ct . Similar cost issues are also faced

when using an expensive LLM based simulation pipeline to predict ct as done by [9], causing

evaluation metrics to often be evaluated on a small subset instead.

Crowd-sourced evaluation of the entire ct will likely give noisy results as most inputs do

not contain the concept. To avoid this, another approach is to oversample highly activating inputs

similarly to Top-and-random sampling, though more effective sampling strategies likely exist.

This can be done without failing the extra labels test if the proper sampling correction is applied

to correct for the bias introduced by the non-uniform sampling. As our paper is focused on the

correctness of different metrics, not the ease of measuring them, and the effective sampling/user

study design for non-recall metrics is a rather large and complex topic that does not fit within the

scope of the current paper, but it is a promising direction for future work.

An alternative way to reduce labeling costs is to use a combination of metrics, for example

evaluating F1-score by combining a crowd-sourced evaluation of Recall with a generative model

based evaluation of Precision.

C.2.3 Motivating Example for Sanity Checks

Here, we illustrate the motivating example discussed in Section 3.4.1 in the following

Figure. Figure C.1 displays an example neuron that only activates on images containing pets

to highlight how similarity scores are calculated. We can see that only measuring Recall gives

a perfect score to explanations that are too generic (animal), while only measuring precision
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favors explanations that are too specific(dog, cat).

Figure C.1. A hypothetical neuron that only activates on pets (dogs or cats). When comparing
different evaluation metrics, we can see recall cannot distinguish between the correct concept
(Pet) and a concept that is too generic (Animal), while precision favors concepts that are too
specific (Dog, Cat). IoU can unambiguously determine the correct concept.
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C.2.4 Additional Related Works

Evaluation of individual neuron explanations.

Table C.3 shows an expanded version of our comparison table (Table 3.1 in the main

text section 3.4) of existing evaluation methods. It can be seen in Table C.3 that prior work [6,

68, 67, 4, 42, 37, 65, 54, 50, 117, 16, 51, 9, 69, 14, 96, 67, 68, 86, 88] only use 1-2 metrics for

evaluation and typically did not discuss or justify why the metric should be used. Among all the

prior work in Table C.3, we believe that the most similar work to ours is [42], which has focused

on evaluating individual neuron explanations in language models. In particular, they discover a

discrepancy between the evaluation metrics, i.e. neurons with very high Correlation(top-and-

random) score can still have relatively low F1-scores. However, different from our work their

scope is much more specific and they do not provide analysis comparing different evaluation

metrics or justification on why they use F1-score specifically. Their findings are in line with ours,

as we found that Correlation(top-and-random) fails the extra labels test, while F1-score passes

our sanity checks.

Overall we find many evaluations in previous works to be lacking, either due to using

poor metrics that fail our sanity checks, or using very small sample sizes. In addition, some

popular methods like TCAV [48] completely lack evaluation of whether the concept directions

they learn are good. To our best knowledge, no human-study has been conducted using metrics

that pass our sanity checks, instead most existing human-studies only measure Recall or a similar

metric, and running such a study would be valuable for better understanding of unit interpreability

and/or explanation methods.

Known Concept Evaluation: Similar to our experiments in Section 3.5, many previous

works such as [68, 85, 63, 86] have utilized neurons or units with known concepts to evaluate

explanation quality. However, these papers typically focus on evaluating explanation methods or

individual explanations, while our focus is on meta-evaluation to understand which metrics are

best to use for evaluation, meaning our methods and motivations for the evaluation are noticeably
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different from these previous works.

Interpretability Illusions:

[10] discovered an interpretability illusion for BERT-models, which shows that neurons

that look interpretable when only looking at their most highly activating inputs on one probing

dataset D , seem to be doing something completely different when analyzed on another dataset.

This highlights the importance of good choice of probing dataset, or confirming explanations

on multiple datasets. However, we believe there is another reason for these illusions, namely

that the authors only look at highly activating inputs (equivalent to Recall in our framework),

which is not a reliable metric. Overall, our goal is to reduce such interpretability illusions, i.e.

the appearance of interpretability when something is really not interpretable, by encouraging

more rigorous evaluation.

Sanity Checks.

The sanity checks proposed in this paper (Missing and Extra Labels test) are inspired by

the sanity checks [2] proposed for saliency maps, which has had a large impact in guiding that

field towards more faithful explanations. However the topic is very different, since [2] focus on

local input-importance instead of global neuron explanations in our paper. Similarly, the specific

tests proposed by [2] are also very different from ours.

Concept extraction.

Extracting interpretable concepts from a learned representation is a common challenge

and relevant for finding individual units to evaluate in our framework. This can either be

supervised as proposed by [48] where the concepts are specified by human and labels are

provided. This approach is also used by linear probing based work such as [37]. Later, a series

of works[30, 113, 26] was proposed to automatically extract concepts from model activations,

without human supervision, i.e. unsupervised. [24] claimed that concept extraction could be

regarded as a dictionary learning problem. Recently Sparse Autoencoders [18, 96] have also

gained popularity as an unsupervised concept extraction method. Note that most unsupervised
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concept extraction methods are discovering ”units” defined in our work that are not directly

understandable to humans, and require an explanation method to provide human-understandable

explanations. Our work focuses on the evaluation of the explanations of those concepts.

Human-centered evaluation on concept-based models.

Human-centered evaluation of model explanation[49, 13] has drawn attention from

the XAI community. Recently, [47] collected human evaluation of XAI explanations as a

benchmark for explanation methods. These works provide important techniques and inspiration

for evaluating explainability, but almost all existing work is focus on local feature importance

explanations, which is very different from our work on global neuron-level explanations.

Evaluation Metrics for Input-Improtance Explanations

The field of input-importance explanations has seen an evolution in the evaluation metrics

used, with initial focus on finding the features that humans think are important. Later metrics such

as deletion and insertion proposed by [75] allow for more principled evaluation of the explanation

fidelity, i.e. whether it actually matches what the model in vision models, and [25] extends the

deletion metric to natural language settings. [41] proposes the Remove And Retrain (ROAR)

framework as an alternative method for evaluating the quality of input-importance explanations

by evaluating whether a model retrained on data without the most important pixels can still solve

the task. [8] propose additional checks, such as measuring whether an explanation method has

high sensitivity, with the intuition that similar inputs should have similar explanations. While this

line of work focuses on a different topic (local input importance explanations) instead of global

neuron-level explanations, and mostly proposes new metrics without significant meta-evaluation,

it highlights the importance of good evaluation mnetrics in explainable AI.
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C.3 Theoretical Missing/Extra Labels Test and Concept
Imbalance

In this section we analyze the effects of missing/extra labels test on a simpler toy setting,

where neuron k’s activations ak perfectly match the concept labels of concept tk, i.e. ak = ctk .

In this setting, we assume binary neuron and concept activations, i.e. the neuron’s activation is

1 if concept is present on the input, and 0 if its not. Consequently, we do not need to perform

additional binarization of concept activations with top α like we did in previous sections.

In this simplified setting, our missing and extra labels tests correspond to being able to

differentiate between three concepts as defined in section 3.4:

1. ctk : The perfect predictor for neuron ak, with precision=1 and recall=1.

2. c−tk : (Missing labels) This concept has Precision=1 since whenever a concept is present, the

neuron is also active, and Recall of 0.5 since only half to inputs where the neuron activate

now have the concept.

3. c+tk : (Extra labels) Inverse from above, this concept has Precision=0.5 and Recall=1.

We then measure the average score difference ∆s across neurons:

• Missing labels test: ∆s(k) = Ec−tk
[sM(ak,c−tk )− sM(ak,ctk)]

• Extra labels test: ∆s(k) = Ec+tk
[sM(ak,c+tk )− sM(ak,ctk)]

A good metric should be able to reliably differentiate between these concepts. Interest-

ingly we find that the ability of most metrics to differentiate greatly depends on whether the data

is balanced or not.

Since the neuron activations perfectly align with concept t and are binary, the only

parameter that can effect the results of our missing and extra labels test is the activation frequency

of concept t, i.e. what fraction of inputs x ∈ D contain concept t. Following the notation in
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section C.4, we denote this fraction as γ . Note technically it should be γ +η , but η = 0 in this

case with perfect match between concept and neuron. We then test whether a metric passes

the test on different values of γ , using simulated data on tables C.6 and C.7. Each number is

the average result from 1000 evaluations with 500,000 datapoints each. In addition, in Section

C.4, we derived a closed form solution to the binary metrics under missing or extra labels as a

function of γ and other parameters. This simplifies nicely when we consider an ideal neuron with

ak = ct , and we can derive the expected result of missing/extra labels test as a simple function of

γ alone in Table C.9. These theoretical results perfectly agree with our simulated results.

C.3.1 Results

In Tables C.4 and C.5 we report the Decrease Acc defined in Equation 3.11 on different

activation frequencies γ in our simulated neuron. We say a metric as passing the Theoretical test

if it has Decrease Acc > 90% on every frequency. In tables C.6 and C.7 (visualized in Fig. 3.3)

we report the average ∆s on the same set of different activation sparsities. We have highlighted

metrics with ∆s >−0.01 in red to highlight metrics approaching 0 difference.

We can see most metrics (expect from recall and precision) perform well on balanced data

(γ = 0.499 and γ = 0.1). However, their performance often starts to drop with score difference

∆s approaching 0 as the data becomes more and more unbalanced. We can see that practically all

the metrics that failed our experimental missing/extra labels tests cannot differentiate between

perfect and modified concept specifically on imbalanced data, highlighting that likely the root

cause of the failure on these test is that the metrics performs poorly on imbalanced data. This

is also aligned with conventional knowledge that metrics such as accuracy and AUC are a

poor choice to rely on when your data is heavily imbalanced. On the other hand, metrics that

passed the tests are insensitive to activation frequency γ and converge to a nonzero constant as γ

decreases.

The results in terms of passing are almost identical to our experimental results in section

3.4. The only differences were WPMI which passes the theoretical extra labels test but fails
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the experimental one. We believe this has to do with hyperparameter(α,λ ) choices and that

WPMI can in principle pass the test but with poor hyperparameters(small λ ) it will not, leading

us to overall recommend against using it in practice as hyperparameter choice is challenging in

the real world. An interesting case is Inverse AUPRC. This metric is designed for imbalanced

data and works well in that domain, but actually performs worse when the data is balanced. In

particular Inverse AUPRC fails the test when data is perfectly balanced. This indicates caution

should be used if relying on it, in case you have some neurons with extremely common concepts.

We argue that being able to pass these tests regardless of activation frequency is important

for any evaluation metric to be used, as we typically do not know what frequency each neuron

will have in advance, in many cases the interesting neurons/concept might activate very sparsely,

for example in Sparse Autoencoders.
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Table C.3. Extended Table (of Table 3.1 in the main text section 3.4) comparing related work.
Note [114] call their evaluation Precision, as they use the classification framing. This is equivalent
to Recall in our framing as shown in Section C.1.2.

Metric M Study Concept
Source ct

Granularity Probing
Dataset D

Domain Target

Recall Human Eval [114] Crowdsourced ∼Whole Input
Specific eval
dataset Vision Neurons

∼Recall Human Eval [6] Crowdsourced ∼Whole Input
Specific eval
dataset Vision Neurons

∼Recall
Human Eval [68]
[4, 91] Crowdsourced Whole Input Validation data Vision Neurons

∼Recall Human Eval [67] Crowdsourced Whole Input Validation Data Vision CBM neurons

Precision Automated Eval [91] Generative Whole Input
Generated+
Validation data Vision Neurons

F1-score
Observation based
[42]

Generative
+ model Whole Input

Generated +
Training data Language Neurons

F1-score Sparse probes [37] Labeled data Per-token
Specific eval
dataset Language

Linear comb.
of neurons

F1-score
CBM - Concept Error (Fig. 2)
[50] Labeled data Whole Input Validation Data Vision CBM neurons

IoU
Broden IoU [6]
[65, 54] Labeled data Per-pixel

Specific eval
dataset Vision Neurons

Accuracy CBM - Concept Error [50] Labeled data Whole Input Validation Data Vision CBM neurons

∼AUC
Comparative Human Study
[117] Crowdsourced Whole Input Training data Vision Neurons

Inverse AUC INVERT [16] Labeled data Whole Input Validation data Vision Neurons

Inverse AUC CoSy AUC [51] Generative Whole Input
Generated+
Validation data Vision Neurons

Correlation(T&R)
Simulation - Correlation Score
[9] Model Per-token Training data Language Neurons

Correlation
Simulation - Correlation Score
[69] Model Whole Input Validation data Vision Neurons

Correlation
CBM - Concept Error (Fig. 2)
[50] Labeled data Whole Input Validation Data Vision CBM neurons

Spearman
Correlation(T&R)

SAE Auto Interp
[14, 96] Model Per-token Training data Language SAE features

∼WPMI
CLIP-Dissect - Similarity
[68] Model Whole Input Validation data Vision Neurons

MAD CoSy MAD [51] Generative Whole Input
Generated+
Validation data Vision Neurons

∼MAD MAIA [86] Generative Whole Input Generated Vision Neurons

∼MAD Explanation Score [88] Generative Whole Input Generated Language
Transformer
factors
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Table C.4. Average Decrease Accuracy on Theoretical Missing labels Test. A metric fails if it
has low decrease accuracy on any concept frequency γ .

Theoretical Missing Labels Test, Decrease Acc

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 Pass

Recall 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Precision 0.00% 0.00% 0.00% 0.00% 0.00% ×
F1-score 100.00% 100.00% 100.00% 100.00% 100.00% ✓
IoU 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Accuracy 100.00% 100.00% 100.00% 0.00% 0.00% ×
Balanced Acc. 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Inverse Balanced Acc. 100.00% 100.00% 100.00% 0.00% 0.00% ×

AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Inverse AUC 100.00% 100.00% 100.00% 0.00% 0.00% ×
Correlation 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Correlation(T&R) 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Spearman Correlation 100.00% 100.00% 100.00% 22.70% 13.30% ×
Spearman Correlation(T&R) 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Cosine 100.00% 100.00% 100.00% 100.00% 100.00% ✓
WPMI 100.00% 100.00% 100.00% 100.00% 100.00% ✓
MAD 100.00% 100.00% 100.00% 0.00% 0.00% ×
AUPRC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Inverse AUPRC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
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Table C.5. Average Decrease Accuracy on Theoretical Extra labels Test. A metric fails if it has
low decrease accuracy on any concept frequency γ .

