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Abstract

Interpreting individual neurons or directions in activations space is an important1

component of mechanistic interpretability. As such, many algorithms have been2

proposed to automatically produce neuron explanations, but it is often not clear how3

reliable these explanations are, or which methods produce the best explanations.4

This can be measured via crowd-sourced evaluations, but they can often be noisy5

and expensive, leading to unreliable results. In this paper, we carefully analyze the6

evaluation pipeline and develop a cost-effective and highly accurate crowdsourced7

evaluation strategy. In contrast to previous human studies that only rate whether8

the explanation matches the most highly activating inputs, we estimate whether9

the explanation describes neuron activations across all inputs. To estimate this10

effectively, we introduce a novel application of importance sampling to determine11

which inputs are the most valuable to show to raters, leading to around 30×12

cost reduction compared to uniform sampling. We also analyze the label noise13

present in crowd-sourced evaluations and propose a Bayesian method to aggregate14

multiple ratings leading to a further ∼ 5× reduction in number of ratings required15

for the same accuracy. Finally, we use these methods to conduct a large-scale16

study comparing the quality of neuron explanations produced by the most popular17

methods for two different vision models.18

1 Introduction19

Despite their transformative capabilities, deep learning models remain fundamentally opaque, which20

limits their reliability and trustworthiness, especially in high-stakes domains. To address this, the21

field of mechanistic interpretability aiming to understand the mechanisms inside neural networks22

has quickly increased in popularity. A key part of mechanistic interpretability is to understand small23

components of neural networks such as neurons or latents in a sparse autoencoder (SAE), which can24

be achieved via automated neuron descriptions [3, 19, 14, 20, 21, 7, 17, 26, 1].25

To assess the quality of these neuron explanations, researchers often rely on human studies, particu-26

larly crowd-sourced evaluations via platforms such as Amazon Mechanical Turk (AMT). However,27

despite their importance, the design and analysis of these studies have received relatively little atten-28

tion. Most evaluations rely on subjective measures of whether the explanation matches the highest29

activating inputs of that neuron. As identified by [22], this corresponds to measuring only Recall, and30

ignores many important factors such as whether the explanation also describes lower activations of31

that neuron, or whether all inputs matching the explanation actually activate the neuron.32

In this paper our goal is to conduct the first crowdsourced evaluation using a more principled33

evaluation metric: Correlation coefficient between neuron activations and explanation concept34

presence. However evaluating the correlation presents us with new challenges:35
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Figure 1: Crowd-sourced evaluation pipeline for neuron explanations. We focus on two critical
questions: Q1: "how to efficiently select inputs to annotate?" and Q2: "how to effectively handle
label noise?". Our proposed solutions are discussed in Section 3 and validated in Section 4.

1. Cost and scalability. Perfectly evaluating correlation coefficient requires collecting annotations36

for the concept on every input on the dataset. Estimating this for a single (neuron, explanation)37

pair would cost us around $600 USD with three independent raters, making large scale compar-38

isons with hundreds of neurons and multiple explanation methods impossible. This means we39

need to effectively estimate the correlation from a subset of annotated data.40

2. Label noise and uncertainty. Crowd-sourced platforms like AMT are quite noisy. Even a small41

error rate can ruin correlation coefficients when evaluating rare concepts that are only present in42

a few inputs as there will be more False Positives than True Positives. Increasing the number of43

raters per input can help reduce uncertainty but also inflates the overall cost.44

In this paper we propose novel approaches to solve these problems, and show our methods can reduce45

the cost of evaluating correlation coefficient by approximately 150× while maintaining accuracy,46

taking our total evaluation costs down substantially from around $108, 000 to $720. Our contributions47

are as follows:48

• We conduct the first crowd-sourced neuron explanation evaluation utilizing an evaluation metric49

that passes the sanity checks proposed by [22], the correlation coefficient.50

• We show how to effectively utilize Importance Sampling to select most important inputs to show51

raters, leading to ∼ 30× reduction in labeling cost over uniform sampling.52

• We develop a Bayes-based method to aggregate predictions of different raters to deal with noisy53

labels, further reducing the cost of reaching a certain accuracy by ∼ 5×.54

• With our proposed methods, we conduct a large scale study to compare different neuron55

explanation methods, and we discover Linear Explanations [21] overall produce the best vision56

neuron explanations, outperforming recent LLM-based explanations [1, 26] and other baselines.57

2 Related Work58

2.1 Automatic Explanation of Vision Model Neurons59

Methods based on labeled concept data: Perhaps the first automated method to generate text60

descriptions for individual neurons in vision models is Network Dissection (ND) [2]. They use the61

Broden dataset with dense pixel-wise annotations and try to find concepts with high Intersection over62

Union (IoU) with binarized neuron activations. However it is limited to searching explanations using63

concepts where dense concept annotated data is available. Compositional Explanations [19] extends64

Network Dissection to deal with polysemantic neurons, which may activate on multiple unrelated65
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concepts, by searching for logical compositions of concepts such as "cat OR dog". Clustered Compo-66

sitional Explanations(CCE)[17] extends this even further, addressing the problem that Compositional67

Explanations only explains the highest activations of a neuron. CCE divides the activation range of68

a neuron into 5 buckets, and generates a separate compositional explanation for each. [3] propose69

a version of Network Dissection utilizing a segmentation model instead of labeled data. Finally70

INVERT[7] proposes explaining neurons with logical compositions of dataset class(or superclass)71

labels that maximize AUC, which removes the reliance on Broden but still requires labeled data.72

