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Abstract

Neuron identification is a popular tool in mechanistic interpretability, aiming to
uncover the human-interpretable concepts represented by individual neurons in
deep networks. While algorithms such as Network Dissection and CLIP-Dissect
achieve great empirical success, a rigorous theoretical foundation remains lack-
ing. In this work, we formalize neuron identification as the reverse process of
learning, which allows us to import tools from statistical learning theory. From
this perspective, we present the fist theoretical analysis of two foundamental chal-
lenges: (1) Faithfulness: whether the identified concept truly represents the neu-
ron and (2) Stability: whether the results are consistent across probing datasets.
We derive generalization bounds for widely used similarity metrics (e.g. accu-
racy, AUROC, IoU) to guarantee faithfulness, and propose a bootstrap ensemble
procedure that quantifies stability and provides probabilistic guarantees via pre-
diction sets. Experiments on both synthetic and real data validate our theoretical
results and demonstrate the practicality of our method, providing a step toward
trustworthy neuron identification.

1 Introduction

Despite the rapid development and application of deep neural networks, their lack of interpretability
raises growing concerns[ 16, [18]]. A popular approach to “open the black-box™ is to analyze individ-
ual neurons and identify human-interpretable concepts that capture their behavior. This process is
known as neuron identification (or neuron explanation)[3].

Over the past few years, many approaches for neuron identification have been proposed. For ex-
ample, Bau et al. [3]] compare neuron activation with labeled concept datasets to find corresponding
concept. Oikarinen and Weng [12] leverage multimodal models to automatically generate neuron
explanation.

Despite rapid progress in empirical method, systematic comparison and theoretical understanding of
neuron identification remain limited. Oikarinen et al. [14] unify neuron identification methods under
a single mathematical framework for fair comparison, but a rigorous theoretical investigation is still
lacking. In particular, we find two major challenges on current neuron identification framework:
faithfulness and stability

1. Faithfulness. Does the identified concept faithfully describe the underlying neuron?

2. Stability. How consistent is the identified concept across different probing datasets?

To address these challenges, we provide a theoretical analysis based on a key observation: neuron
identification can be viewed as the reverse process of learning. This perspective highlights the
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parallels between neuron identification and traditional machine learning, allowing us to apply tools
from statistical learning theory on neuron identification. Our contributions are summarized below:

1. We show that neuron explanation could be viewed as the reverse process of learning,
which explains why there are so many similarities between neuron identification and tradi-
tional machine learning. This enables us to import tools from statistical learning theory to
answer the questions in neuron identification.

2. We analyze faithfulness using generalization theory, proving results for several similarity
metrics and showing square-root convergence of test similarity with respect to probing
dataset size.

3. We quantify stability/uncertainty via bootstrap ensemble over probing datasets.

The remaining of this paper is organized as follows: Sec. [2] formalizes neuron identification and
introduce the background. Sec.[3|analyzes the concept faithfulness via generalization bounds. Sec.[d]
quantifies algorithm stability using bootstrap ensemble method. Sec. [5|shows empirical results and
Sec. [0l summarizes the work and discusses the limitations.

2 Preliminary

In this section, we introduce the background of neuron identification and the notations we use as a
preliminaries for our theory. Let X denote the input space (e.g. images). First, we formally define
neuron representation and concept.

1. Neuron representation f(z) : X — R: A neuron representation is a function mapping an
input x € X to an activation value. Generally, the output could be more than a real number,
e.g. for convolutional neural networks (CNN) f(x) is a 2-D feature map. For the simplicity
in similarity calculation, existing works [3} [12,|5] often conduct pooling (average, max) to
aggregate the feature into a single real value.

2. Concept function c(z): In the literature of neuron identification [3} [12]], a concept is usu-
ally defined as a human-understandable idea that is described by text. For example, “cat”
and “red”. Although intuitive, this definition is not a formal math definition. In this work,
we define concepts as a function: a concept function ¢(z) : X — {0,1} is a function
that takes image@ as input, and outputs 1 if the concept is present in this image and 0 if
not. This definition is compatible with the previous works: for example, Bykov et al. [3]
uses human annotation which outputs 1 if the concept presents, otherwise 0. Oikarinen and
Weng [[12] uses CLIP [15]] activations and calculate the cos-similarity of the input image
embedding and text embedding of concept, which could be regarded as an automatic way
to approximate c(z).