Theoretical Extra Labels Test, Decrease Acc

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 Pass

Recall 0.00% 0.00% 0.00% 0.00% 0.00% ×
Precision 100.00% 100.00% 100.00% 100.00% 100.00% ✓
F1-score 100.00% 100.00% 100.00% 100.00% 100.00% ✓
IoU 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Accuracy 100.00% 100.00% 100.00% 48.40% 0.00% ×
Balanced Acc. 100.00% 100.00% 100.00% 0.00% 0.00% ×
Inverse Balanced Acc. 100.00% 100.00% 100.00% 100.00% 100.00% ✓

AUC 100.00% 100.00% 100.00% 0.00% 0.00% ×
Inverse AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Correlation 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Correlation(T&R) 100.00% 92.80% 22.60% 2.70% 0.10% ×
Spearman Correlation 100.00% 100.00% 5.60% 3.20% 11.60% ×
Spearman Correlation(T&R) 0.20% 8.60% 20.60% 63.70% 5.30% ×
Cosine 100.00% 100.00% 100.00% 100.00% 100.00% ✓
WPMI 100.00% 100.00% 100.00% 100.00% 100.00% ✓
MAD 100.00% 100.00% 100.00% 100.00% 100.00% ✓
AUPRC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Inverse AUPRC 47.70% 100.00% 100.00% 100.00% 100.00% ×
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Table C.6. Simulation results of missing labels test on idealized neuron with perfect correspon-
dence to a concept activation. We can see most metrics pass when the data is relatively balanced,
but several start to struggle on inbalanced data (low γ). In contrast, passing metrics maintain a
clearly nonzero ∆s regardless of activation frequency. The limγ→0 column is analytical solution
from C.9.

Theoretical Missing Labels Test, Average ∆s

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 limγ→0

Recall -0.5000 -0.4999 -0.5002 -0.5007 -0.5025 -0.5000
Precision 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
F1-score -0.3334 -0.3333 -0.3335 -0.3341 -0.3352 -0.3333
IoU -0.5000 -0.5002 -0.4998 -0.5005 -0.5032 -0.5000
Accuracy -0.2495 -0.0500 -0.0050 -0.0005 0.0000 0.0000
Balanced Acc. -0.2500 -0.2500 -0.2501 -0.2500 -0.2500 -0.2500
Inverse Balanced Acc. -0.1662 -0.0263 -0.0025 -0.0002 0.0000 0.0000

AUC -0.2500 -0.2500 -0.2500 -0.2493 -0.2508 -
Inverse AUC -0.1662 -0.0263 -0.0025 -0.0003 0.0000 -
Correlation -0.2111 -0.1559 -0.1474 -0.1466 -0.1479 -
Correlation(T&R) -0.4965 -0.4894 -0.4649 -0.3928 -0.2449 -
Spearman Correlation -0.2000 -0.0686 -0.0079 -0.0006 -0.0018 -
Spearman Correlation(T&R) -0.1005 -0.1009 -0.1066 -0.0902 -0.2006 -
Cosine -0.1464 -0.1465 -0.1465 -0.1464 -0.1474 -
WPMI -0.3590 -0.3591 -0.3589 -0.3587 -0.3602 -
MAD -0.2210 -0.0350 -0.0033 -0.0003 0.0000 -
AUPRC -0.2505 -0.4499 -0.4953 -0.5003 -0.4964 -
Inverse AUPRC -0.5000 -0.4999 -0.5002 -0.4988 -0.4996 -
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Table C.7. Simulation results of extra labels test on idealized neuron with perfect correspondence
to a concept activation. We can see most metrics pass when the data is relatively balanced, but
several start to struggle on inbalanced data (low γ). In contrast, passing metrics maintain a clearly
nonzero ∆s regardless of activation frequency. The limγ→0 column is analytical solution from
C.9.

Theoretical Extra Labels Test, Average ∆s

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 limγ→0

Recall 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Precision -0.5000 -0.5001 -0.4999 -0.4993 -0.4963 -0.5000
F1-score -0.3333 -0.3334 -0.3334 -0.3336 -0.3333 -0.3333
IoU -0.5000 -0.5000 -0.5001 -0.4997 -0.4970 -0.5000
Accuracy -0.4990 -0.1000 -0.0100 -0.0010 -0.0001 0.0000
Balanced Acc. -0.4980 -0.0556 -0.0051 -0.0005 0.0000 0.0000
Inverse Balanced Acc. -0.2500 -0.2500 -0.2500 -0.2500 -0.2483 -0.2500

AUC -0.7562 -0.0844 -0.0077 -0.0008 -0.0001 -
Inverse AUC -0.2500 -0.2500 -0.2501 -0.2500 -0.2491 -
Correlation -0.4777 -0.1667 -0.1483 -0.1465 -0.1461 -
Correlation(T&R) -0.4929 -0.0293 -0.0027 -0.0002 0.0000 -
Spearman Correlation -0.5672 -0.0238 -0.0007 -0.0002 -0.0018 -
Spearman Correlation(T&R) 0.0002 0.0000 -0.0036 0.0307 -0.0064 -
Cosine -0.1464 -0.1464 -0.1463 -0.1464 0.1456 -
WPMI -0.0292 -0.0292 -0.0292 -0.0293 -0.0292 -
MAD -0.3324 -0.3324 -0.3324 -0.3321 -0.3298 -
AUPRC -0.5000 -0.5000 -0.4999 -0.4998 -0.4974 -
Inverse AUPRC -0.0010 -0.4000 -0.4899 -0.4984 -0.4957 -
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C.4 Analytical solution for Missing/Extra Labels Test

In this section, we provide a theoratical analysis for missing label and extra label test for

binary classification metrics. For simplicity of symbols, in this section we analyze the population

statistics. Suppose we have following confusion matrix:

c=1 c=0

a=1 γ b

a=0 η d

Here, we use a to denote neuron activation and c to denote concept activation. In missing

labels test, consider a general case where we randomly flip c = 1 into c = 0 with probability p.

Thus, the resulting confusion matrix is:

c=1 c=0

a=1 (1− p)γ b+ pγ

a=0 (1− p)η d + pη

In extra labels test, similarly, we turn c = 0 into c = 1 with probability q = p(γ+η)
b+d , the

resulting confusion matrix is

c=1 c=0

a=1 γ +qb (1−q)b

a=0 η +qd (1−q)d

With these, we could plug in corresponding TP/FP/TN/FN into metrics to calculate metric

value in these two tests.

1. Recall:

sM(ak,ct) =
B(ak) ·B(ct)

||B(ak)||1
=

γ

b+ γ
. (C.18)
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In extra label test:

sM(ak,c+t ) =
γ +qb
b+ γ

≥ sM(ak,ct). (C.19)

In missing label test:

sM(ak,c−t ) =
γ− pγ

b+ γ
≤ sM(ak,ct). (C.20)

From the derivation above, we could see that increasing labels only raises recall metric

while reducing labels always leads to a drop in recall as we found in our experiments.

2. Precision:

sM(ak,ct) =
B(ak) ·B(ct)

||B(ct)||1
=

γ

γ +η
(C.21)

In extra label test:

sM(ak,c+t ) =
γ +qb

γ +qb+η +qd
. (C.22)

Precision will increase if b
b+d > γ

γ+η
.

In missing label test:

sM(ak,c−t ) =
(1− p)γ

(1− p)γ +(1− p)η
= sM(ak,ct). (C.23)

Thus, the precision does not change in the missing labels test.

3. F1-score:

sM(ak,ct) =
2γ

2γ +η +b
(C.24)

In extra label test:

sM(ak,c+t ) =
2γ +2qb

2γ +qb+η +qd +b
. (C.25)

F1-score increases if 2b
b+d > 2γ

2γ+η+b .

174



In missing label test:

sM(ak,c−t ) =
2(1− p)γ

2(1− p)γ +(1− p)η +b+ pγ
=

2γ−2pγ

2γ +(1− p)η +b− pγ
. (C.26)

F1-score decreases in missing label test.

4. IoU:

sM(ak,ct) =
B(ak) ·B(ct)

||B(ak)||1 + ||B(ct)||1−B(ak) ·B(ct)
=

γ

γ +η +b
. (C.27)

In extra label test:

sM(ak,c+t ) =
γ +qb

γ +η +qd +b
. (C.28)

IoU increases if b
d > γ

γ+η+b .

In missing label test:

sM(ak,c−t ) =
(1− p)γ

(1− p)γ +(1− p)η +b+ pγ
=

γ− pγ

γ +(1− p)η +b
. (C.29)

Thus, IoU decreases in missing label test.

5. Accuracy:

sM(ak,ct) =
B(ak) ·B(ct)+(1−B(ak)) · (1−B(ct))

n
= γ +d. (C.30)

In extra label test:

sM(ak,c+t ) = γ +qb+d−qd. (C.31)

accuracy increases if b > d.

In missing label test:

sM(ak,c−t ) = γ− pγ +d + pη . (C.32)

Accuracy increases if η > γ .
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6. Balanced Accuracy:

sM(ak,ct) =
B(ak) ·B(ct)

2||B(ak)||1
+

(1−B(ak)) · (1−B(ct))

2||(1−B(ak))||1
=

γ

2γ +2b
+

d
2η +2d

. (C.33)

In extra label test:

sM(ak,c+t ) =
γ +qb

2γ +2b
+

d−qd
2η +2d

. (C.34)

balanced accuracy increases if b
2γ+2b > d

2η+2d .

In missing label test:

sM(ak,c−t ) =
γ− pγ

2γ +2b
+

d + pη

2η +2d
. (C.35)

balanced accuracy increases if γ

2γ+2b < η

2η+2d .

7. Inverse Balanced Accuracy:

sM(ak,ct) =
B(ak) ·B(ct)

2||B(ct)||1
+

(1−B(ak)) · (1−B(ct))

2||(1−B(ct))||1
=

γ

2γ +2η
+

d
2b+2d

. (C.36)

In extra label test:

sM(ak,c+t ) =
γ +qb

2γ +2η +2qb+2qd
+

d−qd
2b+2d−2qd−2qb

. (C.37)

In missing label test:

sM(ak,c−t ) =
γ− pγ

2γ +2η−2pγ−2pη
+

d + pη

2b+2d +2pγ +2pη
. (C.38)

C.4.1 Special case - Theoretical Test

In this section, we consider a special case where the neuron activations perfectly match

the concept, i.e. c≡ a. In this case, we have η = b = 0, d = 1− γ . Plugging in those variables,
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Table C.8. The evaluation scores for different metrics under missing and extra label tests on an
ideal neuron whose activations perfectly match the presence of our concept.

Metric Missing label: sM(ak,c−t ) Extra label: sM(ak,c+t )

Recall 1− p 1
Precision 1 1

1+p
F1-score 2−2p

2−p
2

2+p
IoU 1− p 1

1+p
Accuracy 1− pγ 1− γ p

Balanced Accuracy 1− p
2 1− pγ

2(1−γ)

Inverse Balanced Accuracy (1−γ)
2(1−γ)+2pγ

+ 1
2

2+p
2(1+p)

we get the equations for metric scores under sanity test settings in Table C.8. Further simplifying

this by plugging in the p values we typically use we get the simple form for score diff in Table

C.9.

Table C.9. Further simplifying from Table C.8 by plugging in p values we typically use in our
tests, and sM(ak,ct) = 1, we can calculate the theoretical score diff after running our tests for
different binary metrics on ideal neurons.

Missing labels test(p = 0.5): Extra labels test(p = 1):
Metric sM(ak,c−t )− sM(ak,ct) sM(ak,c+t )− sM(ak,ct)

Recall −0.5 0
Precision 0 −0.5
F1-score −1

3 −1
3

IoU −0.5 −0.5
Accuracy − γ

2 −γ

Balanced Accuracy −0.25 − γ

2(1−γ)

Inverse Balanced Accuracy − γ

2(2−γ) −0.25

C.5 Ablations and Extra checks

C.5.1 Increase/decrease Fraction in Missing/Extra labels test

In our standard missing labels we reduce the fraction of positive labels by half, i.e.
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r− =
||c−t ||1
||ct ||

= 0.5

r+ =
||c+t ||1
||ct ||1

= 2

In this section we run an ablation on the importance of these specific values by running

the test on two other combinations of values: r− = 0.75 and r+ = 1.33 (smaller change) and

r− = 0.33 and r+ = 3 (larger change). We report the results on final layer neurons (including

superclasses) of ViT-B-16 (trained on ImageNet) in Table C.10. We used ground turth ct . Overall

we can see that these parameters do not impact our qualitative observations, i.e. which metric

passes vs which doesn’t. While larger changes to r typically increases Decrease Acc, it doesn’t

affect which metrics approach zero score diff vs which do not, which is what we’re mostly

interested in. Overall this shows our sanity test is not sensitive to the specific parameter choice

but instead reflects overall trends of the metric.
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Table C.10. Ablation study on sanity checks varying the magnitude of change in labels. We can
see overall our results are consistent and not heavily dependent on the choice of r

Missing Labels Test Extra Labels Test

r− = 0.33 r− = 0.5 r− = 0.75 r+ = 1.33 r+ = 2.0 r+ = 3.0

Recall 99.55% 95.94% 75.34% 0.00% 0.00% 0.00%
Precision 48.20% 46.09% 49.62% 99.32% 99.62% 99.62%
F1-score 97.07% 95.64% 92.78% 99.62% 99.70% 99.70%
IoU 96.84% 95.34% 92.41% 99.32% 99.62% 99.62%
Accuracy 0.00% 0.00% 0.00% 16.24% 63.08% 99.92%
Balanced Acc. 99.47% 95.86% 75.19% 9.17% 23.98% 63.61%
Inverse Balanced Acc. 48.05% 45.56% 48.35% 99.17% 99.62% 99.92%

AUC 98.65% 95.34% 76.32% 16.99% 30.23% 59.32%
Inverse AUC 24.51% 21.35% 16.47% 99.92% 99.92% 99.92%
Correlation 99.92% 99.92% 99.77% 99.92% 99.92% 99.92%
Correlation(T&R) 99.40% 98.12% 90.68% 43.76% 44.96% 48.12%
Spearman Corr. 57.29% 53.91% 46.92% 37.07% 38.05% 37.67%
Spearman Corr.(T&R) 97.14% 93.61% 82.63% 49.92% 50.75% 52.26%
Cosine 100.00% 100.00% 99.85% 99.85% 99.85% 99.85%
WPMI 99.55% 95.94% 75.34% 99.77% 99.70% 99.77%
MAD 50.83% 49.47% 49.02% 99.70% 99.70% 99.70%
AUPRC 99.47% 99.25% 98.27% 99.32% 99.62% 99.62%
Inverse AUPRC 100.00% 100.00% 99.85% 99.70% 99.62% 99.32%

C.5.2 Failure case of cosine: Adding a constant activation

In this section we discuss a failure case of cosine similarity as an evaluation metric.

The main idea is that cosine similarity outputs are not independent of the mean of the neuron’s

activation, while all other evaluation metrics are. This causes it to associate neurons with large

average activation values with very generic concepts that are almost always active. As an

example, we added a constant (1) to all activations of concept neurons in a Concept Bottleneck

Model [50] trained on CUB200, and ran our meta-AUPRC test(Sec 3.5). All other evaluation

metrics are invariant to this change, but the AUPRC of Cosine drops from 99.07% to 0.93%

with this small change, as shown in Table C.11. We believe this is a flaw that points against

using cosine similarity, as the average activation of a hidden layer neuron is not functionally

important, and could be absorbed into biases of the next layer. Instead we recommend using
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Pearson correlation which is identical to cosine similarity after normalizing to mean 0, as we

show in Section C.1.4.

