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Abstract. One of the pivotal recent challenges in neural network inter-
pretability is polysemanticity, where a single neuron is activated by mul-
tiple, often unrelated concepts, hindering clear functional understanding.
Although prior work has explored this phenomenon, existing approaches
remain architecture-specific and depend on manual heuristics such as
a fixed number of concept clusters (K), limiting their generality and
scalability—especially for modern Transformer-based models. To address
these limitations, we introduce SPICE (Simple Polysemantic Feature
Interpretation via Clustering-based Explanation), a generalizable frame-
work for analyzing polysemanticity in deep vision architectures. SPICE
avoids architecture-dependent propagation rules, enabling the first sys-
tematic comparison of polysemanticity across both CNNs and Trans-
formers, and automatically determines the number of concept clusters
per neuron, eliminating reliance on a preset K and supporting scalable
analysis for large models. Using SPICE, we conduct a comprehensive
investigation into how polysemanticity emerges, varies across depth and
architecture, and forms through distinct computational pathways.
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1 Introduction

Deep learning models have achieved remarkable performance across a wide range
of applications, but their rapidly increasing complexity and scale have made it
ever more difficult to understand their underlying mechanisms [2]. As a result,
interpretability research—which seeks to clarify the internal representations and
computational processes learned by models—has become increasingly important
and is now an active area of study. In particular, mechanistic interpretability,
which examines the functions of neurons and modules in storing and processing
knowledge, has emerged as one of the most prominent research directions in the
field [5,/11L[24L25].

In the vision domain, such research has been actively pursued, with ap-
proaches such as those in [4}/23] analyzing models at the level of individual
neurons by identifying shared visual features among the samples that strongly
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Fig.1: An overview of the proposed method (SPICE). (a) A polysemantic
neuron exhibits mixed selectivity across diverse image inputs. (b) SPICE traces the
computational pathways of these activations by computing attribution footprints (A.)
from the preceding layer. (c) We iteratively cluster these footprints to disentangle
the neuron’s representations. By strictly separating clusters that satisfy the condition
Cohesion(C) > 7, SPICE successfully decomposes the entangled inputs into highly
coherent, interpretable conceptual groups.

activate them. This approach rests on the implicit assumption that each neu-
ron corresponds to a single function. Recent studies, however, have shown that
multiple concepts often coexist within a single neuron—a phenomenon known as
polysemanticity E' As a result, single-neuron analysis faces fundamental
limitations in faithfulness, and such interpretations alone are insufficient to fully
explain the underlying mechanisms of deep models.

To account for polysemanticity, several approaches have been proposed. While
training interpretable Sparse Autoencoders (SAEs) offers one promising path,
such methods do not directly reveal the intrinsic structural flow of the net-
work . To address this, attribution clustering has emerged as a key tech-
nique for operationalizing circuit-based tracing by grouping a neuron’s attribu-
tion footprints to separate its encoded concepts. However, existing attribution
clustering methods suffer from two critical limitations. First, they exhibit a fun-
damental lack of generality. To date, these analyses have been almost exclusively
confined to CNNs, failing to provide a unified framework applicable to mod-
ern Transformer-based architectures. Second, they lack scalability due to their
reliance on manual heuristics. Specifically, these approaches often require pre-
defining a fixed number of concept clusters (K) for each neuron-a subjective and
laborious process that is infeasible for today’s large-scale models. Consequently,
developing a generalizable and scalable method to analyze polysemanticity across
diverse architectures remains a key unsolved problem.

Therefore, we introduce SPICE (Simple Polysemantic Feature Interpretation
via Clustering-based Explanation), a method that disentangles polysemantic
neurons with an emphasis on generality and scalability. SPICE is both simple
and effective, addressing two major limitations of prior work. (1) We introduce a
scalable and flexible attribution-clustering framework for dissecting polyseman-
tic neurons. By adaptively determining the optimal number of concept clusters
(K), SPICE eliminates the reliance on manual heuristics. Furthermore, extensive
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evaluations and ablations demonstrate that our method achieves highly robust
disentanglement performance across diverse architectures, extreme activation
ranges, and various attribution methods. (2) Using this framework, we provide
an in-depth analysis of polysemanticity to explore the representational differ-
ences across models. Our findings highlight distinct inductive biases between
CNNs and Transformers, and illustrate the diverse computational pathways that
underlie concept formation.