Generative LM based methods: Another popular approach involves generative language model73

based descriptions. The first such method was MILAN [14], which trains a small generative neural74

network to describe the most highly activating inputs of a neuron. Describe-and-Dissect(DnD) [1]75

is a more recent method that utilizes pre-trained language models instead of training their own to76

generate detailed neuron descriptions based on highest activating inputs. Multimodal Automated77

Interpretability Agent (MAIA)[26] is another LLM based explanation pipeline where the explaining78

LLM agent can interact with many tools such as looking at highly activating inputs, generating new79

images or editing existing ones to generate its description.80

CLIP based methods: Finally, papers such as CLIP-Dissect(CD) [20] and FALCON [16] have81

proposed methods that don’t require labeled concept information by relying on supervision from82

multimodal models such as CLIP [24]. Linear Explanations (LE) [21] proposes to explain polyse-83

mantic neurons as a linear combination of concepts, such as "3 × dog + 2 × cat". To learn these84

explanations, they either utilize class labels from the dataset - LE(label) - or pseudo-labels from85

SigLIP [27] - LE(SigLIP).86

2.2 Human Studies for Neuron Explanations87

Previous works [2, 20, 1] have conducted crowdsourced evaluations of the quality of their neuron88

descriptions. These evaluations show the raters the most highly activating inputs for that neuron, as89

well one or multiple descriptions, and ask the users to rate how well this description matches the90

set of highly activating inputs. As pointed out by [22], this evaluation method is flawed and fails91

to measure whether the description matches lower activations of the neuron, or whether all inputs92

corresponding to description cause the neuron to fire, and in fact corresponds to only measuring93

Recall. In contrast, in this paper we focus on evaluating the correlation coefficient between the94

explanation and neuron activations(across all inputs), as this is a principled evaluation metric that95

passes sanity checks proposed by [22].96

[5] and [29] conducted more objective crowd-sourced evaluations of neuron interpretability by having97

raters predict whether an input is highly activating or not based on a feature visualization or a set of98

highly activating images for that neuron. However these studies did not study text descriptions of99

neurons, and their methodology may be biased towards overly generic neuron descriptions and does100

not pass the sanity checks proposed by [22].101

3 Methods102

In this section, we address two critical challenges in crowd-sourced evaluation of neuron explanations.103

3.1 Challenge 1: Small Sample Size104

Problem Formulation. Given a neural network f and a neuron of interest k, one can obtain a neuron105

explanation t manually or automatically from neuron explanation methods. Following the framework106

introduced by [22], we use the Pearson correlation between the neuron activation vector ak and the107

explanation concept presence vector ct to evaluate the faithfulness of these neuron explanations. We108

use Pearson correlation as it passes the sanity checks and performed the best overall in the comparison109

between evaluation metrics conducted by [22].110

Here, ak ∈ R|D| is the activation vector of a neuron k over all the probing images xi ∈ D and111

ct ∈ R|D| is the concept vector to indicate if concept t appears on the probing images. The i-th112

component [ak]i and [ct]i can be expressed as: [ak]i = f0:l
k (xi), [ct]i = P(t|xi), ∀ i ∈ {|D|}113

where f0:l denotes the neural network up to l-th layer. See Fig. 1 for an Overview.114
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Our goal is to evaluate Pearson’s correlation coefficient ρ, which can be expressed as:115

ρ(ak, ct) =
1

|D|

∑
i∈D([ak]i − µ(ak)) · ([ct]i − µ(ct))

σ(ak)σ(ct)
(1)

where µ(ak), σ(ak), µ(ct), σ(ct) are the mean and standard deviation of the vector ak and ct.116

The activation vector ak can be easily evaluated with a forward pass of the neural network. However,117

the concept vector ct can be expensive and difficult to obtain, requiring for example crowdsourced118

annotations. Our problem then becomes: How can we best select a subset of inputs S ⊆ {|D|} to119

annotate corresponding concept labels {[ct]i}i∈S such that we can accurately estimate ρ(ak, ct).120

3.1.1 Idea 1: Monte Carlo(Uniform) Sampling121

One natural idea to select S is to use Monte-Carlo(uniform) sampling, which randomly selects a batch122

of samples {xi}i∈S from D uniformly. Notice that Eq (1) can be written in the form of expectation:123

ρ = Exi∼P
([ak]i − µ(ak)) · ([ct]i − µ(ct))

σ(ak)σ(ct)
, (2)

meaning that we can sample xi from a uniform distribution P , where p(xi) = 1
|D| for all inputs.124

We can then view correlation as measuring an expected value of āki · c̄ti where āki = ([ak]i −125

µ(ak))/σ(ak), c̄ti = ([ct]i − µ(ct)))/σ(ct). With Monte-Carlo sampling, the estimator will be126

ρS = 1
|S|

∑
i∈S([ak]i−µ(ak))·([ct]i−µ(ct))

σ(ak)σ(ct)
, where µ(ct) and σ(ct) are estimated from the sample.127

However, this approach leads to a problem: most concepts t are rare compared to the size of128

probing data |D|, so a small sample S = {i1, i2, ..., i|S|} from P is likely to have [ct]i∈S to be all129

0’s – meaning that we didn’t sample any inputs containing the concept t, making it impossible to130

accurately estimate ρ. This leads to our second idea, importance sampling.131

3.1.2 Idea 2: Importance Sampling132

To address this, we propose using importance sampling to estimate ρ in Eq. (2), i.e. using xi ∼133