Table C.11. Adding a constant to the activation values of all neurons causes the cosine similarity
to perform very poorly, while other metrics are unchanged.

CUB200 - CBM concept neurons

Original ak a′k = ak +1

Metric AUPRC AUPRC ∆ AUPRC

Recall 0.3958 0.3958 0.0000
Precision 0.6803 0.6803 0.0000
F1-score/IoU 0.6386 0.6386 0.0000
Accuracy 0.5853 0.5853 0.0000
Balanced Acc. 0.7165 0.7165 0.0000
Inverse Balanced Acc. 0.6628 0.6628 0.0000
AUC 0.7045 0.7045 0.0000
Inverse AUC 0.8956 0.8956 0.0000
Correlation 0.8883 0.8883 0.0000
Correlation(T&R) 0.7170 0.7170 0.0000
Spearman Correlation 0.4233 0.4233 0.0000
Spearman Correlation(T&R) 0.4243 0.4243 0.0000
Cosine 0.8985 0.0443 -0.8542
WPMI 0.7323 0.7323 0.0000
MAD 0.7760 0.7760 0.0000
AUPRC 0.6712 0.6712 0.0000
Inverse AUPRC 0.3975 0.3975 0.0000
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C.5.3 Random vs Semantic subsets

Our missing/extra labels tests are a mathematical model of semantic sub/superclasses that

can be run without knowledge of the semantics or relationships between concepts. To test this

mathematical model, we conducted a version of extra labels test on the ImageNet dataset where

instead of randomly sampling c+, we used the smallest superclass of the concept according to

WordNet hierarchy as c+, and a version of missing labels test where we used the largest subclass

of the concept as c−. As shown in new Table C.12, the results are essentially identical to using

random sub/supersets, showcasing our random sub/superset is a good model of real semantic

relationships for our purposes.

Table C.12. Comparison of c−t derived as a random subclass of ct vs a real semantic subclass
of ct derived from the WordNet hierarchy. The missing labels test was evaluated on all 400
superclass neurons created in the final layer, while the extra labels test was conducted on all
1000 individual class neurons. We can see that from the point of view of passing our tests the
random subclass behaves almost exactly as a real semantic subclass.

ViT-B-16 superclass neurons ViT-B-16 single class neurons

Missing Labels Test Extra Labels Test

Metric Random Subsets Semantic Subsets Random Supersets Semantic Supersets

Recall 96.32% 92.89% 0.00% 0.00%
Precision 44.21% 43.68% 100.00% 99.79%
F1-score 97.37% 91.84% 100.00% 99.79%
IoU 96.84% 91.58% 100.00% 99.79%
Accuracy 44.74% 31.32% 46.11% 71.37%
Balanced Acc. 99.47% 97.37% 0.00% 64.53%
Inverse Balanced Acc. 28.95% 37.37% 100.00% 99.79%
AUC 99.21% 97.11% 17.47% 52.11%
Inverse AUC 51.58% 54.47% 100.00% 96.00%
Correlation 100.00% 100.00% 100.00% 99.58%
Correlation(T&R) 100.00% 99.21% 47.47% 70.11%
Spearman Corr. 70.53% 75.26% 37.37% 20.63%
Spearman Corr.(T&R) 98.42% 97.63% 51.05% 35.16%
Cosine 100.00% 100.00% 100.00% 99.58%
WPMI 100.00% 100.00% 0.00% 0.00%
MAD 58.42% 51.58% 100.00% 100.00%
AUPRC 99.21% 96.84% 100.00% 99.37%
Inverse AUPRC 100.00% 100.00% 100.00% 99.37%

181



C.5.4 Epsilon ablation

In this section we study the effect of the choice of ε in Equation 3.10 on our experimental

missing/extra labels test. Overall we can see in Table C.13 that while changing ε changes results

for some metrics, for the most part it does not affect which metrics pass or do not pass the test

despite 2 orders of magnitude change in ε , showing our tests are not very sensitive to this choice.

Perhaps more importantly, theoretically we do not think the ε choice is important. An

alternative and perhaps more fundamental definition for our theoretical tests could be as follows:

A metric passes the test if

∃ε > 0 s.t. ∀γ > 0,∆s <−ε (C.39)

where ∆s is calculated with the theoretical missing labels test defined in Appendix C.3 and γ is

the concept/neuron activation frequency. This definition is purely a mathematical property of the

metric without any hyperparameters or ties to any setting, and as far as we know matches our

theoretical test results of Table C.4 and Table C.5 that use a fixed ε = 0.001.

The issue with this alternative definition is that, we can only prove a metric passes this

version of the test if we have an analytical solution, which we have for binary classification

metrics in Table C.9. This makes this definition hard to use in practice. We can see for example

accuracy fails this test as limγ→0 ∆s = 0, so no matter what ε we choose, ∃γ s.t. ∆s >−ε . On

the other hand, for F1-score will pass the theoretical tests for any ε < 1/3 regardless of γ . From

this we can see that if we decrease ε in the current theoretical test, more metrics would pass, but

the same metrics would fail again if we expand Table C.4/C.5 to the right by including smaller

values, while current passing metrics would not fail regardless of how many additional γ values

we test.
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Table C.13. An Ablation study on the effect of ε choice on our results. While the exact
percentages vary, we can see that changing ε by orders of magnitude mostly does not change
which metrics pass the tests, highlighting robustness to this hyperparameter choice.

Setting 1: ViT-B-16 Final Layer neurons

Missing Labels Test - Decrease Acc Extra Labels Test - Decrease Acc

ε = 0.0001 ε = 0.001 ε = 0.01 ε = 0.0001 ε = 0.001 ε = 0.01

Recall 97.07% 97.07% 97.07% 0.00% 0.00% 0.00%
Precision 48.65% 47.14% 37.74% 99.70% 99.20% 97.89%
F1-score 96.48% 95.79% 93.38% 99.77% 99.70% 98.72%
IoU 96.69% 95.41% 92.48% 99.70% 99.62% 97.89%
Accuracy 66.09% 0.00% 0.00% 99.92% 61.50% 6.32%
Balanced Acc. 97.07% 97.07% 97.07% 99.77% 23.08% 3.76%
Inverse Balanced Acc. 51.95% 46.54% 31.35% 99.92% 99.62% 96.77%

AUC 96.17% 95.86% 95.19% 84.81% 29.25% 11.58%
Inverse AUC 78.35% 21.43% 3.68% 99.92% 99.92% 99.92%
Correlation 100.00% 100.00% 99.92% 99.92% 99.92% 99.92%
Correlation(T&R) 97.52% 97.29% 96.47% 48.42% 46.02% 37.07%
Spearman Corr. 63.68% 53.91% 5.94% 48.87% 37.07% 1.28%
Spearman Corr.(T&R) 93.91% 93.76% 92.56% 51.73% 50.90% 44.36%
Cosine 100.00% 100.00% 100.00% 99.92% 99.85% 99.70%
WPMI 97.07% 97.07% 97.07% 99.77% 99.70% 99.55%
MAD 52.78% 50.75% 26.32% 99.70% 99.70% 99.70%
AUPRC 99.77% 99.40% 97.59% 99.70% 99.62% 97.89%
Inverse AUPRC 100.00% 100.00% 100.00% 99.62% 99.62% 99.62%
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C.5.5 Number of samples ablation

Most of our results only use one sample of c±t to reduce computational cost, even though

our equations are defined in terms of its expectation. In Table C.14 we test whether using more

samples of c±t affects our results. As we can see, the number of samples has very little effect on

our results likely because they are already averages over many neurons and large datasets.

Table C.14. A study measuring whether our test results are sensitive to sampling c±t only once
per neuron. We see this randomness has no effect on our results in terms of which metrics
pass and do not pass the test, likely because the results are already averaged over hundreds or
thousands of neurons.

Setting 1: ViT-B-16 Final Layer neurons

Missing Labels Test Extra Labels Test

c±t samples per neuron: 1 3 10 100 1 3 10 100

Recall 97.07% 100.00% 100.00% 100.00% 0.00% 0.00% 0.00% 0.00%
Precision 47.14% 45.04% 44.29% 38.80% 99.20% 99.62% 99.62% 99.62%
F1-score 95.79% 96.77% 97.29% 97.74% 99.70% 99.70% 99.70% 99.70%
IoU 95.41% 96.02% 96.62% 97.22% 99.62% 99.62% 99.62% 99.62%
Accuracy 0.00% 0.00% 0.00% 0.00% 61.50% 61.88% 64.66% 66.54%
Balanced Acc. 97.07% 99.92% 99.77% 99.85% 23.08% 22.48% 23.31% 22.18%
Inverse Balanced Acc. 46.54% 43.83% 42.41% 34.44% 99.62% 99.62% 99.62% 99.62%
AUC 95.86% 99.25% 99.70% 99.77% 29.25% 26.84% 27.59% 28.35%
Inverse AUC 21.43% 19.17% 16.32% 14.21% 99.92% 99.92% 99.92% 99.92%
Correlation 100.00% 100.00% 99.92% 99.92% 99.92% 99.92% 99.92% 99.92%
Correlation(T&R) 97.29% 99.32% 99.85% 99.77% 46.02% 52.48% 54.51% 55.19%
Spearman Corr. 53.91% 54.14% 54.59% 55.64% 37.07% 34.96% 35.86% 35.04%
Spearman Corr.(T&R) 93.76% 96.39% 97.67% 98.65% 50.90% 57.97% 51.95% 53.83%
Cosine 100.00% 100.00% 100.00% 100.00% 99.85% 99.85% 99.85% 99.85%
WPMI 97.07% 100.00% 100.00% 100.00% 99.70% 99.77% 99.77% 99.85%
MAD 50.75% 48.95% 49.40% 39.17% 99.70% 99.70% 99.70% 99.70%
AUPRC 99.40% 99.32% 99.32% 99.32% 99.62% 99.62% 99.62% 99.62%
Inverse AUPRC 100.00% 100.00% 100.00% 100.00% 99.62% 99.62% 99.62% 99.62%
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C.5.6 Combination Metrics

In addition to individual metrics we studied in the main paper, we also explore whether

combinations of different metrics could serve as good evaluation metrics. This investigation is

inspired by the success of F1-score, which is the harmonic mean of the Recall and Precision

metrics.

sF1 =
2

1/sRecall +1/sPrecision
=

2sRecallsPrecision

sRecall + sPrecision
(C.40)

In this section we investigated using the harmonic mean of other metrics as our metric.

The missing and extra labels test results are reported in Tables C.15, C.16 and C.17. We can

see multiple combinations perform well and now pass the theoretical missing/extra labels tests.

In general, our initial results indicate that combining a metric that passes the extra labels test

with a metric that passes the missing labels test will pass both tests most of the time. Conversely,

combining two metrics that fail the same test, such as Recall and AUC will still fail that test.

In table C.18, we also measure the AUPRC (Sec 3.5) performance of these new metrics on

a subset of our settings, and show that many combination metrics are competitive with top

standard metrics. In particular the harmonic mean of Balanced Acc and Inverse Balanced Acc

performed well. Overall this shows the promise of using novel combinations of concepts, but a

more thorough study is needed to confirm their reliability.

Table C.15. Theoretical Missing Labels test on combination metrics.

Theoretical Missing Labels Test, Decrease Acc

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 Pass

AUC + Inverse AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Balanced Acc + Inverse Balanced Acc 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Recall + AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Recall + Inverse AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Precision + Balanced Acc 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Precision + Inverse Balanced Acc 100.00% 100.00% 100.00% 0.00% 0.00% ×
F1-score 100.00% 100.00% 100.00% 100.00% 100.00% ✓
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Table C.16. Theoretical Extra Labels Test for combination metrics.

Theoretical Extra Labels Test, Decrease Acc

Activation Frequency γ: 0.499 0.1 0.01 0.001 0.0001 Pass

AUC + Inverse AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Balanced Acc + Inverse Balanced Acc 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Recall + AUC 100.00% 100.00% 100.00% 0.00% 0.00% ×
Recall + Inverse AUC 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Precision + Balanced Acc 100.00% 100.00% 100.00% 100.00% 100.00% ✓
Precision + Inverse Balanced Acc 100.00% 100.00% 100.00% 100.00% 100.00% ✓
F1-score 100.00% 100.00% 100.00% 100.00% 100.00% ✓

Table C.17. Experimental Missing and Extra Labels Test with new combination metrics.

Setting 1: ViT-B-16 final layer Setting 2: Resnet-50 layer4

Missing Labels Extra Labels Missing Labels Extra Labels

Combination Metric Decrease acc Decrease acc Decrease acc Decrease acc

AUC + Inverse AUC 95.64% 99.77% 89.05% 99.90%
Balanced Acc +
Inverse Balanced Acc 99.85% 99.92% 90.75% 100.00%

Recall + AUC 96.99% 19.77% 100.00% 17.32%
Recall + Inverse AUC 96.92% 99.92% 100.00% 87.00%
Precision + Balanced Acc 91.80% 99.70% 64.39% 100.00%
Precision +
Inverse Balanced Acc 48.87% 99.92% 47.38% 100.00%

F1-score 95.86% 99.70% 100.00% 100.00%
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Table C.18. Performance of new combination on the meta-AUPRC evaluation introduced in
section 3.5. We can see some combination metrics such as Balanced Acc + Inverse Balanced
Acc perform well.