Using the proposed method, we conduct an in-depth investigation into the
formation patterns of polysemanticity and their internal structure. Beyond ex-
tending interpretability, this analysis offers novel insights into the fundamental
principles by which models organize and represent concepts.

2 Related Work

Mechanistic Interpretability A significant branch of interpretability research fo-
cuses on identifying human-understandable concepts and mechanisms within
neural networks [5]. This line of work seeks to move beyond input-output cor-
relations and explain how a model computes internally. Early studies focused
on associating individual neurons with specific visual concepts [4,|24,25|. Since
then, research has broadened to include methods for automatically discovering
concepts with limited human supervision [15//23], as well as approaches that ana-
lyze circuits—pathways of functionally related neurons—to uncover higher-level
computational structures [6(17,18/33]. Our work builds on this tradition, aiming
to provide a scalable and systematic analysis of a neuron’s internal conceptual
structure.

Polysemanticity as a Challenge Early interpretability methods often relied on
an implicit monosemantic assumption—that each neuron corresponds to a sin-
gle coherent concept. However, polysemanticity is essentially a fundamental
property of deep networks, arising from data statistics and superposition con-
straints [9,]21]. To account for this, Sparse Autoencoders (SAEs) are used to
disentangle compressed features |7,[12/32], though they do not directly reveal
the model’s intrinsic attribution flow. Furthermore, while several works leverage
Vision-Language Models (VLMSs) to probe polysemantic concepts [1,22}[341|36],
these approaches are fundamentally bottlenecked by representation misalign-
ment and the sensitivity to the chosen external model.

Disentanglement via Attribution Approach To directly analyze the internal struc-
ture of polysemantic neurons, several approaches leverage attribution cluster-
ing—grouping a neuron’s attribution footprints to separate its encoded con-
cepts [8[14L[34]. These methods are powerful, but the literature exhibits two
critical limitations that our work addresses. First, a lack of generality across
architectures. To date, these analyses [8|14] have been almost exclusively con-
fined to CNN architectures. A unified framework to systematically analyze and
compare polysemanticity in modern Transformer-based models has been notably
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absent. Second, prior work lacks scalability in concept discovery, largely due to
reliance on manual or restrictive heuristics. Pioneering work like PURE (8] re-
quires manually specifying the number of concepts (K) for each neuron, while
methods such as [14] perform explicit disentanglement but are constrained to
separating only a small, fixed number of components rather than discovering
an arbitrary, data-driven set of clusters. Both approaches are subjective, time-
consuming, and practically infeasible for large-scale analysis. Therefore, a frame-
work that is both generalizable and scalable for attribution-based analysis has
remained a key unsolved problem, which we address in this paper.

3 Method

The visual concept captured by a single neuron is often inferred from the shared
features of the samples that most strongly activate it [4/15,[23]. While this ap-
proach can reveal what a neuron has learned, it becomes challenging to disentan-
gle multiple concepts when a neuron is polysemantic—i.e., when several distinct
concepts coexist within the same unit. To analyze this polysemanticity within
a model’s learned visual representations, our goal is therefore to cluster the
multiple visual concepts encoded by a single neuron. To this end, we introduce
Simple Polysemantic Feature Interpretation via Clustering-based Explanation

(SPICE).

Identifying Representational Footprints via Attribution Information in deep neu-
ral networks is widely understood to be formed hierarchically, beginning at the
input and propagating through successive layers until it culminates in the fi-
nal decision [19}/24,/35|. Consequently, understanding an internal visual concept
requires tracing its origins along this information flow. Within this framework,
we seek to explain the information encoded by each neuron by defining its rep-
resentational footprint-a trace of its compositional origins. Building upon this
premise, we assume that concepts sharing similar footprints are treated as ‘re-
lated’ by the model. To realize this empirically, we compute these footprints
using attribution methods, which are widely employed for analyzing deep vision
models [27H29].