Q where Q is a more favorable probability distribution than the original uniform distribution P .134

Importantly, Importance Sampling does not change the expected value of the function we’re evaluation,135

i.e. Ex∼P [h(x)] = Ex∼Q[
p(x)
q(x)h(x)] for any distribution Q. According to [25](Sec 3.3.2, Theorem136

3.12), when estimating the expected value of a function h, i.e. Ex∼P [h(x)], the optimal sampling137

distribution q∗ that minimizes the variance of the estimator should have probability density function138

(pdf) q∗(x) ∝ |h(x)|p(x). See Appendix B.3 for formal statement and proof.139

Based on the Theorem 1 and Eq (2), we can estimate the ρ by sampling xi from Q with pdf q(x):140

q(xi) ∝ |h(xi)| ·
1

|D|
, h(xi) =

([ak]i − µ(ak)) · ([ct]i − µ(ct))

σ(ak)σ(ct)
. (3)

In other words, to minimize the variance of estimator ρ, we should sample xi more from the probing141

images that have high product values āki · c̄ti – meaning that the images that have high neuron142

activation āki and contain concept t.143

Since we do not know ct before running the test (e.g. human study or expensive simulation pipeline),144

we instead use a cheaper (and less accurate) method to approximate ct for the purposes of sampling.145

In particular, we use SigLIP [27] to predict csiglipt . Thus, our final sampling distribution q is:146

q(xi) ∝
1

|D|
|[āk]i · [c̄siglipt ]i + ϵ| (4)

where [c̄t
siglip]i =

[csiglip
t ]i−µ(csiglip

t )

σ(csiglip
t )

and ϵ = 0.001 which needed to ensure converge and non-zero147

sampling probability for all inputs.148

Sampling Correction. To get an unbiased estimate of µ(ct) and σ(ct) with importance sampling, we149

need to apply the importance sampling correction sequentially. First, we estimate the mean µS(ct),150

and then the standard deviation σS(ct) from the samples xi ∼ Q:151

µS(ct) =
1

|S|
∑
i∈S

p(xi)

q(xi)
[ct]i, σS(ct) =

√
1

|S| − 1

∑
i∈S

p(xi)

q(xi)
([ct]i − µS(ct))2. (5)
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Next, we normalize the inputs: [c̄t]S = [ct]S−µ̂S(ct)
σ̂S(ct)

, [āk]S = [ak]S−µS(ak)
σS(ak)

, and finally obtain the152

estimated correlation score of ρS as:153

ρS =
1

|S|
∑
i∈S

p(xi)

q(xi)
[āk]i · [c̄t]i (6)

3.2 Challenge 2: Label Noise154

Another challenge we face is that often the concept labels ct we get are noisy. This is in particular155

a problem when using crowd-sourced platforms such as Amazon Mechanical Turk. To deal with156

this issue, we can collect m binary ratings rjti, j ∈ {m} for each input xi and aggregate them using157

different methods. Let Rti = {r1ti, ..., rmti } be the set of ratings for a particular (input, concept) pair158

(xi, t). Below we describe three different methods for Rating Aggregation, i.e. aggregating the m159

ratings into a single number [ct]i:160

• Method 1 - Average: [ct]i =
∑m

j=1 rjti
m161

• Method 2 - Majority Vote: [ct]i =

1, if
∑m

j=1 rjti
m > 0.5;

0, if
∑m

j=1 rjti
m ≤ 0.5.

162

Method 1 and Method 2 are commonly used techniques to aggregate multiple ratings that are simple163

and intuitive. However, as we show in Section 4.2, we can further improve over these by leveraging164

Bayes rule to estimate [ct]i as P([c∗t ]i = 1|Rti). Here we use c∗ti to represent the "ideal" concept165

value without any labeling noise.166

• Method 3 - Bayes:167

[ct]i =
P(Rti|c∗ti = 1) · P(c∗ti = 1)

P(Rti|c∗ti = 1) · P(c∗ti = 1) + P(Rti|c∗ti = 0)(1− P(c∗ti = 1))
(7)

We use Bayes rule to expand the posterior [ct]i = P(c∗ti = 1|Rti) as in Eq (7), and calculate each168

term as follows:169

(I) Likelihood: P(Rti|c∗ti). Suppose each rater makes errors uniformly at random with error rate η,170

i.e. for any input P(rjti = c∗ti) = 1− η, where η is a parameter we can estimate experimentally. Let171

αti =
∑m

j=1 r
j
ti, we obtain the likelihood in below equations:172

P(Rti|c∗ti = 1) = (1− η)αti(η)(m−αti), P(Rti|c∗ti = 0) = (η)αti(1− η)(m−αti) (8)

(II) Prior: P(c∗ti = 1). There are multiple ways of choosing priors, reflecting the confidence of173

whether a concept exists in an input xi. In our analysis, we consider two different priors:174

• (a) Uniform Prior: for all concepts t and all inputs xi, set P(c∗ti = 1) = β175