Setting 3: gt ct Setting 4: SigLIP ct

ViT-B-16(ImageNet) ViT-B-16(ImageNet)

New metrics: AUPRC Rank AUPRC Rank

AUC + Inverse AUC 0.8977 3 0.6551 10
Balanced Acc + Inverse Balanced Acc 0.8885 5 0.7041 3
Recall + AUC 0.7081 17 0.6129 15
Recall + Inverse AUC 0.8892 4 0.0077 22
Precision + Balanced Acc 0.8679 8 0.7141 2
Precision + Inverse Balanced Acc 0.8610 9 0.6468 12

Old metrics:

Recall 0.0832 22 0.5758 17
Precision 0.8592 11 0.6428 13
F1-score/IoU 0.8759 7 0.6992 5
Accuracy 0.7858 13 0.5853 16
Balanced Accuracy 0.7463 15 0.6158 14
Inverse Balanced Acc. 0.8610 9 0.6474 11
AUC 0.7139 16 0.6933 7
Inverse AUC 0.8120 12 0.5439 18
Correlation 0.9399 1 0.7027 4
Correlation(T&R) 0.4365 18 0.4906 19
Spearman Correlation 0.0125 23 0.0047 23
Spearman Correlation(T&R) 0.1783 20 0.2395 20
Cosine 0.9037 2 0.6948 6
WPMI 0.7570 14 0.6881 8
MAD 0.1866 19 0.1268 21
AUPRC 0.8839 6 0.7511 1
Inverse AUPRC 0.1131 21 0.6688 9
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C.6 Detailed results

C.6.1 Missing and Extra Labels Test:

Experimental Setup Details:

We evaluate our experimental results across 8 settings:

• Setting 1: Dataset D=ImageNet, ViT-B-16 [20] trained on ImageNet, 1400 final layer

neurons(and superclass neurons), Table C.19

• Setting 2: Dataset D=ImageNet, ResNet-50 trained on ImageNet, 2048 layer4 neurons,

Table C.19

• Setting 3: Dataset D=Places365, ResNet-18 trained on Places365, 365 final layer neurons,

Table C.20

• Setting 4: Dataset D=Places365, ResNet-18 trained on Places365, 512 layer4 neurons,

Table C.20

• Setting 5: Dataset D=CUB200, CBM trained on CUB200, 112 concept neurons, Table

C.21

• Setting 6: Dataset D=CUB200, CLIP ViT-B-32 image encoder, linear probe trained to

detect CUB-concepts, 112 concepts, Table C.21

• Setting 7: Dataset D=OpenWebText(subset), GPT-2-small, final(prediction) layer neurons

corresponding to 500 most common tokens, Table C.22

• Setting 8: Dataset D=OpenWebText(subset), GPT-2-XL, final(prediction) layer neurons

corresponding to 500 most common tokens, Table C.22

For all settings we used the ground truth labels from the dataset as ct . The ImageNet

[19], Places [115] and GPT-2 [78] models were pretrained. For CUB-CBM we trained our own

model using the code released by [50]. Our CBM reached 96.75% concept accuracy on the test
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set which is in line with their reported results. For CLIP, we used the pretrained model from

[77], and then learned a linear probe on top of frozen image embeddings to minimize binary

cross-entropy loss on the training split of CUB200[98], with early stopping using validation data.

Our linear probe reached 89.76% concept accuracy. The CUB dataset is a small bird species

classification dataset that contains detailed annotations for lower level concepts, such as wing

color. Following [50], we only used the 112 concepts that are present on at least 5% of the inputs

and our CLIP linear probe was trained to predict these concepts, not the final class of inputs.

For the final layer neurons as well as CUB neurons we let ”correct” concept tk be

the ground truth concept for that neuron. We choose the hyperparameter α that maximizes

AUPRC(Sec 3.5) performance on validation neurons, and run the tests on test neurons. For all

evaluations we used neuron activations after the activation function (i.e. softmax/sigmoid).

For the Language Model evaluations we used a subset of 204,800 tokens from Open-

WebText [32] as D . We evaluated final layer neurons that directly predict next-token, so their

explanation was a specific token, which allowed us the extract ground truth ct directly from the

text. We focused on the neurons predicting 500 most common tokens to reduce computational

cost and to make sure we focus on concepts where there are enough positive labels available for

statistical significance.

For layer4(after avg pool) neurons we defined the ”correct” concept tk as the concept

that maximizes IoU with α = 0.005 similar to [6], using the class(and superclass) labels of the

dataset as ct . For these layers we fixed α = 0.005 for all metrics as that was used to determine

the ”ground truth”.

Interestingly, we find that more methods pass the tests on the CUB dataset than the other

datasets we looked at, but the trends in terms of which metrics perform worse are still similar.

We believe this is caused by data imbalance, as the concepts in CUB are relatively balanced

(following [50] we only keep concepts that are present on at least 5% of the inputs), while for

example ImageNet classes are much more imbalanced (each class is positive on 0.1% of the

inputs). This is confirmed by our theoretical observations in Section C.3, which show that poor
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metrics are much more likely to fail the test when the concepts are imbalanced.

Table C.19. Detailed results of Missing/Extra Labels test on Setting 1 and 2.

Setting 1: ViT-B-16 final layer neurons Setting 2: Resnet-50 layer4 neurons

Missing Labels Test Extra Labels Test Missing Labels Test Extra Labels Test

Metric Decrease Acc Decrease Acc Decrease Acc Decrease Acc

Recall 95.94% 0.00% 100.00% 0.00%
Precision 46.09% 99.62% 47.33% 100.00%
F1-score 95.64% 99.70% 100.00% 100.00%
IoU 95.34% 99.62% 100.00% 100.00%
Accuracy 0.00% 63.08% 0.00% 71.07%
Balanced Acc. 95.86% 23.98% 100.00% 21.12%
Inverse Balanced Acc. 45.56% 99.62% 46.35% 100.00%
AUC 95.34% 30.23% 87.41% 49.02%
Inverse AUC 21.35% 99.92% 46.61% 100.00%
Correlation 99.92% 99.92% 100.00% 100.00%
Correlation(T&R) 98.12% 44.96% 85.05% 50.51%
Spearman Corr. 53.91% 38.05% 56.89% 38.08%
Spearman Corr.(T&R) 93.61% 50.75% 67.47% 48.72%
Cosine 100.00% 99.85% 100.00% 97.84%
WPMI 95.94% 99.70% 86.64% 100.00%
MAD 49.47% 99.70% 46.30% 100.00%
AUPRC 99.25% 99.62% 99.23% 100.00%
Inverse AUPRC 100.00% 99.62% 98.05% 98.05%

Table C.20. Detailed results of Missing/Extra Labels test on Setting 3 and 4.

Setting 3: RN18(Places365) final layer Setting 4: RN18(Places365) layer4

Missing Labels Test Extra Labels Test Missing Labels Test Extra Labels Test

Metric Decrease Acc Decrease Acc Decrease Acc Decrease Acc

Recall 95.68% 0.00% 100.00% 0.00%
Precision 48.13% 98.85% 45.38% 100.00%
F1-score 56.77% 98.85% 99.79% 100.00%
IoU 56.77% 98.85% 99.79% 100.00%
Accuracy 0.00% 100.00% 0.00% 100.00%
Balanced Acc. 95.68% 99.42% 100.00% 65.71%
Inverse Balanced Acc. 44.67% 98.85% 45.17% 100.00%
AUC 99.14% 59.37% 87.89% 51.33%
Inverse AUC 41.50% 100.00% 50.31% 100.00%
Correlation 99.14% 99.42% 100.00% 100.00%
Correlation(T&R) 95.10% 48.70% 83.16% 51.33%
Spearman Corr. 60.23% 37.46% 64.07% 44.76%
Spearman Corr.(T&R) 89.91% 51.59% 70.43% 50.51%
Cosine 99.42% 99.42% 100.00% 99.79%
WPMI 95.68% 0.00% 91.17% 100.00%
MAD 46.97% 99.71% 45.38% 100.00%
AUPRC 84.44% 97.98% 97.13% 100.00%
Inverse AUPRC 100.00% 99.71% 99.18% 100.00%
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Table C.21. Detailed results of Missing/Extra Labels test on Setting 5 and 6.

Setting 5: CUB200 CBM neurons Setting 6: CUB200 Linear Probe

Missing Labels Test Extra Labels Test Missing Labels Test Extra Labels Test

Metric Decrease Acc Decrease Acc Decrease Acc Decrease Acc

Recall 100.00% 0.00% 100.00% 0.00%
Precision 38.32% 100.00% 43.93% 100.00%
F1-score 100.00% 100.00% 100.00% 100.00%
IoU 100.00% 100.00% 100.00% 100.00%
Accuracy 86.92% 100.00% 100.00% 95.33%
Balanced Acc. 100.00% 100.00% 100.00% 100.00%
Inverse Balanced Acc. 100.00% 100.00% 98.13% 100.00%
AUC 100.00% 100.00% 100.00% 90.65%
Inverse AUC 100.00% 100.00% 100.00% 100.00%
Correlation 100.00% 100.00% 100.00% 100.00%
Correlation(T&R) 99.07% 93.46% 98.13% 94.39%
Spearman Corr. 100.00% 90.65% 100.00% 87.85%
Spearman Corr.(T&R) 93.46% 89.72% 95.33% 85.05%
Cosine 100.00% 100.00% 100.00% 97.20%
WPMI 100.00% 91.59% 100.00% 79.44%
MAD 95.33% 99.07% 96.26% 96.26%
AUPRC 100.00% 100.00% 100.00% 100.00%
Inverse AUPRC 100.00% 93.46% 100.00% 73.83%

Table C.22. Detailed results of Missing/Extra Labels test on Setting 7 and 8.

Setting 7: GPT-2-small final layer Setting 8: GPT-2-XL final layer

Missing Labels Test Extra Labels Test Missing Labels Test Extra Labels Test

Metric Decrease Acc Decrease Acc Decrease Acc Decrease Acc

Recall 98.11% 0.00% 99.58% 0.00%
Precision 47.16% 100.00% 49.47% 100.00%
F1-score 99.37% 100.00% 97.89% 100.00%
IoU 99.16% 100.00% 97.89% 100.00%
Accuracy 1.47% 16.63% 1.89% 16.84%
Balanced Acc. 98.11% 9.68% 99.58% 9.47%
Inverse Balanced Acc. 45.47% 100.00% 48.84% 99.16%
AUC 93.89% 43.79% 96.00% 49.05%
Inverse AUC 34.11% 100.00% 28.63% 100.00%
Correlation 97.47% 100.00% 98.74% 100.00%
Correlation(T&R) 69.26% 48.00% 74.74% 50.74%
Spearman Corr. 38.53% 26.95% 38.74% 29.89%
Spearman Corr.(T&R) 65.05% 52.21% 65.05% 49.89%
Cosine 97.47% 100.00% 98.74% 100.00%
WPMI 98.11% 0.00% 99.58% 0.00%
MAD 49.68% 100.00% 49.05% 100.00%
AUPRC 91.16% 98.32% 93.68% 99.79%
Inverse AUPRC 97.68% 100.00% 98.32% 100.00%
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C.6.2 Meta-AUPRC evaluation:

Experimental Setup Details:

We evaluate our meta-AUPRC test described in Section 3.5 on 10 different settings:

• Setting 1: Dataset D=ImageNet, ViT-B-16(ImageNet), 1000 final layer neurons, ground

truth ct

• Setting 2: Dataset D=ImageNet, ViT-B-16(ImageNet), 1000 final layer neurons, SigLIP

ct

• Setting 3: Dataset D=ImageNet, ViT-B-16(ImageNet), 1400 final layer neurons + super-

class neurons, ground truth ct

• Setting 4: Dataset D=ImageNet, ViT-B-16(ImageNet), 1400 final layer neurons + super-

class neurons, SigLIP ct

• Setting 5: Dataset D=Places365, ResNet-18(Places365), 365 final layer neurons, ground

truth ct

• Setting 6: Dataset D=Places365, ResNet-18(Places365), 365 final layer neurons, SigLIP

ct

• Setting 7: Dataset D=CUB200, CBM trained on CUB200, 112 concept neurons, ground

truth ct

• Setting 8: Dataset D=CUB200, CLIP ViT-B-32 image encoder, linear probe trained to

detect 112 CUB-concepts, ground truth ct

• Setting 9: Dataset D=OpenWebText(subset), GPT-2-small, final(prediction) layer neurons

corresponding to 500 most common tokens.

• Setting 10: Dataset D=OpenWebText(subset), GPT-2-XL, final(prediction) layer neurons

corresponding to 500 most common tokens.

192



SigLIP ct indicates we used Pseudo-labels generated from SigLIP (ViT-SO400M-14-

SigLIP-384) [111] as done by [69]. For all metrics and evaluations we choose hyperparameters

such as α by finding the one with best performance on validation neurons (random subset of 5%

of the neurons), and use those hyperparameters to evaluate on test neurons.

Tables C.23, C.24 and C.25 show the detailed results of our AUPRC evaluation experi-

ment. While there is some differences on which metrics perform well on different setups, the

overall trends are quite consistent, with Correlation and Cosine outperforming others on almost

all settings, and AUPRC being the third best. Spearman Correlation also consistently performed

the worst.

Table C.23. Meta-AUPRC evaluation results on ImageNet Settings(1-4).

Setting 1: gt ct Setting 2: SigLIP ct Setting 3: gt ct Setting 4: SigLIP ct

original original original+superclass original+superclass
K and C K and C K and C K and C

Metric AUPRC Rank AUPRC Rank AUPRC Rank AUPRC Rank

Recall 0.9989 6 0.8638 12 0.0832 16 0.5758 12
Precision 0.9989 6 0.9640 6 0.8592 6 0.6428 9
F1-score/IoU 0.9989 6 0.9477 7 0.8759 4 0.6992 3
Accuracy 0.9989 6 0.8497 13 0.7858 8 0.5853 11
Balanced Acc. 0.9989 6 0.9032 11 0.7463 10 0.6158 10
Inverse Balanced Acc. 0.9989 6 0.9664 5 0.8610 5 0.6474 8

AUC 0.9974 14 0.9438 8 0.7139 11 0.6933 5
Inverse AUC 0.9415 15 0.8452 14 0.8120 7 0.5439 13
Correlation 0.9998 2 0.9739 2 0.9399 1 0.7027 2
Correlation(T&R) 0.9993 5 0.7257 15 0.4365 12 0.4906 14
Spearman Corr. 0.0023 17 0.0213 17 0.0125 17 0.0047 17
Spearman Corr.(T&R) 0.6533 16 0.4100 16 0.1783 14 0.2395 15
Cosine 0.9998 2 0.9733 3 0.9037 2 0.6948 4
WPMI 0.9989 6 0.9211 9 0.7570 9 0.6881 6
MAD 0.9994 4 0.9716 4 0.1866 13 0.1268 16
AUPRC 0.9989 6 0.9866 1 0.8839 3 0.7511 1
Inverse AUPRC 0.9999 1 0.9203 10 0.1131 15 0.6688 7
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Table C.24. Meta-AUPRC evaluation results on Places and CUB models Settings(5-8).

Setting 5: gt ct Setting 6: SigLIP ct Setting 7: gt ct Setting 8: gt ct

Resnet-18(Places) Resnet-18(Places) CBM(CUB200) Linear Probe(CUB200)

Metric AUPRC Rank AUPRC Rank AUPRC Rank AUPRC Rank

Recall 0.9639 12 0.7623 9 0.3958 17 0.1078 17
Precision 0.9640 6 0.7771 8 0.6803 9 0.2095 12
F1-score/IoU 0.9640 6 0.7916 6 0.6386 12 0.2792 7
Accuracy 0.9640 6 0.6490 14 0.5853 13 0.2239 10
Balanced Acc. 0.9640 6 0.7340 11 0.7165 7 0.3186 4
Inverse Balanced Acc. 0.9640 6 0.7813 7 0.6628 11 0.2608 8

AUC 0.9418 14 0.7205 12 0.7045 8 0.2031 14
Inverse AUC 0.8927 15 0.6877 13 0.8956 2 0.3745 3
Correlation 0.9693 1 0.8326 2 0.8883 3 0.4683 1
Correlation(T&R) 0.9662 4 0.5326 15 0.7170 6 0.2976 6
Spearman Corr. 0.0213 17 0.1214 17 0.4233 15 0.2185 11
Spearman Corr.(T&R) 0.7424 16 0.4005 16 0.4243 14 0.1607 15
Cosine 0.9693 1 0.8304 4 0.8985 1 0.4067 2
WPMI 0.9655 5 0.7539 10 0.7323 5 0.2089 13
MAD 0.9590 13 0.8321 3 0.7760 4 0.2432 9
AUPRC 0.9640 6 0.8669 1 0.6712 10 0.2981 5
Inverse AUPRC 0.9678 3 0.8006 5 0.3975 16 0.1302 16
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Table C.25. Meta-AUPRC evaluation results on Language Models Settings(9-10).