Formally, given a dataset D = {z;} and a network f, we first interpret the
concept represented by a neuron u' in layer I through its set of most highly
activating samples, D, C D. We define a neuron according to the network
architecture. For convolutional models, each channel is treated as a neuron, as
it acts as a distinct feature detector across spatial locationsﬁ For transformer-
based models, each hidden dimension is treated as a neuron, as it represents a
distinct feature across all input patches.

To trace the origin of the visual concept represented by a single neuron
u!, we quantify how each predecessor neuron in layer I — 1 contributes to its
activation. Since a neuron corresponds to an entire channel in CNNs or a hidden

3 The term “neuron” is often used interchangeably with “feature” in the literature, or
“channel” in the context of CNNs.
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dimension in Transformers, its activation is distributed over multiple output
positions, i.e., a spatial feature map in CNNs or a sequence of patch activations
in Transformers. We therefore aggregate the positional activations to obtain a
scalar neuron activation,

au(x) = {Zh,w au(m)h,w, (CNN), (1>

> @u(T)p, (Transformer).

For a given sample z;, the aggregated activations of all predecessor neurons
form the activation vector

al_l(xi) = |:a’ulll (i), -+, a,i-1 (z;)] € Rdi-1 (2)

di_1

Using the aggregated activation of the target neuron as the scalar objective,
we compute the InputxGradient attribution from all predecessor neurons to
target neuron,

oo =t (a0 L) g .

where ® denotes element-wise multiplication. The j-th entry of ¢(z;) repre-
sents the attribution from predecessor neuron ué-fl to the target neuron u'.

Stacking the attribution vectors of all highly activating samples z; € D,
yields the attribution footprint matrix,

Ay = : € RIPurlxdi1, (4)
¢(I\Duz \)T

Clustering the rows of A, therefore groups samples with similar predecessor-
attribution patterns, revealing distinct concepts that drive the activation of u'.

As model depth increases, the attribution vectors of different highly activat-
ing samples of the same neuron (i.e., the rows of A, ) become substantially more
similar to one another. We hypothesize that this effect stems from the increasing
anisotropy of the feature space, a phenomenon widely reported in prior work on
large models [3l/10,{13//26]. To mitigate its impact and enable effective attribution
footprint-based clustering, we normalize attribution matrices along the neuron
dimension before clustering. Rather than simply placing dimensions on a compa-
rable scale, this normalization actively mitigates the anisotropy problem, allow-
ing the clustering algorithm to focus on relative semantic patterns rather than
absolute magnitude biases. With this normalization step, our method achieves
more reliable concept disentanglement.
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Disentangling Concepts by Clustering Footprints Having defined the represen-
tational footprints, we now introduce our method, namely SPICE. Rather than
assuming a fixed number of underlying concepts, we propose an iterative algo-
rithm that progressively identifies and separates cohesive groups of footprints
based on their pairwise cosine similarity. As detailed in Algorithm [I] the process
begins by attempting to partition the rows of the footprint matrix A, into k = 2
clusters. A cluster C is considered a cohesive concept if its internal coherence,
which we define as the average pairwise cosine similarity between its members,
exceeds an adaptive threshold 7. Cohesive concepts are accepted as final and
removed from the working set A’. The algorithm then dynamically adjusts the
number of clusters k and repeats this process on the remaining attributions until
no further cohesive concepts can be disentangled.

A key component is the dynamic calculation of this cohesion threshold 7. A
fixed, universal threshold would fail to adapt to the diverse similarity distribu-
tions exhibited by the footprints of different neurons. We therefore compute 7
adaptively from the set of footprints currently under analysis, A’. Our empirical
analysis reveals that the character of the similarity distribution systematically
changes with network depth, as illustrated in Figure (right). Early layers typi-
cally exhibit a unimodal, long-tailed distribution of similarities. In contrast, later
layers often display a bimodal distribution, where the emergence of a second peak
suggests the formation of distinct, highly cohesive conceptual groups.