• (b) SigLIP Prior: we leverage knowledge from a cheap evaluator, namely SigLIP to176

initialize the prior and set P(c∗ti = 1) = [csiglipt ]i177

Here β is a hyperparameter, which we set to β = 0.01. For the SigLIP prior, we clip the prior178

to be between 0.001 and 0.999 to avoid extreme values which may dominate the final result. Our179

method with SigLIP prior can be seen as a hybrid evaluation that combines both human and model180

knowledge.181

4 Methodology Testing and Validation182

In this section, we describe the 2 settings we used to test the solutions we proposed in Section 3. In183

setting 1 we utilize simulation with artificial label noise and in Setting 2 we perform a real small184

scale crowd-source study. This section provides quantitative results and guidance on which methods185

we should use as cost-effective solutions for large scale crowd-sourced study conducted in Section 5.186
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Setting 1: Simulating Human Study In this setting, we study the accuracy of our estimator ρS by187

using the ground-truth class(or superclass) labels as our concept vector ct. We can simulate human188

raters by only observing a subset of these labels with added label noise. We use c∗t to denote the189

ground truth labels, while ct represents our noisy observation.190

We first describe the neurons in layer4 of ResNet-50[13] trained on ImageNet[8] by selecting the191

concept tk from ImageNet class and superclass labels that maximizes correlation with neuron k’s192

activations, using ground truth concept labels c∗t and the full probing dataset D:193

tk = argmaxt∈C ρ(ak, c
∗
t ) (9)

The correlation coefficient of between this concept labels and neuron activations over the entire194

dataset then serves as our ground truth correlation:195

ρgt = ρ(ak, c
∗
tk
). (10)

We then simulate a crowdsourced study by estimating correlation with a subset of the inputs xi from196

the probing data, i ∈ S, S ⊂ D to estimate the correlation:197

ρS = ρ([ak]S , [ct]S) (11)

To simulate rater noise, we randomly flipped some percentage of c∗t to the opposite label. Here we198

use a noise rate of η=13%, which is the empirical error rate we measured on Mechanical Turk in199

Setting 2. For each evaluation (i.e. each data point in Fig 2a), we averaged the estimation error over200

10 different trials.201

Setting 2: Small Scale Crowd-sourced Study In this setting, we conducted a real crowd-sourced202

evaluation on AMT to annotate the concept label ct for samples xi in the probing dataset, on inputs203

where we also have access to the ground-truth labels c∗t from the dataset for comparison.204

Specifically, we performed a crowdsourced evaluation of 5 neurons in Resnet-50 layer4 with ex-205

planations selected from ImageNet classes and superclasses following Eq. (9), and estimated the206

correlation coefficient as207

ρS = ρ([ak]S , [ct]S). (12)
This setup allows us to evaluate the error rate on Mechanical Turk and the effectiveness of different208

sampling strategies by measuring the difference between estimated correlation coefficient in Eq. (12)209

and the "ground truth" correlation coefficient in Eq. (10). We selected neurons with clear unambiguous210

concepts such as lizard, and labeled 300 inputs per neuron with 9 AMT raters labeling each input. To211

estimate the evaluation accuracy with smaller number of raters/inputs we randomly sampled subsets212

of the ratings for our plots in Figure 2b and 4 (Note: each point is the average of 1000 random213

samples of subsets of the same size). We also used this setting estimate error rate of MTurk raters as214

η = P(rjti ̸= [c∗t ]i), giving us an estimate of 13%.215

Evaluation Metric: Our main evaluation metric to compare between different sampling strategies216

is the Relative Correlation Error (RCE) between the ground truth correlation ρgt and estimated217

correlation ρS in setting 1 and 2:218

RCE =
1

K

∑
k∈K

∣∣∣∣ρS(ak, ctk)− ρgt(ak, c
∗
tk
)

ρgt(ak, c∗tk)

∣∣∣∣ (13)

For example, an RCE of 20% indicates on average our estimated correlation is 20% away from the219

true correlation value.220

4.1 Results: Sampling Method221

Figure 2 shows the results of of different sampling strategies across our two settings. To focus only222

on the effect of sampling, we didn’t use any label noise in Fig. 2a. We can see that overall our223

importance sampling as defined in Eq. (4) performs the best (red line) as lower left represents low224

error and low cost. Compared to uniform sampling (blue line), we can reach similar correlation error225

with around 30× less samples, leading to 30× reduction in labeling cost. This holds for both our226

simulation results (Fig. 2a), as well as with real raters on our MTurk test (Fig. 2b).227

In addition to uniform sampling and the optimal importance sampling defined in Eq. 4, we also228

tested importance sampling where the sampling distribution only depends on neuron activation ak.229
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(a) Simulated results in Setting 1 (b) Test results on MTurk in Setting 2

Figure 2: Comparing different sampling strategies in two settings from Sec. 4. We can see Importance
Sampling using SigLIP estimates (red) performs significantly better than other methods.

While it performed worse than our SigLIP guided sampling, this sampling also provided a significant230

improvement over uniform sampling, and based on our experiment using q(i) ∝ [âk]
2
i + ϵ can be231

a good alternative if no cheap estimator of ct is available. Based on this analysis, we chose to use232

importance sampling (Eq. 4) for our large scale crowd-sourced evaluation in Section 5.233

4.2 Results: Rating Aggregation Method234

(a) Simulated results in Setting 1 (b) Test results on MTurk in Setting 2

Figure 3: Comparing rating aggregation strategies in the two settings from Sec. 4. The x-axis
represents the cost of evaluations as number of inputs per neuron multiplied by number of raters per
input. Each point uses the optimal number of raters that leads to lowest error for that cost.