To search for a concept that describes the neuron, most methods utilize a similarity function
sim(f,c). It’s a functional measuring the similarity between concept and neuron. With the sim-
ilarity function, the neuron identification problem can be formulated as:

¢(x) = argmax sim(f(z), ¢(x)) (1)
c(x)eC

where C'is the concept set (a function space under our concept definition).
In our formal definition, sim(f,c) is a functional that takes two functions f and c as input, e.g.
correlation. In practice, most works replace the function to its realization on a probing dataset

Dprobe as an approximation. For example, for the similarity function of accuracy, it is defined as the
probability that two function has the same value:

sim(f, ¢) = P(f(x) = ¢(x)), 2
Utilizing probing dataset, we can get an unbiased empirical estimation:

1 | mebe ‘

S|m(f, C; Dprobe) = m
probe| T

1(f(w;) = c(ws)). 3)

!The input could also be texts or audio. In this work we focus on vision models.
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Machine Learning

m 2w Machine Learning

60 = argming.g L(ho(z), u(z)) .

m Loss function L() Similarity sim ()
..I S Neuron output hg() | Neuron representation f()

F

Maximizing similairty:
& = argmax ccsim(f(z), ()

Neural Network Human concepts

Figure 1: Illustration of neuron identification and machine learning. Neuron identification searches
for concepts matching a neuron, while learning searches for model parameter matching human con-
cepts. Thus, neuron identification can be viewed as the reversed learning process.

Under this approximation, the optimization goal can be written as:

¢ =argmax,.o SiM(f,c; Dprope) @

where Sim(f, ¢; Dprobe) = SIM(f (), ¢(x;)), i € Dprope-
It could be seen that Dpope plays an important role in this approximation. However, the investigation
on Dpope s still lacking.

Why do we choose similarity-based definition? Currently, there is no formal definition of a
neuron’s concept. A practical criterion is: a concept describes a neuron if the neuron’s activation
can be used to predict the presence of that concept. This criteria can be measured by corresponding
classification metrics, for example, Fl-score [8] or AUC [9]. The definition of similarity scores
include these metrics and generalize to other useful scores, e.g. correlation or soft-wpmi[l12]]. Thus,
we adopt it in our theoretical framework.

3 Explanation faithfulness

In this section, we start to discuss a key question in neuron identification: How can we trust the
neuron explanation provided by the algorithm? We first discuss an important observation: Neuron
identification could be regarded as the reverse process of machine learning. Inspired by that,
we utilize the rich literature in statistical learning theory to study faithfulness in Sec. 3| and quantify
uncertainty of neuron explanation in Sec. ]

3.1 Duality of neuron explanation and learning

Based on the notation in Sec. 2] we observe that the neuron identification problem closely parallels
the traditional learning problem. For example, given a model with parameter 6 in parameter space
0, a classification problem could be formalized as minimizing the loss L, which is approximated by

the empirical loss L on the training dataset:

é = arg min I:(H; Dtrain)
gco (&)
where L(0; Dyain) = L(ho(2:), y(2:)), 2i € Diain,

where y(z) denotes the label function and hy(x) is the neural network. Comparing Eq. [5|and Eq.
These two problems have a similar form: Both problems solve an optimization problem and the
objectives are identical in form. We list the correspondence between these two domains in Fig. [T]

Furthermore, we observe that the neuron identification can be regarded as the reverse process of
learning: during learning, we search for neural network (parameters) that mimics target human
concept (e.g. ImageNet classes). Neuron identification, instead, searches for concept (or simple
combination of concepts) that is most similar to a specific neuron.

This observation enables us to utilize the rich literature of machine learning in the neuron identifi-
cation problem. Below, we first discuss how to measure the faithfulness of neuron explanation via
the generalization theory. Next, we discuss how to perform uncertainty quantification and measure
stability in Sec.
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3.2 Explanation faithfulness

A natural question for the neuron identification is: Does the concept identified by the algorithm
faithfully describe the neuron? To answer this, we first need a quantitative measure of faithfulness.
Under the framework of similarity score, the faithfulness could be split into two questions:

1. Which similarity function shall we choose? This question has been discussed by Oikarinen
et al. [[14]] so we will not put our focus on it.

2. Does the selected concept have a high (true) similarity score? Since concept is selected
based on probing dataset, we need to investigate how this influence the true similarity score
of output concept.