Setting 9: gt ct Setting 10: gt ct

GPT2-small GPT2-XL

Metric AUPRC Rank AUPRC Rank

Recall 0.9754 6 0.9951 6
Precision 0.9655 8 0.9780 9
F1-score/IoU 0.9569 9 0.9875 7
Accuracy 0.7395 13 0.8334 14
Balanced Acc. 0.9842 4 0.9973 4
Inverse Balanced Acc. 0.9658 7 0.9782 8

AUC 0.8139 12 0.9194 12
Inverse AUC 0.7282 14 0.8481 13
Correlation 0.9918 1 0.9986 1
Correlation(T&R) 0.6705 15 0.7695 15
Spearman Correlation 0.0137 17 0.0142 17
Spearman Correlation(T&R) 0.0917 16 0.1168 16
Cosine 0.9912 2 0.9985 2
WPMI 0.9773 5 0.9958 5
MAD 0.9014 11 0.9557 11
AUPRC 0.9880 3 0.9951 6
Inverse AUPRC 0.9314 10 0.9780 9
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Appendix D

Supplementary Material for Chapter 4

D.1 Discussion

D.1.1 Limitations

Due to time and budget constraints, our crowdsourced evaluation focuses on comparing

descriptions on a few models/layers e.g. later layer neurons of ImageNet trained models. While

we mostly find similar trends between the ResNet and ViT models, different description methods

may have advantage on different types of neurons. For example, it is possible that Network

Dissection based methods would perform better than they did on our current evaluation if we

focus on lower layer neurons or on models trained on Places365 [115], as the labels in the

Broden dataset are more suitable for these tasks. Similarly, we think LLM based methods [4, 86]

might perform better when describing neurons of a sparse autoencoder [14] as these are more

monosemantic and can be better described by highly activating inputs only.

Second, our crowdsourced evaluation relies on Amazon Mechanical Turk workers, who

are not experts and often make errors in labeling. While we introduced principled measures to

estimate the errors as well as mitigations for error, we cannot improve their domain knowledge,

which means a crowdsourced evaluation might favor simpler descriptions over more complex

concepts requiring domain knowledge. To compare more complex descriptions or neuron

descriptions in a specific domain it may be necessary to recruit domain expert raters.

Similarly, our Mechanical Turk validation in Section 4.4 assumes that the ImageNet
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labels for these images are correct and unambiguous, but in reality the labels contain some

errors and ambiguity. To mitigate this, we focused on ImageNet classes we deemed to have less

ambiguity in our experiment, but some ambiguity still remains as discussed in Appendix D.3.7.

Using an alternate rating setup that allows for rating indeterminacy such as [34] could potentially

improve this validation.

Finally, our evaluation is focused on evaluating input-based neuron explanations that

aim to explain the ”input→ neuron activation” function. Some recent work such as [28, 36]

instead focus on output-based neuron explanations that aim to explain the ”neuron activation→

model output” relationship. Rigorously evaluating these output-based explanations will require

different methodology and is an interesting problem for future work.

D.1.2 Broader Impact

This paper is focused on better understanding neural networks via interpretability, and as

such we expect its impact to be largely positive as better understanding of neural networks can

help us for example identify failure modes before deploying and enable better control of models.

As our focus is in particular on rigorous evaluation of neuron explanations, this can help avoid

interpretability illusions or users over-relying on unreliable explanations.

D.1.3 Crowdsourced Study Design

In this section we discuss how our methodology testing/validation settings described in

Section 4.4 can be used to help design the finer parameters of our study such as how many raters

to use per input. In our current MTurk setup, the cost of obtaining a rating for a single image by

a single rater is $0.06
15 = $0.004 as we show 15 inputs per task. We can then plot the expected

error as a function of evaluation cost by plotting ninputs ·nraters ·$0.004 on the x-axis.

In Figure D.1, we plot the cost vs expected error rate for different numbers of raters we

have per input. As we can see, the optimal number of raters per input depends on your budget,

with smaller number of raters working better with smaller budgets, while for a larger budget it is
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(a) Aggregation with Method 3a: BRAgg - Uniform
Prior.

(b) Aggregation with Method 3b: BRAgg - SigLIP
prior.

Figure D.1. Comparing rating aggregation strategies in Setting 2 (Testing on MTurk) described
in Sec 4.4. The x-axis represents the cost of evaluations as number of inputs per neuron multiplied
by number of raters per input, times cost per input. The lowest curve represents the optimal
number of raters for a particular budget.

optimal to use more raters per input.

Given our budget, we are aiming for a cost of around $2.2 per (neuron, explanation pair),

and we can see the optimal number of raters and expected error rate for this budget following the

black lines on our plot. Since we wish to get good results using both aggregation methods, we

can see 3 raters (green line) is among the best for both methods, we choose to use 3 raters and

180 inputs per neuron for the crowd-sourced study. This gives us an expected correlation error of

around 25% with Bayes - Uniform Prior and around 20% with Bayes - SigLIP prior based on

the MTurk test.

D.2 Ablation Studies

D.2.1 Choice of γ

Figure D.2 shows the effects of the hyperparameter γ (Eq. 4.6) on importance sampling

performance on our simulated setup with no label noise. For visual clarity, we report the

difference compared to baseline with γ = 0 instead of absolute numbers, so for example reducing
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Figure D.2. The Effect of the γ hyperparameter on Importance sampling performance.

RCE from 25% to 22.5% would show as −10% on this plot. Overall we can see our method is

not very sensitive to this choice, but using a reasonable γ does reduce error by around 10%, with

more relative difference on larger sample sizes. We use γ = 0.2 as it performs the best on sample

sizes around 200 that we use in our large study.

D.2.2 Sensitivity to β in BRAgg (Uniform Prior)

Figure D.3. Comparing the error rate of using different β values for BRAgg(Uniform prior).

Our Rating Aggregation Method 3a Bayes - Uniform Sampling described in Section
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4.3.2 depends on the β hyperparameter to select the uniform prior. In this section, we conducted

a test on Setting 2 (MTurk test, using MG-IS sampling) comparing different values for β . As

shown in Fig D.3, the exact choice of β has little effect on the correlation error, with values

between 0.02 and 0.2 performing well. In our experiments we used β = 0.05 which performs

well overall. We think the small sensitivity is mostly because changing prior has a relatively

linear effect on predicted ct , and since correlation coefficient normalizes the ct the scale of ct

does not change the correlation. Each datapoint in Figure D.3 is the average over 30 samples

with different random seeds.
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D.2.3 Activation-Guided Importance Sampling

Figure D.4. Comparing different sampling strategies on simulated data with no label noise. We
can see that importance sampling without model guidance can still perform quite well and deliver
significant gains over uniform sampling.

In addition to Model-Guided Importance Sampling (MG-IS), we also tested importance

sampling guided purely by neuron activations, which we call activation guided importance

sampling (AG-IS). This could be useful for cases where no cheap model is available to estimate

concept presence. In particular we tested with importance sampling functions of the following

form:

qact(xi) =
|[āk]i|α

∑xi∈D |[āk]i|α
(D.1)

qAG-IS(x) = (1− γ)qact(x)+ γ p(x) (D.2)

As shown in Figure D.4, we can see very significant gains over uniform sampling, with the

best performing variant being α = 2, but overall performance is not as good as our model-guided

importance sampling. We used γ = 0.2 for these experiments.
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D.2.4 Error Model for Rating Aggregation

For our main results, our Bayes modeling uses a uniform error model, i.e. we assume all

have concepts and inputs share the same error rate η as described in Section 4.3.2. However, this

is not always a realistic assumption, as some inputs and concept are harder/more ambiguous,

leading to higher error rates. To account for this, we also experimented using an alternative error

model where the error rate ηti is different for each pair of input i and concept t.

In this model P(r j
ti = c∗ti) = 1−ηti, where ηti ∼ Beta(0.75,2.5). The hyperparameters

α = 0.75 and β = 2.5 were selected to maximize the probability of the MTurk user ratings we

observed in Setting 2.

To do Bayesian inference with this model, we do inference on both c∗ti and ηti and report

[ct ]i =
∫

ηti
P(Cti,ηti|Rti)dηti.

Applying the Bayes rule P(Cti,ηti|Rti) = P(Rti|Cti,ηti)P(Cti,ηti)/P(Rti) we get:

[ct ]i =

∫
ηti
P(Rti|Cti,ηti) ·P(Cti)P(ηti)dηti∫

ηti
P(Rti|Cti,ηti) ·P(Cti)P(ηti)+P(Rti|¬Cti,ηti)P(¬Cti)P(ηti)dηti

(D.3)

Since P(ηti) and P(Cti) are independent. In practice calculating exact solution for the

integral is difficult, so we instead approximate it with 100 discrete bins.

Likelihood: P(Rti|Cti,ηti).

With αti = ∑
m
j=1 r j

ti, we obtain the likelihood in below equations:

P(Rti|Cti,ηti) = (1−ηti)
αti(ηti)

(m−αti) (D.4)

P(Rti|¬Cti,ηti) = (ηti)
αti(1−ηti)

(m−αti) (D.5)

Priors: For P(Cti) we use the same priors as in Section 4.3.2 (uniform or SigLIP prior).
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For P(ηti), we use the Beta distribution:

P(ηti) ∝ η
α
ti · (1−ηti)

β (D.6)

The hyperparameters α = 0.75 and β = 2.5 were selected to maximize the probability

of the MTurk user ratings we observed.

Results

Figure D.5. Comparing different error models for rating aggregation. Note log-scale on both
axes.

As shown in Figure D.5, the performance between different error models is similar, but

overall the simplified uniform error model (solid lines) leads to slightly better results, so we

use the simple error model for our main results. We are not fully certain why the simple model

performs better, but one possibility is that even 9 ratings per user is not enough for the Bayes

model to accurately infer per-input error rates.

D.2.5 SigLIP Only Evaluation Accuracy

Figure D.6 shows comparison of different rating aggregation strategies vs a pure auto-

mated evaluation only relying on SigLIP scores. We can see that the optimal rating strategy

depends on your budget. A fully automated evaluation provides similar accuracy as a hybrid

evaluation (BRAgg(SigLIP)) with 100 samples per (neuron, explanation) pair, or a pure human
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Figure D.6. Comparison the error of different rating aggregation strategies and only relying
on SigLIP instead of conducting a human study. Using our Setting 2 results from MTurk with
MG-IS sampling.

evaluation with 800 samples per neuron. This implies that the optimal study strategy depends on

your budget: If you cannot afford more than 100 human evaluations per neuron, it is best to rely

on automated evaluation. For budgets between 100-1000 samples per neuron, a hybrid evaluation

(BRAgg(SigLIP)) performs the best. For sufficiently large budget, i.e. > 1000 evaluations per

neuron, pure human evaluation (BRAgg(Uniform)) performs the best.

D.2.6 Compositional/Complex Explanations

A more complex explanation is typically more accurate, but it is harder to understand,

and more expensive to evaluate as it requires labels for each of the concepts involved in the

explanation. We use the length l to indicate explanation complexity, where l is the number of

unique concepts in the explanation, e.g. ”cat” OR ”dog” would have length 2.

For fairness we split the explanations into two groups, simple explanations where l = 1

and complex explanations with l > 1. Table 4.1 in main text shows comparison of different

simple explanations, while Table D.1 compares complex explanation methods. For complex

explanations, we can see Linear Explanations reaches the highest correlations with most methods
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Table D.1. SigLIP based simulation with correlation scoring comparing complex explanations
(l > 1). We can see Linear Explanation (LE) overall performs the best.

Complex Exp. (l¿1)
Comp Exp [65]

l=3
INVERT [16]

l=3
CCE [54],

l= 5
CCE [54],

l=15
LE(label) [69]

l=4.37/1.97
LE(SigLIP) [69]

l=4.66/1.82

RN-50
(Layer4)

0.1399
± 0.002

0.2341
± 0.002

0.0993
± 0.002

0.1510
± 0.003

0.2924
± 0.002

0.3772
± 0.002

ViT-B-16
(Layer11 MLP)

0.0468
± 0.002

0.1101
± 0.003

0.0534
± 0.003

0.0570
± 0.006

0.3243
± 0.005

0.3489
± 0.005

having higher scores than their simple counterpart, highlighting the value of added complexity.

D.2.7 Model Ablation

In our main results we used the SigLIP [111] ViT-L-16-384 model both as the guide for

importance sampling (MG-IS), and to provide the prior for our Bayes rating aggregation. For

the Automated Evaluation described in Section 4.5.1 we used the SigLIP ViT-SO400M-14-384

model.

The purpose of this section is to analyze the sensitivity of our results to the model

choice. In particular, we test replacing the SigLIP ViT-L-16-384 model for sampling and rating

aggregation with the following models:

1. CLIP [77] ViT-L14-336, which is an older model with slightly weaker benchmark perfor-

mance.

2. SigLIP2 [97] ViT-gopt-16-384, which is a bigger and more recent model with slightly

better benchmark scores.

3. DINOv3 [87] ViT-L-16 with pretrained head for zero-shot classification.

(dinov3 vitl16 dinotxt tet1280d20h24l)

For all models we used the weights and implementation from the open clip package [43].
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Results - Sampling Model:

Figure D.7 shows a comparison of different models for guiding sampling. We can see

better models improve results but the differences are quite small. On average using CLIP instead

of SigLIP leads to around 5 % (relative) increase in error with the same number of samples,

while using SigLIP 2 leads to around 2 % (relative) reduction in error. DINOv3 performs worse

than SigLIP but better than original CLIP on this task.

(a) Comparing different models for guiding sam-
pling in our simulated test (Sett. 1). Stronger mod-
els improve sampling but the differences are small.

(b) Same plot, but zooming in on the difference
in RCE using SigLIP vs. other models reveals the
relative ranking.

Figure D.7. Model ablation for guided sampling. (a) All models converge similarly; (b) the
per-model difference from SigLIP shows the relative ranking. Note much smaller y-axis range in
(b).

Results - Model for Bayes Prior:

When changing the model used for creating the prior in BRAgg, we observe similar

trends, with larger models generally performing better than smaller ones, but the results are a

bit less clear and depend on the number of evaluations. Figure D.8 shows the results of using

different models as the Bayes prior We notice a somewhat bigger performance difference in this

setting, with for SigLIP 2 reducing RCE at (3 raters per input and 200 inputs) from 19.70%(of

SigLIP) to 17.95% for around 10% relative reduction in error. Interestingly, using CLIP as the

prior performs worse with small sample sizes but beats SigLIP with large evaluation budget.
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Table D.2. Large scale crowdsourced study results using SigLIP 2 as the prior for BRAgg.