Next we evaluated the different rating aggregation strategies proposed in section 3.2 to address label235

noise. As we can see from Figure 3, Method 3b (Bayes with SigLIP prior, red line) resulted in the236

lowest RCE overall across both settings, reaching similar error at around 5× reduced cost compared to237

other methods. Method 3a (Bayes with uniform prior, green line) and Method 2 (majority vote, orange238

line) perform similarly, with Method 3a slightly outperforming with larger number of evaluations.239

Each line in Figure 3 represents the lowest error achievable by the aggregation method by using the240

best number of raters for a given cost. Based on these results, we choose to use Method 3b: Bayes241

with SigLIP prior for rating aggregation in our large scale crowd-sourced evaluation of Section 5.242

In addition, we report the results of Bayes with uniform prior to show pure human evaluation results.243

We can also use these experiments to decide the optimal parameters for our human study, as discussed244

in detail in Appendix A.3. Based on our findings and our budget, we choose to use 2 raters per input245
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and to evaluate 90 inputs per neuron. As we can evaluate 15 inputs in one task for the cost of $0.06,246

this evaluation will cost us $0.06
15 · 90 · 2 = $0.72 per (neuron, explanation) pair.247

5 Large-Scale Crowdsourced Study248

Setup. Our study focuses on neurons in two layers of two different models: Layer4 of ResNet-50249

trained on ImageNet, and MLP activations in Layer11 of ViT-B-16 [9] trained on ImageNet. We use250

the full ImageNet Validation set as probing dataset, see Appendix B.1 for additional details.251

5.1 Selecting Methods for the study via Automated Evaluation252

Many different methods have been introduced to explain neurons in vision models. Due to limited253

budget, we are unable to compare all these method on our crowdsourced study, so we first perform an254

automated evaluation to find the best methods to include in the crowdsourced study. For automated255

evaluation we use the SigLIP based simulation with correlation scoring introduced by [21], see256

Appendix B.2 for details.257

Explanation Complexity: Some methods explain a single neuron as a combination of concepts. For258

example [19, 7] use a logical composition of explanations, such as "dog OR cat", while [21] proposes259

describing neurons as a linear combination of concepts such as "2.7 · dog+1.5 · cat" A more complex260

explanation is typically more accurate, but it is harder to understand, and more expensive to evaluate261

as it requires labels for each of the concepts involved in the explanation. We use the length l to262

indicate explanation complexity, where l is the number of unique concepts in the explanation.263

Simple Exp. (l=1) ND
[3]

MILAN
[14]

CD
[20]

INVERT
l=1 [7]

DnD
[1]

MAIA
[26]

LE(label)
l=1 [21]

LE(SigLIP)
l=1 [21]

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

Table 1: SigLIP based simulation with correlation scoring comparing different simple explanation
methods (l = 1). We can see Linear Explanation (LE) performs the best even with at length 1.

Complex Exp. (l>1) Comp Exp [19]
l=3

INVERT [7]
l=3

CCE [17],
l= 5

CCE [17],
l=15

LE(label) [21]
l=4.37/1.97

LE(SigLIP) [21]
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

Table 2: SigLIP based simulation with correlation scoring comparing complex explanations (l > 1).
We can see Linear Explanation (LE) overall performs the best.

For fairness we split the explanations into two groups, simple explanations where l = 1 and complex264

explanations with l > 1. Table 1 shows comparison of different simple explanations, while Table 2265

compares complex explanation methods. Overall we can see Linear Explanations [21] produce the266

highest correlation scores. Other well performing methods include INVERT [7] and CLIP-Dissect267

[20], followed by recent language model based explanations MAIA [26] and DnD[1]. We observed268

that Broden based methods [2, 19, 17] overall performed relatively poorly, likely because their269

concept sets do not include the relevant higher level concepts such as animal species needed to270

describe later neurons of ImageNet models.271

5.2 Crowdsourced evaluation272

Setup. Based on automated evaluation results, we chose to conduct our crowdsourced study on273

the 5 best performing simple explanations, namely LE(SigLIP)[21], CLIP-Dissect[20], INVERT[7],274
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MAIA[26] and DnD[1]. We evaluated 100 randomly selected neurons for each of the two models,275

and we evaluated 90 inputs per neuron with 2 raters each. This gives us a total of 1000 (neuron,276

explanation) pairs to evaluate for a total cost of $720. Our study was deemed Exempt from IRB277

approval by the IRB review board at our institution.278

User Interface. The main objective of our crowdsourced study is to have users annotate which inputs279

have concept t present. We do this by presenting raters with explanation t and 15 inputs per task, and280

asking them to select inputs where concept is present. The full study interface is shown in Figure 8.281

5.2.1 Results282

Model Aggregation CD [20] INVERT l=1 [7] DnD [1] MAIA [26] LE(SigLIP) l=1 [21]
RN50
(Layer4)

Bayes
(Uniform Prior)

0.1500
± 0.013

0.1258
± 0.009

0.1576
± 0.013

0.1215
± 0.013

0.1783
± 0.011

Bayes
(SigLIP Prior)

0.1817
± 0.010

0.1637
± 0.006

0.1661
± 0.011

0.1309
± 0.009

0.2107
± 0.010

ViT-B-16
(Layer11 mlp)

Bayes
(Uniform Prior)

0.1230
± 0.016

0.0770
± 0.016

0.0670
± 0.015

0.0938
± 0.017

0.1513
± 0.018

Bayes
(SigLIP Prior)

0.1860
± 0.020

0.1210
± 0.021

0.0895
± 0.017

0.1516
± 0.021

0.2382
± 0.022

Avg: 0.1601 0.1219 0.1201 0.1245 0.1946

Table 3: Results of our large scale MTurk evaluation. Each row represents average correlation across
100 random neurons, as well as the standard error of the mean.