Inspired by the traditional generalization theory in machine learning [17], we address the second
question by first defining the generalization gap for neuron identification as:

g(Dprobev Ca f) £ Sgg [Sl}n(fv [6X Dprobe) - sim(f, C)} (6)

We show that this gap can be bounded under mild assumptions:

1. The concept set C'is finite.
2. The probing dataset Dyope is sampled i.i.d.
3. Similarity function sim is bounded. More specifically, 0 < sim(z) < 1.

For a finite concept set C, we have the following theorem:

Theorem 3.1. With probability at least 1 — 6,

2 . )
sup |S’m(fv [6X Dprobe) - S’m(fv C)| < T(fv Dprobea 7);
ceC |C|

where 7 f, Dprove, 6) describes the convergence rate of similarity function Sim(f, ¢; Dyrobe) and sat-
isfies

P Hsfm( £,¢ Diove) — Sim(f,¢)| > (/. mebe,a)} <. %

In the first equation, the confidence parameter is adjusted using a union bound, replacing § with
0
el
Remark 3.2. This theorem follows classical result in generalization theory and could be directly
derived via union bound. The convergence rate function 7(f, Dprobe,d) describes how fast the
estimator Sim converges. We will show that for most popular similarity estimators in practice,

T(f, Dpr0b67 5) - O( \_Dlponij)

Corollary 3.3. With probability at least 1 — 9,

sim(f,¢) > max[sim(f,c)] — 2r(f, Dprobes 0

12 L ®)

where ¢ is the optimal concept based on the probing dataset, as defined in Eq.

Remark 3.4. This corollary suggests that by maximizing similarity on the probing dataset, we can
find an approximately optimal concept within a gap decided by convergence rate of the similarity
function and size of concept set.

3.3 Illustrative bound on popular similarity metrics

In this section, we discuss the convergence rate of common similarity metrics. For simplicity, we di-

rectly list the empirical estimator sim; the true similarity function is its expectation unless otherwise
mentioned.
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Example 1: Accuracy The accuracy could be used as a similarity metric:
siMace(f; ¢) = P(f(2) = c()). )

The accuracy can be estimated from samples by:

 Sepp 1f(@) = c(2))

SiMacc(f, ¢) = (10)
A ( ) |Dpr0be|
The convergence rate can be estimated via the Hoeffding’s inequality [7]:
log(3%)
T Acc faDroeaé = —i (11)
A ( prob ) 2|Dpr0be|

Example 2: AUC Area under the ROC curve (AUC) is also a popular similarity function used in
practice[S]]. The AUC similarity is calculated as:

_ Zelet)=0} 2falern=1) 1 @) < fW)]

sim(f,c) = (12)
{z | c(z) = 0}|{x | c(z) = 1}
[L] proved that the AUC estimator converges to the expected ranking accuracy with rate
log(%)
TA 7D T 75 = ’ (13)
vl Dpre: ) \/ 20(€)(1 — p()) Dy

where p(c) is called positive skew which equals the the portion of positive examples in the probing
dataset. We refer to Theorem 2 of [1] a formal statement and proof.

In Fig.[5al we show the convergence rate rayc under different p. We can see that when p is small, the
convergence rate rauc blows up when Djope is small, indicating that imbalanced probing datasets
may cause larger generalization error, reducing explanation faithfulness.

Example 3: Recall, precision and IoU Precision, recall, and intersection-over-union (IoU) are
also widely used similarity metrics in neuron identification. Given a neuron representation f(x) and
a concept function c(x), we define:

o TP ~ TP
Slmprec(f, C) = Precision(f, C) = m, S|mrec(f, C) = Recall(f, C) = m
o TP
S IOU(f7 C) 0U(.f7 C) TP+FP+FN

where TP (true positives), FP (false positives), and FN (false negatives) are computed over the
probing dataset Dyohe based on the binary predictions from f(x) and ground-truth labels from c¢(x).
These metrics can be regarded as conditional versions of accuracy: for example, precision can be
regarded as the accuracy in examples where f(2) = 1. Thus, the convergence rate is similar to rcc,
with the only difference being the effective dataset size:

- log(3)
T'prec(fv Dprobev(;) - \/Zf(x) =1 ‘ X € Dprobel . (14)

The convergence rate for recall and IoU can be calculated similarly, with effective sample size
lc(z) = 1| 2 € Dyrove| and |c(x) = 1 or f(x) =1 | & € Dpropel, respectively.