Model Aggregation CLIP-Dissect INVERT l=1 DnD MAIA LE(SigLIP) l=1
ResNet-50
(Layer4)

BRAgg
(SigLIP 2 Prior)

0.1392
± 0.008

0.1490
± 0.005

0.1242
± 0.008

0.1072
± 0.008

0.1786
± 0.009

ViT-B-16
(Layer11 mlp)

BRAgg
(SigLIP 2 Prior)

0.1714
± 0.019

0.1250
± 0.021

0.1039
± 0.016

0.1355
± 0.019

0.2591
± 0.023

Average BRAgg
(SigLIP 2 Prior) 0.1553 0.1370 0.1141 0.1201 0.2189

Inspired by these results, we also analyze our main experiment results using SigLIP 2 instead of

SigLIP as the Bayes prior and report the results in Table D.2. Overall we can see the results are

very similar to our results using SigLIP as the prior reported in Table D.5. The only difference

we notice is the correlation scores are slightly higher for all methods on ViT-B-16 neurons. This

highlights our conclusions regarding the relative performance of different explanation methods

are not sensitive to model choice.

Figure D.8. Comparing different choices for the Bayes prior. We can see SigLIP2 performs the
best overall.
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Table D.3. Comparing Sampling performance based on SigLIP AUC in detecting the concept.
We report average RCE.

AUC Range: 0-0.6 0.6-0.8 0.8-0.95 0.95-0.99 0.99-1
(#neurons) (217) (209) (204) (359) (1059)

Uniform 0.271 0.408 0.447 0.513 0.677
MG-IS 0.268 0.351 0.299 0.210 0.089

D.2.8 Effect of Sampling Model Accuracy on MG-IS Performance

To study how the performance of our sampling model (SigLIP) affects the efficiency of

MG-IS, we repeated the experiment in Sec 4.3.1 and split neurons into groups based on how

accurately SigLIP can detect their concepts. Table D.3 shows the RCE of different neuron groups

when sampling 180 inputs using different methods. As we can see, even on neurons where

SigLIP accuracy is close to random chance (AUC< 0.6), our MG-IS still produces slightly lower

error than pure uniform sampling baseline. This is likely because MG-IS samples from neurons

with a high product âk · ĉt , so even when ĉt is inaccurate, oversampling high activations can still

reduce variance. For concepts that are both rare and low AUC, a larger sample size is needed to

estimate correlation with low variance. However as seen in Table D.3, MG-IS still outperforms

the uniform sampling baseline in those cases. Conversely, on neurons where SigLIP accuracy is

high (most neurons) MG-IS reduces error ∼ 7×.

D.2.9 Comparison with Downstream Task Evaluation

To test whether our correlation evaluations give signal on downstream task performance

of neuron explanation methods, we ran the evaluation introduced by [4](Appx. A.6), where

they measure whether neuron explanation methods can be used to find neurons that make good

classifiers for unseen classes. In particular, we tested whether we can find neurons in ResNet-50

layer4 (trained on ImageNet) that make good classifier for CIFAR or Places365 classes. For

each class, we find the neuron whose explanation has the highest text embedding similarity to

the class name, and then measure it’s performance as a classifier on the new dataset using AUC.
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Table D.4. Using generated explanations to find neurons in RN-50 that work as classifiers for
unseen classes. We report Average AUC.

Target Classes CD DnD INVERT LE

CIFAR10 0.763 0.697 0.751 0.787
CIFAR100 0.727 0.723 0.733 0.746
Places365 0.726 0.692 0.679 0.727

We report the average AUC across classes in Table D.4. The intuition is that a good explanation

method should be able to identify better neurons for each task. Overall we see that the results

of this experiment align with our results and the methods that scored highest in our correlation

evaluation (LE > CD, INVERT > DnD) also find the best classifier neurons.
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Figure D.9. Our user study interface.

D.3 Additional Details

D.3.1 MTurk Experimental Details:

Figure D.9 showcases the full user interface displayed to the raters. We selected raters

based in the US with over 10,000 tasks approved and > 98% task approval rate. Each rater was

paid $0.05 per task (and we paid another $0.01 per task in fees to MTurk), which takes around

15 seconds to complete based on our testing, for an estimated $12/hr earnings.
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Table D.5. Detailed results of our large scale crowdsourced study. For each model we tested 100
random neurons, and we report the average correlation score of the explanations produced by
each method, as well as the standard error of the mean. Comparing different rating aggregation
methods, we can see that the correlation scores themselves vary a lot depending on the aggregation
method used, but the order between explanations methods is quite consistent.

Model Aggregation CD[68] INVERT l=1[16] DnD[4] MAIA[86] LE(SigLIP) l=1[69]

ResNet-50
(Layer4) Majority

0.0978
± 0.010

0.0981
± 0.010

0.0978
± 0.010

0.0834
± 0.010

0.1216
± 0.011

BRAgg
(Uniform Prior)

0.1017
± 0.009

0.0977
± 0.010

0.1011
± 0.008

0.0876
± 0.010

0.1261
± 0.011

BRAgg
(SigLIP Prior)

0.1356
± 0.008

0.1472
± 0.005

0.1179
± 0.007

0.0992
± 0.008

0.1803
± 0.008

ViT-B-16
(Layer11 mlp) Majority vote

0.1035
± 0.016

0.0754
± 0.016

0.0825
± 0.017

0.0723
± 0.013

0.1208
± 0.015

BRAgg
(Uniform Prior)

0.0934
± 0.014

0.0637
± 0.014

0.0689
± 0.013

0.0555
± 0.012

0.1018
± 0.012

BRAgg
(SigLIP Prior)

0.1568
± 0.017

0.1167
± 0.020

0.0904
± 0.015

0.1257
± 0.017

0.2450
± 0.021

Average BRAgg
(SigLIP Prior) 0.1462 0.132 0.1042 0.1125 0.2127

All 0.1148 0.0998 0.0931 0.0873 0.1493

D.3.2 Detailed MTurk results

Table D.5 shows more detailed results of our crowdsourced evaluation, including multiple

rating aggregation methods. Comparing different rating aggregation methods, we can see that

the correlation scores themselves vary a lot depending on the aggregation method used, but the

order between explanations methods is quite consistent, for example Linear Explanations [69]

score the highest regardless of aggregation method used.

Statistical Significance

Table D.6 reports the statistical significance of our results using the two-sample Student’s

t-test. We can see we have statistically significant evidence that Linear Explanations performs

better than all the other methods, with the exception of CLIP-Dissect when using BRAgg with

uniform prior, and all methods with the SigLIP prior.

211



Table D.6. Statistical significance of our results according to two-sample students t-test. We
report the p-values of different hypothesis, with statistically significant p-values in bold.

Hypothesis

Model Aggregation LE >CD LE >INVERT LE >DnD LE >MAIA

RN-50 BRAgg(Uniform) 0.0601 0.0079 0.0198 0.0010
BRAgg(SigLIP) 0.0020 0.0098 0.0000 0.0000

ViT-B-16 BRAgg(Uniform) 0.4295 0.0037 0.0431 0.0062
BRAgg(SigLIP) 0.0039 0.0001 0.0000 0.0001

Example Ratings

Figures D.10, D.11 and D.12 showcase example neurons and the descriptions assigned

by different explanation methods, as well as the correlation scores estimated by our crowd-

sourced study for those explanations. We colored explanations based on the estimated correlation

coefficient, with Green: ρ > 0.25, Yellow: 0.25≥ ρ > 0.10 and Red: 0.10≥ ρ .

We can see sometimes generative methods like MAIA [86] produce the best explanations,

for example ”Vibrant Green Elements in Nature” in Figure D.10(Neuron 1126), but other times

are too specific or fail to find the right concept D.11.

Overall we did not observe very high correlation scores for any neurons in ResNet50,

likely due to them being more densely activated and polysemantic, see for example neuron 108

(Fig. D.10 that activates for both trains and invertebrates. On the other hand, for ViT-B-16 we

observed several neurons that were extremely interpretable (correlation scores ¿0.5), such as

Neuron 2187 (Fig. D.12) that seems to only activate on Alpine ibex/Mountain goats.
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Figure D.10. Visualization of example neurons, their descriptions and correlations scores from
our crowdsourced evaluation (BRAgg with SigLIP prior). We have colored the descriptions
based on the correlation score.
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Figure D.11. Visualization of example neurons, their descriptions and correlations scores from
our crowdsourced evaluation (BRAgg with SigLIP prior). We have colored the descriptions
based on the correlation score.
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Figure D.12. Visualization of example neurons, their descriptions and correlations scores from
our crowdsourced evaluation (BRAgg with SigLIP prior). We have colored the descriptions
based on the correlation score.
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D.3.3 Experimental Details

Our evaluation focused on two models/layers:

1. Layer4 (end of residual block 4) of ResNet-50 trained on ImageNet. For simulation we

use the neuron activation after average pooling, giving scalar activations, but for methods

designed for 2d-activations, activations before average pooling are given as input.

2. MLP-activations in Layer 11 of ViT-B-16 [20] Encoder trained on ImageNet. We focus

only on the activations of the CLS-token as this is the last layer and other tokens do not

affect the prediction.

We use the full ImageNet validation dataset as D for the human study for all methods,

and for generating explanations unless the method requires a specific dataset for explanation

generation such as Broden [6]. For all methods using SigLIP guidance we use the SigLIP-

SO400M-14-386 model.

Baseline Implementation Details

For practical purposes we made slight modifications to some baseline methods. The

changes are discussed in detail below:

DnD [4]: The original implementation uses GPT-3.5 Turbo through the OpenAI API.

Given the high cost of using the API and that recent open-source LLMs have strong performance

compared to even closed-source LLMs like GPT-3.5, we replace GPT-3.5 Turbo with Llama

3.1-8B-Instruct [33]. DnD [4] showed that the older Llama 2 model was already better than

GPT-3.5 Turbo and on-par with GPT-4 Turbo for neuron description, so our choice of Llama 3.1

does not degrade DnD’s performance w.r.t. GPT-3.5 Turbo.

MAIA [86]: Compared to the original implementation, we replace GPT4-vision-preview

with the newer GPT4o-2024-08-06 [74] since it has lower API costs and better performance. The

method is still quite expensive, costing us approximately $65 and $116 to generate descriptions

for 100 randomly selected neurons of ResNet-50 Layer4 and ViT-B-16 Layer11 MLP respectively.
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Note that this cost also includes repeating the experiment for ∼10 and ∼20 neurons from ResNet

and ViT respectively which did not yield any neuron description in the first run. Initially, we also

tried open-source LLMs with support for vision inputs (i.e. VLMs) like Llama-3.2-11B-Vision-

Instruct [33], Llava-OneVision-Qwen2-7B-ov-hf [56], and CogVLM2-Llama3-Chat-19B [40].

However, these VLMs do not work well with MAIA since they fail to generate executable code,

forget the image tokens and focus only on the last few text tokens if given a long prompt, and

allow only one image input at a time. This is likely because these VLMs are geared towards

visual question answering and do not possess the more generalized capabilities of GPT4/4o.

Methods relying on 2d activations: Many methods are designed to explain entire

channels of CNNs with 2d activations [6, 65, 39, 54]. For ResNet-50 layer4 we fed the pre-avg

pool activations to these methods for proper 2d input. However, for ViT-B-16 last layer only

the CLS-token activations affect the output, and as such we are explaining neurons with scalar

activations. In this case, we broadcasted the scalar activations into a 2d-tensor with the same

value in all spatial locations. However this is not the intended way to use these methods and may

partially explain poorer performance of some methods on ViT-neurons as observed in Tables 4.1

and D.1.

CCE [54]: For Clustered Compositional Explanations, we tested two different versions:

the l = 15 version corresponds to the default version with length 3 explanations for each of

the 5 activation clusters. For the l = 5 version we used explanation length=1 with 5 clusters of

activations. We also used the implementation of [54] to reproduce the results of Compositional

Explanations [65] by setting explanation length=3 and number of clusters=1.

Subset of Neurons

For most methods in Table 4.1 and D.1, we report the average correlation scores across

all 2048 neurons for ResNet-50 layer4 and 3072 neurons for ViT-B-16 layer11 mlp. However

for certain methods due to high computational and/or API cost we were only able to explain a

subset of these neurons and report the average score of these subsets in Tables 4.1 and D.1. We
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report the results for a subset of neurons for the following methods:

• MAIA [86]: Randomly selected subset of 100 neurons each for both RN50 and ViT-B-16.

• CCE [54] l = 5: For ViT-B-16 we used a subset of 1420 neurons. RN50 evaluated on all

neurons.

• CCE [54] l = 15: RN50: subset of 984 neurons. ViT-B-16: subset of 422 neurons.

All other methods were evaluated on all neurons of each layer.

D.3.4 Automated Evaluation Details

For our automated evaluation(Sec. 4.5.1), we use Simulation with Correlation Scoring as

described by [69]. This evaluation was originally proposed for language model neurons by [9].

The basic idea of simulation evaluation is to use the explanation to predict neuron

activations on unseen inputs. With correlation scoring we then evaluate the correlation coefficient

ρ between the predicted activations s and actual neuron activations ak on the entire test split of

10,000 inputs as done by [69].

For simple explanations, the predicted activation s is simply the presence of concept on

that input.

s(xi, t) = [ct ]i (D.7)

For a linear explanation, E = {(w1, t1), ...,(wl, tl)} the predicted activation s is calcu-

lated following [69] as:

s(xi,E) = ∑
w j,t j∈E

w j[ct j ]i (D.8)

For compositional explanations [65], we calculate the predicted activation as follows

using probabilistic logic. Different basic logical operators are calculated as:
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s(xi, t1 AND t2) = [ct1]i · [ct2]i (D.9)

s(xi, t1 OR t2) = 1− (1− [ct1 ]i) · (1− [ct2]i) (D.10)

s(xi,NOT t) = 1− [ct ]i (D.11)

Predictions for more complex compositions are then calculated by iteratively applying

these rules.

Clustered Compositional Explanations: CCE [54] explanations are of the form

E = {(l1,u1,F1), ...,(lr,ur,Fr)} where r is the number of activation clusters, and l j,u j are the

lower and upper bound of activations for that cluster and Fj is a compositional explanation for

activations of that cluster. To predict neuron activation based on this explanation, we use the

following formula:

s(xi,E) = ∑
l j,u j,Fj∈E

l j +u j

2
s(xi,Fj) (D.12)

This means if the concepts according to the formula of a cluster are present, we predict

the neuron’s activation will be in the middle of the clusters activation range.

For all automated evaluations we use SigLIP-SO400M-14-386 model to predict ct fol-

lowing [69].

D.3.5 Theorem 1

Suppose we are estimating the expected value of function h(x) when x∼P . Let X be

the support of P .