The overall results from the crowdsourced evaluation are shown in Table 3. In Figure 6, we show283

some example descriptions and their scores. We can see Linear Explanation performs clearly the best284

overall despite being limited to using a predefined concept set. We think this is likely because it is the285

only explanation method tested that is optimized to explain the entire range of activations instead286

of focusing only on highest activations. The second best performing method was CLIP-Dissect287

[20] while the other methods performed roughly equally with some variance based on the model288

evaluated. It is somewhat surprising that recent methods based on large language models [1, 26] did289

not outperform simpler baselines despite being able to provide very accurate and complex description290

in some cases. We think this is caused by a few reasons:291

1. Focus on highly activating inputs only, leading to overly specific explanations that do not292

describe lower activations.293

2. Inconsistency. While all 5 methods mostly produce relevant descriptions, more complex methods294

such as those relying on LLMs often have more variance in their description quality, leading to295

poor explanations for some neurons.296

Finally, overall we see that methods that perform better on automated SigLIP scoring (Table 1) also297

performed well on the human study (Table 3). While correlation scores decreased overall (perhaps298

due to label noise), the order between methods remained stable, highlighting the reliability of SigLIP299

based explanation evaluation.300

6 Conclusion301

In this paper, we introduced new methods to conduct a principled crowdsourced evaluation of neuron302

explanations. First, we proposed to use importance sampling to determine which inputs to show raters,303

reducing our labeling cost by ∼ 30×. Second, we introduced a new Bayes rule based method to304

aggregate multiple ratings, which further reduces the amount of ratings needed to reach a certain level305

of accuracy by ∼ 5×. Finally, using these methods, we were able to conduct a large-scale human306

study with reasonable cost (lowering cost from estimated $108,000 USD to $720 USD) without307

sacrificing accuracy – We evaluated 5 most high performing method for explaining vision neurons308

and discovered that Linear Explanations [21] performed the best overall with a sizeable lead over309

other methods.310
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A Discussion389

A.1 Limitations:390

Due to time and budget constraints, our crowdsourced evaluation focus on comparing descriptions391

on a few models/layers e.g. later layer neurons of ImageNet trained models. While we mostly find392

similar trends between the ResNet and ViT models, different description methods may have advantage393

on different types of neurons. For example, it is possible that Network Dissection based methods394

would perform better than they did on our current evaluation if we focus on lower layer neurons or395

on models trained on Places365 [28], as the labels in the Broden dataset are more suitable for these396

tasks. Similarly, we think LLM based methods [1, 26] might perform better when describing neurons397

of a sparse autoencoder [6] as these are more monosemantic and can be better described by highly398

activating inputs only.399

Second, our crowdsourced evaluation relies on Amazon Mechanical Turk workers, who are not400

experts and often make errors in labeling. While we introduced principled measures to estimate the401

errors as well as mitigations for error, we cannot improve their domain knowledge, which means a402

crowdsourced evaluation might favor simpler descriptions over more complex concepts requiring403

domain knowledge. To compare more complex descriptions or neuron descriptions in a specific404

domain it may be necessary to recruit domain expert raters.405

Finally, our evaluation is focused on evaluating input-based neuron explanations that aim to explain406

the "input → neuron activation" function. Some recent work such as [10, 12] instead focus on output-407

based neuron explanations that aim to explain the "neuron activation → model output" relationship.408

Rigorously evaluating these output-based explanations will require different methodology and is an409

interesting problem for future work.410

A.2 Broader Impact411

This paper is focused on better understanding neural networks via interpretability, and as such we412

expect it’s impact to be largely positive as better understanding of neural networks can help us for413

example identify failure modes before deploying and enable better control of models. As our focus414

is in particular on rigorous evaluation of neuron explanations, this can help avoid interpretability415

illusions or users over-relying on unreliable explanations.416

A.3 Crowdsourced Study Design417

(a) Aggregation with Method 3: Bayes - Uniform Prior. (b) Aggregation with Method 3: Bayes - SigLIP prior.

Figure 4: Comparing rating aggregation strategies in Setting 2 (Testing on MTurk) described in Sec 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.

In this section we discuss how our methodology testing/validation settings described in Section 4418

can be used to help design the finer parameters of our study such as how many raters to use per419
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input. In our current MTurk setup, the cost of obtaining a rating for a single image by a single rater is420
$0.06
15 = $0.004 as we show 15 inputs per task. We can then plot the expected error as a function of421

evaluation cost by plotting ninputs · nraters · $0.004 on the x-axis.422

In Figure 4, we plot the cost vs expected error rate for different numbers of raters we have per input.423

For most evaluation budgets, Bayes with uniform prior gives the best results when using 2 raters per424

input, while Bayes with SigLIP prior gives the best results when using 1 rater. Given our budget,425

we are aiming for a cost of around $0.7 per (neuron, explanation pair), and we can see the optimal426

number of raters and expected error rate for this budget following the black lines on our plot. Since427

we wish to get good results using both aggregation methods, and at this range the SigLIP sampling428

gives almost the same error whether it is 1 or 2 raters, we choose to use 2 raters and 90 inputs per429

neuron for the crowdsourced study, which gives us an expected correlation error of around 16% with430

Bayes - Uniform Prior and around 12% with Bayes - SigLIP prior based on the MTurk test.431

B Additional Details432

B.1 Experimental Details433

Our evaluation focused on two models/layers:434

1. Layer4 (end of residual block 4) of ResNet-50 trained on ImageNet. For simulation we use the435

neuron activation after average pooling, giving scalar activations, but for methods designed for436