To create a robust criterion that accommodates both scenarios, we define the
threshold 7 as the maximum of two candidates: (1) the 95th percentile of the
pairwise similarity values, and (2) the value corresponding to the second peak of
a Kernel Density Estimate (KDE) fitted to the similarity distribution. Formally,
letting S denote the set of pairwise cosine similarities of the current footprints
A’

T = maX(Qo_g5(S), pQ(S)), (5)
where Qo.95(.5) is the 95th percentile of S and p2(.9) is the second local maximum
(in order of increasing similarity) of the Gaussian KDE of S whose PDF value
exceeds 0.1; when the distribution is unimodal and ps(S) does not exist, 7 falls
back to Qo.95(S). The percentile provides a robust baseline, particularly for the
unimodal distributions in early layers, while the second peak offers a more se-
mantically meaningful partition for the well-formed concepts in later layers. This
dual-criterion approach ensures that our definition of a concept is contextually
grounded across the network’s hierarchy.

4 Experiment

In this section, we present both the qualitative and quantitative evaluation of
our proposed method, along with a comprehensive analysis.

4.1 Quantitative Comparison with Baselines

To demonstrate the effectiveness of our method in disentangling and explain-
ing multiple concepts encoded within a single neuron, we extensively evaluate
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Algorithm 1 SPICE

1: Input: A set of attribution footprints A,,, a cohesion threshold 7.
2: Output: A set of disjoint concepts C*, where each concept is a set of footprints.

3:

4: procedure DISENTANGLECONCEPTS( Ay, T)

5 > Initialize working variables

6: A« A,

7 C*«+ 0

8: k<2

9 while |A'| > k do

10 > Search for cohesive clusters of size k

11 Let Ceohesive be the set of all clusters C € Cluster(A’,k) where

Cohesion(C) > 7.

12: if Ceonesive # 0 then

13: > Found cohesive clusters: update

14: C*«+C"U Ceohesive

15: A= AN\ Ucee, i

16: k < max(2,k — chwhesm| —-1))

17: else

18: > No cohesive cluster: increase search size
19: k+—k+1
20: end if
21: end while
22: > Treat remaining footprints as individual concepts

23: C*«C*U{{a}|ac A}
24: return C*
25: end procedure

where Cohesion(C') = meang,,q;ec(sim(as, a;))

SPICE across four diverse architectures (ResNet-50, ViT-B, DenseNet, and CLIP
ViT-B). We compare our approach against several recent baselines, including
PURE [8], CPE [34], and LE [22|. While PURE was originally restricted to
CNNs due to its reliance on CRP grammar, we extended and adapted its imple-
mentation for Transformer architectures to ensure a comprehensive evaluation.
Moreover, unlike SPICE-which adaptively determines the optimal number of
clusters per neuron-PURE requires the number of clusters to be specified in ad-
vance. Accordingly, we configure it by selecting the optimal number of clusters
using the silhouette score.

Separability based on External Semantic Space. To quantitatively evalu-
ate the effectiveness of our concept disentanglement, we first adopt separability
as our primary metric, defined as the ratio of intra-cluster similarity to inter-
cluster similarity. Following the established protocol of PURE, we utilize CLIP
as the external verification tool to measure these similarities, grounded in the
premise that visually similar images cluster closely in the hidden space. Con-
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Table 1: Separability comparison of baselines versus Ours across models and layers.
As PURE was originally designed for CNNs, we adapted its CRP implementation for
Transformer models for this comparison.