Theorem 1 ([81], Sec 3.3.2, Theorem 3.12). For importance sampling with sampling distribution

219



q:

Ex∼P [h(x)] =
∫
X

h(x)
p(x)
q(x)

q(x)dx≈ 1
|S|

|S|

∑
i=1

h(xi)p(xi)

q(xi)
.

The choice of q that minimizes the variance satisfies q(x) ∝ |h(x)|p(x).

Proof: Reproduced from [81].

Var
[

h(x)p(x)
q(x)

]
= Eq

[(
h(x)p(x)

q(x)

)2
]
−
(
Eq

[
h(x)p(x)

q(x)

])2

(D.13)

Since the the second term
(
Eq

[
h(x)p(x)

q(x)

])2
= (
∫
X h(x)p(x)dx)2 does not depend on q,

in order to minimize variance we only need to minimize the first term.

From Jensen’s inequality it follows that:

Eq

[(
h(x)p(x)

q(x)

)2
]
≥
(
Eq

[
|h(x)|p(x)

q(x)

])2

=

(∫
X
|h(x)|p(x)dx

)2

(D.14)

Giving us a lower bound for the first term. If we set

q(x) =
|h(x)|p(x)∫

X |h(z)|p(z)dz
(D.15)

Which is a valid probability distribution, we get:

Eq

[(
h(x)p(x)

q(x)

)2
]
=

(∫
X
|h(z)|p(z)dz

)2

(D.16)

This exactly matches the lower bound, proving that minimum variance is attained by

setting

q(x) =
|h(x)|p(x)∫

X |h(z)|p(z)dz
∝ |h(x)|p(x) (D.17)
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D.3.6 Compute details

Our main contribution is focused on efficient crowd-sourced evaluation and as such our

method is not computationally costly. The main computational cost associated with our method

is calculating the SigLIP image encoder outputs for the entire D , as these are needed for both

importance sampling and the Bayes - SigLIP prior. However this is a relatively cheap onetime

cost of around 20 minutes on a single NVIDIA RTX 6000 Ada Generation GPU.

The main computational expense associated with this paper involved running the baseline

methods. In Tables D.7 and D.8 below, we report the approximate runtime to explain all neurons

of a layer using different description methods using a single NVIDIA RTX 6000 Ada Generation

GPU.

Table D.7. Approximate runtime of different l = 1 baseline methods to explain neurons.

Simple Exp.
l = 1

ND
[7]

MILAN
[39]

CD
[68]

INVERT
l=1 [16]

DnD
[4]

MAIA
[86]

LE(label)
l=1 [69]

LE(SigLIP)
l=1 [69]

RN-50
(Layer4) ∼ 1 hr ∼ 1 hr ∼ 5 mins ∼ 1 hr ∼ 55 hrs ∼ 255 hrs ∼ 1 hr ∼ 1 hr

Table D.8. Approximate runtime of different complex explanation baseline methods.

Complex Exp.
l > 1

Comp Exp [65]
l=3

INVERT [16]
l=3

CCE [54],
l= 5

CCE [54],
l=15

LE(label) [69]
l=4.37/1.97

LE(SigLIP) [69]
l=4.66/1.82

RN-50
(Layer4) ∼ 92 hrs ∼ 24 hrs ∼ 87 hrs ∼ 275 hrs ∼ 1 hr ∼ 1 hr

D.3.7 Inter-Annotator Consistency

To measure the quality of our ratings, we also measure inter-annotator consistency

through Fleiss’s Kappa. This measures the amount of agreement above chance, with 1 meaning

perfect agreement and 0 random chance.

For MTurk raters in our test Setting 2, we observe a Kappa of 0.395. On the real study we

observe Fleiss’s Kappa of 0.191 on ViT neuron explanations and 0.274 on RN50 neurons. Overall
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we can see these agreement rates are relatively low, highlighting the need for error correction

through rating aggregation. While we think some of the noise in responses is underlying poor

quality responses, some disagreement is also caused by underlying ambiguity in the task or poor

explanations like MAIA sometimes outputting ”Undetermined Selectivity”.

To compare against higher quality annotations, we had 3 authors rate 150 samples each

for the 10 neurons in Setting 2. For authors we observed a Fleiss Kappa of 0.774. This shows

that obtaining higher quality raters has potential to improve study signal, but as we show we can

still efficiently utilize noisy ratings with our methods.
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Appendix E

Supplementary Material for Chapter 5

E.1 Additional Details and Results

E.1.1 Appendix Overview

In this section we provide a brief overview of the Appendix contents. The Appendix is

mostly focused on Ablation studies identifying the importance and effectiveness of different

components of our pipeline, as well additional Figures to showcase more examples of our results.

First in section E.1.2 we discuss the limitations of our method, then in section E.1.3

we show that our proposed cos cubed similarity function performs well in describing neuron

functionality. In section E.1.4 we perform an ablation study on the effect of different concept

set filters we have proposed, and in Sec E.1.5 we discuss our reasoning behind each filter in

detail through an example. In section E.1.6 we show that our GPT-3 generated concept set helps

us reach higher accuracy than previous methods for creating initial concept set. In Appendix

E.1.7 we show the effects of removing the sparsity constraint on our models, leading to higher

accuracy but reduced interpretability. In Appendix E.1.8 we show our results are consistent

despite inherent randomness in our pipeline. Next, in Appendix E.1.9 we provide a detailed

explanation of the procedure we used for model editing described in Sec 5.5.2. Finally in Sections

E.1.10, E.1.11 and E.1.12 we provide additional figures for model editing, individual decision

explanations and model weight visualizations respectively. In Appendix E.2 we provide results

of our large-scale crowdsourced human evaluation, which confirms that LF-CBM is indeed more
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interpretable than standard models according to two metrics.

E.1.2 Limitations

While our model performs well in terms of both interpretability and accuracy, it still has

some limitations. For example, using a model like GPT-3 to produce concepts is stochastic, and

sometimes may fail to generate important concepts for detecting a certain class. However our

model is quite robust to small changes in the concept set as shown in sections E.1.4 and E.1.8.

In general, automatic ways of generating concept set may sometimes lack the required domain

knowledge to include some important concepts, and would perhaps be best used in collaboration

with a human expert.

Second, our model is aimed to extend Concept Bottleneck Models to large datasets

where labeled concept data is not available. However it works best on domains where CLIP

performs well and as such may not perform as well on small datasets that require specific domain

knowledge and labeled concept data is available, such as medical datasets. For such datasets we

believe it is still better to use a method that can effectively leverage the labels available such as

original Concept Bottleneck Models [50] or P-CBM[108].

E.1.3 Dissection performance of cos cubed similarity function

In this section we discuss how good the cos cubed similarity function we defined in

section 5.3.2 is at describing neuron functionality, i.e. how well it performs as a similarity

function for CLIP-Dissect. Specifically we measured its performance on describing the roles of

final layer neurons on a ResNet-50 trained on ImageNet (where we know the ground truth role

of the neurons) in terms of both accuracy and average distance from the correct description in

a text embedding space. We followed the quantitative evaluation methodology of [68], which

describes this process in more detail. We compared the results against using CLIP-Dissect with

two different similarity functions, softWPMI which was the best function identified by [68]

and cos which is a simple differentiable baseline. We can see cos cubed performs as well as
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softWPMI in terms of similarity in text embedding space, while being slightly worse in terms of

accuracy, and is much better than simple cos similarity. This is impressive given cos cubed is

fully differentiable while SoftWPMI is not differentiable.

Table E.1. Comparison of the performance between similarity functions. We look at the final
layer of ResNet-50 trained on ImageNet. We use 20,000 most common English words as the
concept set for mpnet cos similarity and ImageNet classes as the concept set for top1 accuracy.
We can see cos cubed performs much better than simple cos, and almost as well as SoftWPMI.

Dprobe

Metric Similarity
function

CIFAR100
train

Broden ImageNet
val

ImageNet val
+ Broden

Average Differentiable

mpnet cos 0.2761 0.215 0.2823 0.2584 0.2580 Yes
cos similarity SoftWPMI 0.3664 0.3945 0.5257 0.5233 0.4525 No

cos cubed 0.3579 0.4101 0.5187 0.5223 0.4523 Yes

Top1 accuracy cos 8.50% 5.70% 15.9% 11.4% 10.38 % Yes
SoftWPMI 46.20% 70.50 % 95.00% 95.40% 76.78% No
cos cubed 31.00% 49.40 % 87.40% 85.50% 63.33% Yes
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E.1.4 Ablation: Effect of concept filters

In this section we study how each step in our proposed concept filtering effects the results

of our method. In general our use of filters has two main aims:

• To improve the interpretability of our models

• Improve computational efficiency and complexity by reducing the number of concepts

The filters are not designed to improve performance of the models in terms of accuracy,

in fact we would expect them to slightly reduce accuracy as a model with more concepts is

generally larger and more powerful.

To evaluate the effect each individual filter has we trained models on both CIFAR10 and

ImageNet while deactivating one filter at a time, as well as one without using any filters at all.

The results are displayed in Table E.2. We can see that the accuracy of our models is not at

all sensitive to the choice of filters, with ImageNet accuracy remaining constant and CIFAR10

slightly increasing its accuracy with less filters. We were unable to train an ImageNet model

without any filters as training with the large number of concepts required more memory than

we had available in our system. Additionally the ImageNet model without similarity to other

concepts filter had worse accuracy and less sparsity than other tested models, which we think

may be caused by the GLM-SAGA optimizer not finding as good of a solution when the number

of concepts increased too much.
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Table E.2. Effect of our individual concept filters on the final accuracy and number of concepts
used by our models. *We were unable to train the model to be sparse enough, results from a less
sparse model.

Filters
CIFAR10
Accuracy

CIFAR10
#concepts

ImageNet
Accuracy

ImageNet
#concepts

All filters 86.26% 142 71.89% 4380
No length filter 86.55% 146 71.88% 5347
No similarity to classes filter 86.74% 148 71.93% 4671
No similarity to other concepts filter 86.42% 151 70.90%* 6515
No CLIP activation filter 86.41% 147 71.92% 4478
No projection accuracy filter 86.33% 147 71.88% 4462
No filters at all 86.56% 177 N/A 9087

E.1.5 Further discussion and example of concept filtering

To further show the effects of each filter, we will showcase the full filtering procedure

for our CIFAR10 model with all filters. We start with a freshly generated initial concept set

from GPT-3, which has a total of 177 concepts. We then take the following steps to filter down

concepts:

1. Delete concepts that are too long. This step is important to make sure concepts are easy

to visualize and simple non-convoluted concepts. For CIFAR-10 this leads to deletion of 3

concepts:

- white spots on the fur (in some cases), feline features (e.g., whiskers, ears) and legs with

two toes pointing forward and two toes pointing backward.

174 concepts remain.

2. Delete concepts too similar to output classes. This step is required for the explanations

to be informative, as it helps avoid trivial explanations such as: ”This is image is a cat

because it is a cat”. This step removes the following CIFAR-10 concepts (with the class

name it is too close to shown in brackets):

- a cat (cat), a deer (deer), a horse (horse), a plane (airplane), a car (automobile), car
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(automobile), cars (automobile), vehicle (automobile), animal (dog), truck driver (truck)

164 concepts remain

3. Delete concepts too similar to other concepts. In this step we aim to delete duplicate

concepts from the concept set, i.e. two concepts that have the same semantic meaning

should not both be part of the concept set. Duplicate concepts will cause unnecessary

computational cost and confusing explanations. For CIFAR-10 we delete the following

concepts (with the concept it is too similar to in brackets):

- 4 wheels (four wheels), a food bowl (a bowl), a furry, four-legged animal (a large, four-

legged mammal), a gasoline station (a gas station), a large boxy body (a large body), a

large, muscular body (a large body), a street (a road), a strong engine (an engine), large,

bulging eyes (large eyes), the ocean (the sea)

154 concepts remain

4. Remove concepts not present in training data. In this step we remove all concepts

that CLIP thinks are not really present in training data. The purpose is to avoid learning

neurons that don’t correctly represent their target concepts, as concepts missing from the

dataset are unlikely to be learned correctly in the Concept Bottleneck Layer. For CIFAR-10

this step deletes the following concepts:

- a bit, a mechanic, legs, long legs, passengers, several seats inside, windows all around

147 concepts remain

5. Remove concepts we can’t project accurately. The purpose of this step is similar to

the previous step, we want to remove all concepts that are not faithfully represented by

the CBL. To do this we evaluate the similarity score between the target concept and the

activations of our new neuron using CLIP-Dissect [68] on the validation data, and delete

concepts with similarity less than 0.45 which was determined to be a good indicator of

faithful concept representation. For CIFAR-10 we delete the following concepts:
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- a bed, a coffee mug, a crew, a house, a wheel

We are left with our 142 final concepts.

In total our method has 5 different cutoff parameters that can be tuned. Since the main

purpose of these filters is to make the network more interpretable, their values were mainly

chosen through trial and error to find ones that produce the most useful and explainable models.

Most of these cutoffs are independent of the dataset chosen, and the only one we changed from

one dataset to another was the value of cutoff for images being present in the dataset (filter 4).

We used a cutoff of 0.25 for CIFAR-10 and CIFAR-100, 0.26 for CUB-200 and 0.28 for Places

and ImageNet. We found we had to change this cutoff as CLIP doesn’t activate very highly on

low resolution images of CIFAR, and in general we get higher top5 activations on larger datasets.

Since the other 4 cutoffs are fixed, using our method for a new dataset won’t require a large

hyperparameter search, and as seen in Table E.2 the overall performance is not very sensitive to

specific filters.

To visualize the effect of our filters, in Figure E.1 we visualize the final layer weights for

CIFAR-10 class ”automobile” trained with and without filters. We can see the model with filters

has found a reasonable decision rule, with largest weights corresponding to four wheels and a

steering wheel. On the other hand, the weights for the model without filters are quite problematic.

First, the 3 largest weights are cars, car and a car. Not only do they have the same meaning as

the final class itself (filter 2), thus lacking any explanatory power, they are duplicates of each

other (filter 3), making the explanation unnecessarily complicated. Finally we see the unrelated

concept bed which is not present in CIFAR-10 having a small positive weight, which should be

removed by either filter 4 or 5.

E.1.6 Ablation: Effect of Initial Concept set

In this section we evaluate the effect our initial concept set generator has on our results.

In our paper we proposed a new method of generating descriptions using GPT-3 [15], and in

this section we compare those results to the case where we generate the initial concept set using
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Figure E.1. Comparison of the final layer weights between CIFAR-10 model trained with and
without filters.

ConceptNet [90] as proposed by [108]. In general ConceptNet only works well when prompted

with relatively common single word phrases, but many of class names for CUB200, Places365

and ImageNet consist of multiple words, such as the ImageNet class great white shark. To

overcome this issue we split multi-word class names into single word components and add

concepts related to each word to the concept set, in this case great, white and shark. After

creating the initial concept set we use the same filtering procedure described in section 5.3.1B for

both models. Table E.3 displays the accuracy comparison between models trained on different

initial concept sets. In general using GPT3 seems to provide a small (0.1-1.5%) accuracy boost

on all datasets, with the exception of CUB200 where the ConceptNet model fails completely.