2d-activations, activations before average pooling are given as input.437

2. MLP-activations in Layer 11 of ViT-B-16 [9] Encoder trained on ImageNet. We focus only438

on the activations of the CLS-token as this is the last layer and other tokens do not affect the439

prediction.440

We use the full ImageNet validation dataset as D for the human study for all methods, and for441

generating explanations unless the method requires a specific dataset for explanation generation such442

as Broden [2].443

For all methods using SigLIP guidance we use the SigLIP-SO400M-14-386 model.444

B.1.1 Baseline Implementation Details445

For practical purposes we made slight modifications to some baseline methods. The changes are446

discussed in detail below:447

DnD [1]: The original implementation uses GPT-3.5 Turbo through the OpenAI API. Given the high448

cost of using the API and that recent open-source LLMs have strong performance compared to even449

closed-source LLMs like GPT-3.5, we replace GPT-3.5 Turbo with Llama 3.1-8B-Instruct [11]. DnD450

[1] showed that the older Llama 2 model was already better than GPT-3.5 Turbo and on-par with451

GPT-4 Turbo for neuron description, so our choice of Llama 3.1 does not degrade DnD’s performance452

w.r.t. GPT-3.5 Turbo.453

MAIA [26]: Compared to the original implementation, we replace GPT4-vision-preview with the454

newer GPT4o-2024-08-06 [23] since it has lower API costs and better performance. The method455

is still quite expensive, costing us approximately $65 and $116 to generate descriptions for 100456

randomly selected neurons of ResNet-50 Layer4 and ViT-B-16 Layer11 MLP respectively. Note457

that this cost also includes repeating the experiment for ∼10 and ∼20 neurons from ResNet and458

ViT respectively which did not yield any neuron description in the first run. Initially, we also tried459

open-source LLMs with support for vision inputs (i.e. VLMs) like Llama-3.2-11B-Vision-Instruct460

[11], Llava-OneVision-Qwen2-7B-ov-hf [18], and CogVLM2-Llama3-Chat-19B [15]. However,461

these VLMs do not work well with MAIA since they fail to generate executable code, forget the462

image tokens and focus only on the last few text tokens if given a long prompt, and allow only463

one image input at a time. This is likely because these VLMs are geared towards visual question464

answering and do not possess the more generalized capabilities of GPT4/4o.465

Methods relying on 2d activations: Many methods are designed to explain entire channels of CNNs466

with 2d activations [2, 19, 14, 17]. For ResNet-50 layer4 we fed the pre-avg pool activations to these467

methods for proper 2d input. However, for ViT-B-16 last layer only the CLS-token activations affect468
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the output, and as such we are explaining neurons with scalar activations. In this case, we broadcasted469

the scalar activations into a 2d-tensor with the same value in all spatial locations. However this is470

not the intended way to use these methods and may partially explain poorer performance of some471

methods on ViT-neurons as observed in Tables 1 and 2.472

CCE [17]: For Clustered Compositional Explanations, we tested two different versions: the l = 15473

version corresponds to the default version with length 3 explanations for each of the 5 activation474

clusters. For the l = 5 version we used explanation length=1 with 5 clusters of activations. We475

also used the implementation of [17] to reproduce the results of Compositional Explanations [19] by476

setting explanation length=3 and number of clusters=1.477

B.1.2 Subset of Neurons478

For most methods in Table 1 and 2, we report the average correlation scores across all 2048 neurons479

for ResNet-50 layer4 and 3072 neurons for ViT-B-16 layer11 mlp. However for certain methods480

due to high computational and/or API cost we were only able to explain a subset of these neurons481

and report the average score of these subsets in Tables 1 and 2. We report the results for a subset of482

neurons for the following methods:483

• MAIA [26]: Randomly selected subset of 100 neurons each for both RN50 and ViT-B-16.484

• CCE [17] l = 5: For ViT-B-16 we used a subset of 1420 neurons. RN50 evaluated on all485

neurons.486

• CCE [17] l = 15: RN50: subset of 984 neurons. ViT-B-16: subset of 422 neurons.487

All other methods were evaluated on all neurons of each layer.488

B.2 Automated Evaluation Details489

For our automated evaluation(Sec. 5.1), we use Simulation with Correlation Scoring as described by490

[21]. This evaluation was originally proposed for language model neurons by [4].491

The basic idea of simulation evaluation to use the explanation to predict neuron activations on unseen492

inputs. With correlation scoring we then evaluate the correlation coefficient ρ between the predicted493

activations s and actual neuron activations ak on the entire test split of 10,000 inputs as done by [21].494

For simple explanations, the predicted activation s is simply the presence of concept on that input.495

s(xi, t) = [ct]i (14)

For a linear explanation, E = {(w1, t1), ..., (wl, tl)} the predicted activation s is calculated follow-496

ing [21] as:497

s(xi, E) =
∑

wj ,tj∈E

wj [ctj ]i (15)

For compositional explanations [19], we calculate the predicted activation as follows using proba-498

bilistic logic. Different basic logical operators are calculated as:499

s(xi, t1 AND t2) = [ct1 ]i · [ct2 ]i (16)

s(xi, t1 OR t2) = 1− (1− [ct1 ]i) · (1− [ct2 ]i) (17)

s(xi,NOT t) = 1− [ct]i (18)

Predictions for more complex compositions are then calculated by iteratively applying these rules.500

Clustered Compositional Explanations: CCE [17] explanations are of the form E =501