In practice, users can collect additional data until the effective sample size reaches a desired level.
Here, for easy comparison of different metrics, we plot r v.s. expected number of total samples
required.

4 Quantifying stability

Another important question in neuron identification is how to quantify the stability of the algorithm
across different probing datasets. This also quantifies uncertainty in neuron identification results.
Leveraging the connection to machine learning, we adopt the bootstrap ensemble approach for sta-
bility/confidence estimation, which is applicable to any neuron identification algorithm without the
need to modify its internal mechanism.
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1) Boostrapping (3 Aggregation

i Bootstrap results
2 Neuron identifiation ¢1: Cat
AN \ Agg. Results:

. \/ b Others: 6%
-
Probing dataset mebe q Neuron identifiation cr: Pet

Y

Bootstrap dataset D g

Figure 2: Illustration of bootstrap ensemble in neuron identification. Multiple probing datasets are
generated via bootstrapping. Then, neuron identification algorithm is applied on each dataset and
final concepts are aggregated into probability of each concept.

4.1 Bootstrap ensemble

Bootstrap ensemble [4]] is a machine learning technique that can improve both prediction accuracy
and uncertainty quantification. This method aggregates multiple models, each trained on a different
resampled version of the original dataset, obtained via bootstrapping (sampling with replacement).
The final prediction is determined by majority voting among these models, and confidence is calcu-
lated as the proportion of models voting for the final prediction [10].

For neuron identification, we adapt the bootstrap ensemble approach by bootstrapping the probing
dataset to produce multiple identification outcomes for the same neuron. This process is analogous
to training multiple models in standard machine learning. The procedure can be described as:

1. Collect bootstrap datasets: Sample K datasets {D;}X | independently by randomly se-
lecting samples from the probing dataset Dpone With replacement.

2. Run neuron identification: Apply the neuron identification algorithm to each bootstrap
datasets D; and record the predicted concept c;.

3. Aggregate predictions: After K runs, estimate the probability of each concept as:

K
1

P(c) = gi;l(ci =o), (15)
where 1(-) denotes the indicator function.

4.2 Construct prediction set

While bootstrap ensembles provide an empirical measure of stability, we also seek theoretical guar-
antees on the top concept. In particular, we want to bound the probability that the most frequent
concepts in bootstrap ensemble capture the desired concepﬂ For this goal, we construct a concept
prediction set, a set of concepts likely to describe the neuron, rather than a single best guess. This
approach could be applied on any neuron identification algorithm, without any modification. The
procedure is described in Alg.[T]

The following theorem gives a probabilistic guarantee that a desired concept c¢* will be included in
the prediction set constructed via the bootstrap ensemble, under mild assumptions on the candidate
set and similarity function.

Lemma 4.1. Let p be defined implicitly by the equation

D A
T(fprrobe;@) = 5» (16)
where r(-) is the uniform convergence rate in Theorem Then,
Pée=c")>1-p (17)

21t’s similar to ground truth in conventional machine learning.



198 Remark 4.2. Lemma [A1] can be easily derived from Theorem [3.1} with probability 1 — p,
199 SUP,ee |SIM(f, ¢; Dprove) — SIM(f, ¢)| < £, thus
SiAm(f, €5 Dprobe) = SIM(f, ¢*; Dprobe) —

. A
> Slm(fa [6X Dprobe) + 5 (Assumption 2) (18)

Z Sl}n(fa [ Dprobe)~

200 In many cases, p is bounded by p < e~QIPwm|A% for some constant @ > 0, depending on the
201 similarity metric.

202 Theorem 4.3. Let ¢* be the desired concept for a given neuron. Assume that

203 1. ¢* € C (the target concept is included in candidate concept set).
204 2. sim(f,c*) > sim(f,c) + A,¥Ye € C,c # ¢*, where A > 0 is a positive constant. This
205 assumes the similarity function can distinguish the target concept with other concepts.

206 Let S C C be the prediction set constructed in Alg. |1 and let k(S) = 25 [é; € S] be the number

i=1
207 of bootstrap trials that predict a concept in S. Then, under these assumptions,

K—k(S)—1

PcreS) > Y (If) p—-p~T, (19)

=0

208 where p is the single-trial error probability defined in Lemma[{.1|

200 Theorem [3.1] provides a statistical guarantee on the probability that our desired concept is included
210 in the prediction set. We postpone its proof to appendix [A.1]

211 5 Experiments
212 In this section, we conduct experiments to evaluate our proposed methods.