Model / Layer | PURE" LE CPE Ours

ResNet-50 L2.1 1.01840.031 1.11240.122 0.99640.014 1.092+0.056
ReSNet-SO L3.3 0.999i0,012 1.108i0,153 0.995;{:0_007 1-16010.081
ResNet-50 L4.2 1.00940.071 1.18740.221 0.998+0.011 1.29140.224

ViT-B B6 1.01210.013 1.18510.153 0.99410.009 1.240-0.089
ViT-B Bl11 1.03540.025 1.357+0.181 0.99840.018 1.577+0.089

DenseNet L21 1~012j:0.028 1-090i0.158 0.994:&0_007 1.071i0,059
DenseNet L312 1.053i0,054 1.062i0_139 0.994i0,005 1-114i0.060
DenseNet 1L.4.16 1.02540.035 1.19140.116 0.994+0.000 1.033+0.032

CLIP ViT-B B2 | 1.00710.018 1.088+0.082 0.99410.00s 1.090+0 051
CLIP ViT-B B6 | 1.00840.016 1.165+0.148 0.997+0.000 1.212+0.090
CLIP ViT-B B11 | 1.0214+0.040 1.24440.192 0.99810.013 1.410+¢ 102

. . —\n
cretely, for each neuron n with discovered clusters, we compute si(nt)ra as the

mean CLIP cosine similarity over all within-cluster image pairs and 5, as the
mean over all cross-cluster pairs (i.e., the full ¢ x j pairwise comparisons, not

centroid-based), and report a single dataset-level ratio of means,

% Zﬁ[:l gi(:t)ra
% Zgzl gi(:t)cr
We use the ImageNet validation set as the probing dataset for all separability
evaluations. A higher separability score indicates a more successful and distinct
concept separation.

As shown in Table[I] SPICE exhibits dominant separability scores across var-
ious networks and depths. While text-prior-based methods like LE show com-
petitive performance in early layers (e.g., B2), their performance notably de-
grades in deeper layers (e.g., L4.2, B11) where concepts become highly abstract
and polysemantic. In contrast, SPICE maintains robust disentanglement, signif-
icantly outperforming all baselines in the deep layers. The slight deviation in
early layers occurs because they typically capture low-level features (e.g., tex-
tures, colors) that are less aligned with CLIP’s high-level semantic space. We note
that CPE consistently yields near-unit separability (a 0.99); this stems from an
evaluation mismatch rather than a low cluster count: CPE groups samples by
VLM-generated text concepts whereas separability is measured in CLIP image-
embedding space, and under the CPE protocol each sample is linked to roughly
three concepts per neuron so the same images recur across groups, pulling inter-
cluster similarity toward intra-cluster similarity. This is further evidenced by
PURE, which uses an even smaller fixed K =2 yet attains a higher score (e.g.,

(6)

Sep. =
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Fig. 2: Simulation-based Semantic Evaluation in ViT-B

1.035 at ViT-B B11), ruling out cluster count as the cause. This phenomenon is
visually supported in Figure

Simulation-based Evaluation. To further rigorously validate the semantic
faithfulness of the discovered concepts beyond embedding-based metrics, we con-
duct a generative evaluation using the CoSy protocol . Specifically, we gener-
ate one textual description per discovered cluster with GPT-4.1 and synthe-
size verification images via SDXL, following the CoSy protocol. AUC (Alignment
Under Curve) and MAD (Mean Absolute Difference) are computed per cluster
and then averaged, so that the resulting score is independent of the number of
clusters K each method assigns to a neuron.

As illustrated in Figure [2, SPICE consistently achieves the highest AUC
and MAD scores across multiple blocks of ViT-B compared to PURE, CPE,
and LE. It is worth noting that while inherent text-visual misalignment exists
in deep vision models, SPICE achieves higher validity because it intrinsically
discovers concept clusters from internal activations independent of text. By doing
S0, it effectively bypasses the bottleneck of text-defined priors that fundamentally
limits baselines like LE and CPE, ensuring a more faithful recovery of the model’s
actual learned concepts.

4.2 Qualitative Comparison with Baselines

To visually demonstrate the effectiveness of our method in disentangling and
explaining multiple concepts encoded within a single neuron, we perform a qual-
itative comparison against the aforementioned baselines (PURE 7 CPE ,
and LE [22]).