{(l1, u1, F1), ..., (lr, ur, Fr)} where r is the number of activation clusters, and lj , uj are the lower502
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and upper bound of activations for that cluster and Fj is a compositional explanation for activations503

of that cluster. To predict neuron activation based on this explanation, we use the following formula:504

s(xi, E) =
∑

lj ,uj ,Fj∈E

lj + uj

2
s(xi, Fj) (19)

This means if the concepts according to the formula of a cluster are present, we predict the neuron’s505

activation will be in the middle of the clusters activation range.506

For all automated evaluations we use SigLIP-SO400M-14-386 model to predict ct following [21].507

B.3 Theorem 1508

Suppose we are estimating the expected value of function h(x) when x ∼ P . Let X be the support509

of P .510

Theorem 1 ([25], Sec 3.3.2, Theorem 3.12). For importance sampling with sampling distribution 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).511

Proof: Reproduced from [25].512

V ar

[
h(x)p(x)

q(x)

]
= Eq

[(
h(x)p(x)

q(x)

)2
]
−

(
Eq

[
h(x)p(x)

q(x)

])2

(20)

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 to513

minimize variance we only need to minimize the first term.514

From Jensen’s inequality it follows that:515

Eq

[(
h(x)p(x)

q(x)

)2
]
≥

(
Eq

[
|h(x)|p(x)

q(x)

])2

=

(∫
X
|h(x)|p(x)dx

)2

(21)

Giving us a lower bound for the first term. If we set516

q(x) =
|h(x)|p(x)∫

X |h(z)|p(z)dz
(22)

Which is a valid probability distribution, we get:517

Eq

[(
h(x)p(x)

q(x)

)2
]
=

(∫
X
|h(z)|p(z)dz

)2

(23)

This exactly matches the lower bound, proving that minimum variance is attained by setting518

q(x) =
|h(x)|p(x)∫

X |h(z)|p(z)dz
∝ |h(x)|p(x) (24)

B.4 Sensitivity to β in Uniform Prior519

Our Rating Aggregation Method 3a Bayes - Uniform Sampling described in Section 3.2 depends on520

the β hyperparameter to select the uniform prior. In this section we conducted a test on Setting 2521

(MTurk test) comparing different values for β and show that it has very little effect on the correlation522
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Figure 5: Comparing the error rate of using different β values for uniform prior.

error as shown in Fig 5. In our experiments we used β = 0.01 which performs well overall but as we523

can see the exact choice has little effect on results. We think this is mostly because changing prior524

has a relatively linear effect on predicted ct, and since correlation coefficient normalizes the ct the525

scale of ct does not change the correlation.526

B.5 Compute details527

Our main contribution is focused on efficient crowd-sourced evaluation and as such our method is not528

computationally costly. The main computational cost associated with our method is calculating the529

SigLIP image encoder outputs for the entire D, as these are needed for both importance sampling and530

the Bayes - SigLIP prior. However this is a relatively cheap onetime cost of around 20 minutes on a531

single NVIDIA RTX 6000 Ada Generation GPU.532

The main computational expense associated with this paper involved running the baseline methods.533

In Tables 4 and 5 below, we report the approximate runtime to explain all neurons of a layer using534

different description methods using a single NVIDIA RTX 6000 Ada Generation GPU.535

Simple Exp. (l=1) ND
[3]

MILAN
[14]

CD
[20]

INVERT
l=1 [7]

DnD
[1]

MAIA
[26]

LE(label)
l=1 [21]

LE(SigLIP)
l=1 [21]

RN-50
(Layer4) ∼ 1 hr ∼ 1 hr ∼ 5 mins ∼ 1 hr ∼ 55 hrs ∼ 255 hrs ∼ 1 hr ∼ 1 hr

Table 4: Approximate runtime of different l = 1 baseline methods to explain neurons.

Complex Exp. (l>1) Comp Exp [19]
l=3

INVERT [7]
l=3

CCE [17],
l= 5

CCE [17],
l=15

LE(label) [21]
l=4.37/1.97

LE(SigLIP) [21]
l=4.66/1.82

RN-50
(Layer4) ∼ 92 hrs ∼ 24 hrs ∼ 87 hrs ∼ 275 hrs ∼ 1 hr ∼ 1 hr

Table 5: Approximate runtime of different complex explanation baseline methods.
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C Additional Figures536

Figures 6 and 7 showcases example neurons and the descriptions assigned by different explanation537

methods, as well as the correlation scores estimated by our crowd-sourced study for those explanations.538

We colored explanations based on the estimated correlation coefficient, with Green: ρ ≥ 0.25, Yellow:539

0.25 > ρ ≥ 0.15 and Red: 0.15 > ρ.540

MTurk Experimental Details: Figure 8 showcases the full user interface displayed to the raters.541

We selected raters based in the US with over 10,000 tasks approved and > 98% task approval rate.542

Each rater was paid $0.05 per task(and we paid another $0.01 per task in fees to MTurk), which takes543

around 15 seconds to complete based on our testing, for an estimated $12/hr earnings.544

Figure 6: Visualization of example neurons, their descriptions and correlations scores from our
crowdsourced evaluation (Bayes with SigLIP prior). We have colored the descriptions based on the
correlation score.
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Figure 7: Visualization of example neurons, their descriptions and correlations scores from our
crowdsourced evaluation (Bayes with SigLIP prior). We have colored the descriptions based on the
correlation score.
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Figure 8: Our user study interface.
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