213 5.1 Simulation on synthetic data

214 To verify our theory in Sec.[3] we conduct simulations based on a synthetic dataset.

= & | o] ) )
s, IR i - - KEIDEPSEKE

Building (54%) Building (53%) Book (70%) Bibliographic (57%)
Appartment building-outdoor-s (42%) Tower (32%) Bookcase (24%) Bookshop (43%)
Birding (10%) Bookstore (4%)
Neuron 202 . Neuron 260 HM!
{ B |« @w @ al | ;
Leg (97%) Inspectors (21%) Cat (95%) Fostering (55%)
Wardrobe (9%) Worldcat (31%)
Clerk (7%) Lamb (6%)
... + 26 other concepts Sheep (5%)

Figure 3: Results of applying bootstrap ensemble to NetDissect and CLIP-Dissect on ResNet 50
neurons. NetDissect shows more stable, concrete concepts. CLIP-Dissect outputs are more diverse
and abstract.
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Figure 4: 95% quantile of error of 5 similarity metrics under two synthetic simulation settings: (a)
balanced concept frequency; (b) rare concept frequency (0.001). Accuracy converges fastest in both
settings.

Experiment 1: Convergence speed. In Theorem the key factor that controls the gap is the
convergence rate r. To investigate this, we generate synthetic data and compare different similarity
functions. We binarize the neuron representation by thresholding the top 5% activations and study
the following two cases:

1. P(f(z) =1,c¢(z) =1) =0.03, P(f(z) = 1,c(z) = 0) = 0.02, P(f(z) = 0,c(z) =1) =
0.02, P(f(z ) 0, c(z) = 0) = 0.93. This case simulates a regular concept.

2. P(f(z) =1,c(z) = 1) = 0.0009, P(f(z) = 1,¢(x) = 0) = 0.0491, P(f(z) = 0,¢c(z) =

1) =0. 9499 P(f(z) = 0,¢(x) = 0) = 0.0001. This case simulates the case that concept

) =
is rare (frequency is 0. 001) This case often occurs when the concept is fine-grained.

We simulate with Ney, = 1000 randomly sampled dataset and plot how the 95% quantile of error
change with the number of samples, as shown in Fig.[d] From the simulation results, we can see that

1. Accuracy has fastest convergence in both cases. On regular concept, IoU, recall and preci-
sion are similar. AUROC converges faster than them.

2. For rare concept, the case is different: AUROC and recall are much worse than precision
and IoU. This matches our analysis in Sec. [3} where we showed that AUROC converges
significantly slower when the concept frequency is low.

Experiment 2: Gap simulation In this test, we verify Theorem via synthetic data. We gener-
ate the synthetic data with the following steps:

1. Generate neuron representation. Binarized neuron representation f(x) is generated by
setting the top-5% of activations to 1 and the rest to 0.

2. Generate concepts. We generate |C| = 1000 concepts as the candidate set. For
each concept, we first generate its frequency from a log-uniform distribution in the
interval (107%,1071). Then, we randomly generate TP = P(f(z) = c(z)) from
(0, min[P(f(z) = 1),P(c(x) = 1)]) to ensure the probability is valid. The rest probabil-
ity (FP, TN, FN) can then be inferred. Given the probabilities, we compute corresponding
conditional probability (P(c(z) | f(x)) and sample ¢(x) accordingly.

3. Experiment and simulation. We repeat the above steps Ney, = 1000 times. We use the
sampled neuron representation f(z) and concept activation c¢(x) to calculate similarity and
select top-ranked concept ¢. Then, we calculate the ground-truth similarity with the real
probability (TP, FP, TN, FN) and calculate the error as the difference between similarity of
selected concept and max similarity in the candidate set (max.cc[sim(f, c)] — sim(f,¢).
We take the 95% quantile of error among all experiments to approximate the bound under
success probability 1 — § = 95%.
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(concept frequency) p(c). ing an empirical convergence rate of O(1/+/n.

Figure 5: Theoretical and simulation results on generalization gap.

In Fig. we plot the simulated gap against the size of the probing dataset | Dpope|. We observe
that:

1. All curves have similar slope to the reference O(1/1/n) curve, suggesting an asymptotic
convergence rate of O(4/1/n), which is consistent with our theoretical analysis.

2. For the constant term, accuracy has fastest convergence and AUROC is the second. This
matches our simulation of 7 in Experiment 1, Setting 1, supporting our conclusion.