This is because ConceptNet is unable to generate concepts for the highly specific class names in

CUB200, such as Groove billed Ani, while GPT-3 is not troubled by this.
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Table E.3. Accuracy comparison between using different methods for generating initial concept
set.

Model\Dataset CIFAR10 CIFAR100 CUB200 Places365 ImageNet

LF-CBM (GPT-3 [original]) 86.40% 65.13% 74.31% 43.68% 71.95%
LF-CBM (ConceptNet) 86.30% 63.62% 2.19% 42.49% 71.52%
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E.1.7 Ablation: LF-CBM without sparsity constraint

To estimate the effect sparsity has on our models, we show the accuracy of LF-CBM

models trained without sparsity constraints (LF-CBM (dense)) in Table E.4. We can see that

not using a sparsity constraint greatly improves accuracy (except for CUB200 which starts to

overfit), but it comes at a very large cost for interpretability as can be seen in Figure E.2, where

almost none of the decision is explained by the 10 most highly contributing concepts.

Table E.4. Results of training our CBM without sparsity constraints on the final layer.

Model\Dataset CIFAR10 CIFAR100 CUB200 Places365 ImageNet
LF-CBM (sparse [original]) 86.40% 65.13% 74.31% 43.68% 71.95%
LF-CBM (dense) 87.50% 67.93% 74.25% 48.25% 74.09%

Figure E.2. Dense CBM explanation for the same image as the fourth image in Figure E.11. We
can see the dense model is practically uninterpretable.
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E.1.8 Consistency of concept set generation

Since the initial concept set is generated using GPT-3, it is a random process and in

this section we explore how much this noise effects our final results. When regenerating initial

concept set and running our concept filtering pipeline for our ImageNet model, we got 4380

concepts, compared to the original 4523 concepts. In terms of accuracy, the model learned with

regenerated concept set reached an accuracy of 71.89%, compared to the average of 71.95% with

the original concept set. This indicates that the difference is very small in terms of accuracy.

However, the exact concepts used and model weights can be pretty different as shown in Figure

E.3, despite all being relevant (e.g. there are many concepts that appear on both concept sets, e.g.

Image 49962 has important concepts of ”wipes”, ”toiletries” on both, though they have different

corresponding contributions). Figure E.3 shows the explanations for decisions on two random

images for the original model and model trained with regenerated concept set.

233



Figure E.3. Difference in concepts used for a decision and their weights for models trained with
original vs regenerated concept set, shown on two random images.
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E.1.9 More details on Model editing procedure

Here we provide an improved explanation of Sec 5.5.2 on how we can edit the final

layer weights of our proposed Label-Free CBM to correct incorrect predictions. Our procedure

includes 3 steps:

Step 1: Find an input image xi where the model makes a Type 4 Error (incorrect

final layer weight):

This is done by visualizing incorrect model predictions and their explanations similar

to Figure 5.4. To identify if it is a Type 4 error, first we check that the ground truth label of the

input image is correct and unambiguous (therefore not type 1 error described in Sec 5.5.1). Next,

we check that the highly activating concepts look correct (therefore not type 2 or type 3 error

described in Sec 5.5.1).

Step 2: Identify a concept to edit:

We start by listing the highest activating concepts for the chosen input, i.e. the highest

elements of fc(xi) (after normalization). This allows us to identify concepts that are the most

important for this specific image while not too important for other images. From these concepts

we use our domain knowledge (and/or internet search) to understand which concepts are relevant

to making this decision.

For example, the image in the right panel of Figure 5.6 is originally predicted as a

“Shopping basket”, while the ground truth is a “Hamper”. The 5 most highly activating concepts

for this image are: “a basket”, “made of rope or string”, “a rope”, “a laundry basket” and

“a fishing net”. After a short investigation we find that although the classes “Hamper” and

“Shopping basket” are very similar, hampers are more often constructed in a woven like manner.

Therefore, we identify the concept of “made of rope or string” as relevant for capturing this

difference, and choose it for editing in the next step.

Step 3: Change weights by sufficient magnitude:

Once we have selected the concept to be corrected, we will compute how much the
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magnitude of the associated final layer weight should be changed (denoted as ∆w, ∆w ∈ R) and

then edit the weights in the following way:

WF [gt,concept]←WF [gt,concept]+∆w, WF [pred,concept]←WF [pred,concept]−∆w (E.1)

Note that WF [i, j] denotes the (i, j) element in the matrix WF . The goal of editing is to correct

the inaccurate prediction on this specific instance while minimizing effect on other predictions.

To calculate ∆w needed to flip prediction, we first calculate the difference in logits ∆a (before

softmax) before the edit, ∆a =WF [pred,:] fc(xi)−WF [gt,:] fc(xi).

Since we would like the prediction to be corrected to gt class, our goal is to design ∆w

such that

(WF [gt,:]+∆w · e) fc(xi)− (WF [pred,:]−∆w · e) fc(xi)> 0 (E.2)

where e is a one-hot row vector with the entry e[concept] = 1. Let b = (WF [gt,:]+∆w · e) fc(xi)−

(WF [pred,:]−∆w · e) fc(xi), where b is a nonnegative constant deciding how large of a margin we

want the correct prediction to have. Since ∆a =WF [pred,:] fc(xi)−WF [gt,:] fc(xi), we have:

2∆w · fc(xi)[concept]−∆a = b⇒ ∆w = (∆a+b)/(2 fc(xi)[concept]) (E.3)

Typically we use values for b between 0.2 and 2 to calculate required ∆w.

It is worth noting that when the model weights are edited, it might affect other image’s

predictions too due to the change of weight parameters. Thus, with the goal to correct the wrong

predictions while not affecting other already correct predictions, we suggest each edit should be

checked with a validation dataset before applying on a target model. As described in the end

of Sec 5.5.2 in the manuscript, with the above proposed model weight editing, we are able to

improve the overall model accuracy from 71.98% to 72.02% by performing the model editing

for only 5 different images, which is a non-negligible improvement. Since the edits only affect

weights for 10/1000 classes, this corresponds to a 4% accuracy boost on the affected classes.
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E.1.10 Additional figures

Figures E.4, E.5 provide examples of the full prompts we used for GPT-3, as well as GPT

outputs. For all experiments we used the text-davinci-002 model available through OpenAI API.

Figure E.6 shows the additional model edits performed in our ImageNet CBM experiment,

and Figure E.7 showcases Type 1 and Type 2 errors made by our ImageNet CBM.

Figure E.4. Full prompts used for GPT-3 concept set creation. Text in green generated by GPT,
rest is our prompt.

237



Figure E.5. Full prompts used for GPT-3 concept set creation. Text in green generated by GPT,
rest is our prompt.
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Figure E.6. The other 3 model edits we performed in our experiment
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Figure E.7. Examples of Type 1 and type 2 model errors.
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E.1.11 Additional weight visualizations for random classes

In figures E.8 and E.9 we have visualized the final layer weights leading to 4 randomly

chosen output classes for both Places365 and ImageNet. These were created using the same

procedure as Figure 5.3, with minor differences such as focus on single class at a time and no

manual editing of concept colors according to semantic similarity. We can see that the concepts

that have large weights are indeed relevant to the class, and overall the weights look reasonable.
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Figure E.8. Weight visualizations for 4 randomly chosen output classes for our CBM trained on
Places365.
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Figure E.9. Weight visualizations for 4 randomly chosen output classes for our CBM trained on
ImageNet, as well as an example image of each class to clarify their meaning.
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E.1.12 Additional explanations for random images

In figures E.10, E.11, E.12 we display additional samples of decision explanations for

4 randomly chosen input images for each of Places365, ImageNet and CUB-200 respectively.

Overall, it can be seen that the concepts and explanations are of good quality, even with the

CUB-200 dataset which may require very specific knowledge and concepts to create CBMs. This

result demonstrates the effectiveness of our LF-CBM, which does not use the expert-knowledge

concept sets unlike existing CBMs.
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Figure E.10. Explanations for 4 randomly chosen input images for our CBM trained on
Places365.
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Figure E.11. Explanations for 4 randomly chosen input images for our CBM trained on
ImageNet.
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Figure E.12. Explanations for 4 randomly chosen input images for our CBM trained on CUB-
200.
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E.2 User Study on the Interpretability of LF-CBM

Note: The results in this section were added after the ICLR camera ready deadline to

further support the interpretability of our proposed method and are not included in the official

ICLR paper.

To get a quantitative measure of the interpretability of our models, we conducted a large

scale study on Amazon Mechanical Turk. We evaluated our models on two tasks:

1. Evaluating how well the neurons in CBL correspond to their target concepts

2. Evaluating how reasonable the explanations for the decisions of our models are

E.2.1 Task 1: Do neurons in CBL correspond to their target concept?

For our explanations to be faithful, it is very important that the neurons we learned in the

Concept Bottleneck Layer (Section 5.3.2) indeed correspond to their target concepts.

Setup: To test this, we conducted a large scale evaluation on Amazon Mechanical Turk,

where we evaluated all 4505 neurons in the CBL of our trained ImageNet LF-CBM, with 3

ratings per neuron. Our experiment interface is shown in Figure E.13. The basic idea is to show

users the 10 most highly activating images (from the validation dataset) for a neuron, and ask

them to rate whether the description accurately matches the images on a 5-point scale, where

1=Strongly Disagree and 5=Strongly Agree. The description for a CBL neuron is its target

concept.

As a baseline, we compared against neurons in the second to last layer of ResNet-50

trained on ImageNet, which was the backbone model used for ImageNet LF-CBM. Since these

neurons don’t originally have an associated concept, we used CLIP-Dissect [68] to generate

explanations for each neuron, and used those as the description. We evaluated each of the 2048

neurons in the layer with 3 raters each. For CLIP-Dissect we used original SoftWPMI similarity

function and ImageNet validation data as probing dataset.
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Table E.5. Mechanical Turk results of Task 1. We can see the CBL neurons in LF-CBM were
deemed to be significantly more interpretable than neurons in its standard backbone network, on
average reaching ”Agree” scores. Avg score indicates the average rating across all neurons and
all evaluations, reported with standard error of the mean.

Avg score: 1 - Strongly Disagree 2 - Disagree
3 - Neither Agree
or Disagree 4 - Agree 5 - Strongly Agree

LF-CBM 3.91 ± 0.01 4.3% 9.2% 10.1% 43.6% 32.8%
ResNet-50 3.65 ± 0.02 6.2% 13.9% 14.7% 39.2% 26.0%

We used raters in the United States, with greater than 98% approval rating and at least

10000 previously approved HITs. Users were paid $0.05 per task. Our experiment was deemed

exempt from IRB approval by the UCSD IRB Board.

Results: The results of this experiment are presented in Table E.5. We can see that

on average, the neurons in CBL are more interpretable than the neurons of a standard neural

network, reaching average score of 3.91 vs 3.65. Since we evaluated thousands of neurons this

result is highly statistically significant. For more intuitive numbers, 76.4% of raters gave CBL

neurons a rating of ”Agree” or higher, while this number was only 65.2% for standard neurons.

Figure E.13. User Interface shown to Mechanical Turk users for Task 1.
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Finally, to evaluate how reliable these crowdsourced results are, we had 4 authors perform the

same experiment in a blind setting, each evaluating 100 neurons for both models. Overall the

results were similar, we noticed authors were more critical of both descriptions but both sets of

evaluators found LF-CBM neurons more interpretable. The average author score was 3.66 for

LF-CBM neurons, and 3.30 for neurons in ResNet-50. MTurk average scores for this subset

were LF-CBM:3.93, ResNet-50: 3.68.

E.2.2 Task 2: How reasonable are our explanations for a single decision?

In the second task, we wanted to evaluate whether users consider the explanations our

LF-CBM produces for individual decisions to be reasonable.

Setup: We show workers explanations based on which concepts contributed the most

to the decision similar to Figure 5.4. However, we simplify this explanation to make it more

suitable for crowdsourcing. Instead of displaying barplots and contribution magnitudes, we

only show the names of 5 most contributing concepts. In addition, to avoid confusion we only

show concepts with positive activation and positive weights. In this task we evaluated pairs of

explanations to see how LF-CBM explanations compare with explanations from baseline models.

Users were asked to rate which explanation is more reasonable and why. The task interface is

shown in Figure E.14. We compared our ImageNet LF-CBM against 3 baselines to ablate which

parts of our model are most important for interpretability. The baselines are:

• Standard (dense) - ResNet50 trained on Imagenet

• Standard (sparse) - ResNet50 with sparse final layer

• LF-CBM (dense) - Our LF-CBM but with a dense final layer WF

To create the explanations from standard models, we identified the neurons with highest

contributions to the prediction, and used CLIP-Dissect [68] to get their concept. LF-CBM was

compared against each baseline on 350 random input images, with 3 raters for each comparison
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Figure E.14. User Interface shown to Mechanical Turk users for Task 2. In this example Model
1 is LF-CBM while Model 2 is standard dense model.

for a total of 3150 comparisons. We only used inputs where all 4 models made the correct

prediction, so the only difference was the explanations themselves.

We again used workers based in the US, with greater than 98% approval rating and

10,000 HITs completed. Each worker was paid $0.08 per comparison.

Results:

The results of this experiment are displayed in Figures E.15 and E.16. In Figure E.15

we can see users clearly preferred LF-CBM over Standard (dense) and Standard (sparse), with

64.2% and 65.2%(respectively) of users saying LF-CBM explanations are more reasonable
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(either slightly or clearly).

However, we found the responses were quite noisy for this task, and to improve their

quality, we filtered away responses from any worker who gave an inconsistent response (for

example selecting ”Both Models Equally Reasonable” and ”The More reasonable explanation

is more informative” at the same time). The filtered results are shown in Figure E.16. After

filtering, the benefits of LF-CBM are even more clear, with 74.4% of ratings saying LF-CBM

explanations are more reasonable than Standard (dense) and 78.8% are more reasonable than

Standard (sparse).

Interestingly, we found that sparsity did not really improve interpretability in this evalua-

tion for either LF-CBM or the standard model. This was against our expectations, but we think it

might be because this evaluation does not take into account how comprehensive the explanation

is. A dense and sparse model often have similar top-5 most highly contributing concepts, but for

dense concept the top-5 only explain a few percentage of the decision, while for sparse model

they often explain 60-70%, as seen in Figures E.2 and E.11.

As for why users found one or the other explanation more reasonable, the most common

reason was ”More Relevant to the Image”(selected 80% of the time), followed by ”More

Relevant to Prediction”( 60%), while ”More Informative” was the least popular, only selected

around 30% of the time.
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Figure E.15. Crowdsourced results for Task 2, without filtering any responses. We can see users
strongly prefer LF-CBM explanations over standard models (the first two rows), but sparsity has
little effect (the 3rd row).

Figure E.16. Crowdsourced results for Task 2, where we filter out responses from any worker
who gave at least one inconsistent response. We can see user preference LF-CBM explanations
over standard models even more clearly (the first two rows).
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