5.2 Bootstrap ensemble

We apply our bootstrap ensemble method to two base methods: CLIP-dissect [[12] and NetDis-
sect [3]]. The base model we choose is a ResNet-50 model trained on the ImageNet dataset [6]. We
run K = 100 bootstrap samples and choose the bootstrap count threshold ¢ = 0.95K = 95 in
Alg.[I} The results are shown in Fig.

From the results, we can observe interesting difference of these two methods:

1. CLIP-Dissect prefers more abstract concept. For example, it gives concepts like fostering
and bibliographic. NetDissect, in contrast, always uses concrete concepts.

2. In general, CLIP-Dissect provides more diverse concepts and sometimes captures ones
missed by NetDissect (e.g. Birding for Neuron 89). NetDissect is more stable across
different bootstrap samples. A potential reason is that NetDissect utilizes localization in-
formation, which improves stability.

6 Conclusion and limitation

In this work, we conducted a theoretical analysis of neuron identification problem, with the goal of
clarifying the faithfulness and stability of current algorithms. With the key observation that neu-
ron identification is the reverse process of learning, we introduced generalization gap to quantify
faithfulness and provided corresponding bounds. We further introduced a bootstrap-based procedure
to quantify stability and construct prediction sets of concepts. Together, we offer a principled frame-
work for the trustworthiness of neuron identification, complementing existing empirical studies.

Our work also has some limitations: the bound on generalization gap is a general bound for any con-
cept set. It does not utilize the relation between concepts thus may be improved for specific concept
set. The bootstrap ensemble method provides an algorithm-agnostic way to quantify stability and
generate prediction sets, but also introduces additional computational overhead.
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A Details on bootstrap ensemble

Algorithm 1: Generating a concept prediction set for target neuron

Input: Concept set C, probing dataset Dpobe, target neuron f, neuron identification procedure
Identify(C, f, Dprobe), bootstrap sample count K, bootstrap count threshold ¢
Output: Prediction set .S of candidate concepts
fori < 1to K do
Sample dataset D; from Dpope With replacement (same size as Dprope);
Calculate ¢; = Identify(C, f, D;);
end
For each concept ¢; € C, count number its appearances:

K

kj = [ =cj]

i=1

Sort concepts by frequency, k., > k., --- > k,_, s is the number of different concepts
generated during bootstrapping;
Initialize S < @, j < 0, cur_count < 0;
while cur_count < t do
Add ¢, to S: S < SU{c, };
Update j < j + 1, cur_count < cur_count + k.,
end

A.1 Proof for Theorem 3.1]

Proof. Suppose we repeat our experiment K times and get {¢;}X ;. Then, we have the following
theorem.

Theorem A.1. Let k* = Zfil 1[¢; = c*] denotes the number of times target neuron is given during

K experiments. Then,

t
P(k* > ) > (f) (1—p)p"" (20)
=0

Remark A.2. This could be derived by Lemma[4.1]and binomial distribution CDF.

Using Theorem [A.T] we can derive:

(" ¢ S) <P(k* < K — k(S))
—1-P(k* > K — k(S) — 1)

K-k(S)-1 (21)
<io . (M)a-pe
i=0
Thus,
K—k(8)—1 K
PcreS)> Y (Z) (1=p)'p"", (22)
i=0
finishes the proof. O

B Related works

B.1 Neuron identification

The goal of neuron identification is to find a human-interpretable concept that describes the behav-
ior and functionality of a specific neuron. A variety of methods have been proposed for neuron
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339
340
341
342
343

344

345
346
347
348
349

identification. Network Dissection [3] is a pioneering work with the idea of comparing neuron
activations with ground-truth concept masks. Subsequent work explored extensions such as com-
positional explanations [[11]], automated labeling with CLIP [12]], and multimodal summarization
[2]. More recent approaches expand the concept space to linear combinations [[13]. While these ad-
vances provide useful empirical tools, in this work we aim to fill the gap in a principled theoretical
foundation for neuron identification.

B.2 Principled framework for neuron identification

To unify the rapid growing neuron identification methods, Oikarinen et al. [14]] design a framework,
summarizing most neuron identification algorithm into three major components: neuron representa-
tion, concept activations and similarity metrics. Additionally, two meta-tests are proposed to com-
pare similarity metrics. While this work provides a good start point, rigorous theoretical analysis is
still lacking, which we want to provide in this work.
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