In Figure [3] each row illustrates representative images belonging to a single
concept cluster discovered by each method. Across both ResNet-50 and ViT-
B/16, SPICE discovers the most comprehensive set of polysemantic clusters, in-
dicating its strong capability to fully recover the diverse concepts encoded within
a neuron. Moreover, while several baselines exhibit notable visual inconsistency
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Fig. 3: Qualitative comparisons with various baselines. Each row shows four exemplar
images representing the visual characteristics of a discovered cluster, accompanied by
its corresponding textual description.

and noise within their clusters, SPICE consistently yields semantically aligned
and coherent groupings. Similar to LE and CPE, SPICE naturally integrates
with vision-language models |1| to provide accurate textual descriptions for each
cluster. Taken together, these qualitative results demonstrate that SPICE offers
the most reliable visual characterization of neuron-level polysemanticity.

4.3 In-depth Analysis

Using our framework, we conduct a comprehensive analysis of polysemantic-
ity. We first visually dissect a single neuron, and then trace the computational
pathways that give rise to these diverse concepts. We then broaden our scope
to explore architectural inductive biases across models, and finally validate the
robustness of our findings through rigorous ablation studies.

Dissecting a Polysemantic Neuron. To understand how polysemanticity
physically manifests, we conduct a detailed case study of Neuron #652 from

B DR
e St &“«.h |-
o s o & G o dus
(a) (b) (c) (d)

Fig. 4: Dissecting a polysemantic neuron (#652) from ViT-B block 11. (a) UMAP
embedding reveals distinct conceptual clusters within the neuron’s representation foot-
prints. (b) A similarity heatmap quantifies the low inter-cluster and high intra-cluster
similarity. (¢) A CLIP similarity heatmap quantitatively shows that concepts are se-
mantically disparate. (d) Exemplar images confirm the diverse and disparate visual
concepts represented by each cluster; such as snakeskin (C1), penguins (C2), and var-
ious two-wheeled vehicles (C3-C5).
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the last block of ViT-B. As illustrated in Figure [, we decompose its activa-
tions into distinct conceptual clusters. The UMAP projection (Figure [4p) and
exemplar images (Figure ) reveal clear semantic heterogeneity, with the neu-
ron responding to entirely unrelated concepts such as snakeskin textures (C1),
penguins (C2), and two-wheeled vehicles (C3-C5). The heatmaps (Figure [,
c) further validate that these clusters are structurally well-separated within the
model’s internal space and possess low semantic overlap, confirming the precise
disentanglement by SPICE.

Formation Mechanisms and Con-

cept Pathways Having observed

that a single neuron can perfectly dis- Tor.20 Co-oorumence Conospt Palrs
entangle into distinct concepts, we
next investigate how these specific V I

concepts are formed. By measuring la- ‘ III I I I II I I I

Co-occurrence Count
¢

bel co-occurrences in the final ViT-B )2 — e
block (Figure[5), we find that polyse- m‘ﬂ (I i “ v .:l
mantic neurons arise heterogeneously: Dial Telephone i Academic gown
some encode highly related concepts L

(e.g., variants of telephones in neu-

ron #24)’ while others combine en- Fig.5: Top 20 co-occurrence concept pairs
tirely unrelated categories (e.g., bur- in ViT-B.

ritos and baseballs in neuron #157).

To determine if these distinct forms of polysemanticity stem from differ-
ent mechanisms, we trace their upstream computational pathways (Figure @
For neuron #13, which encodes unrelated concepts, we observe largely dis-
joint upstream connections, with only an 18% overlap among the top-50 con-
tributing neurons. Conversely, neuron #371, encoding related concepts, shares
42% of its attribution pathways, indicating a shared formation circuit. These
human-aligned interpretations are further validated by VLM-generated descrip-
tions . Ultimately, these findings reveal that polysemantic neurons are
formed through diverse processes—ranging from overlapping semantic circuits
to entirely disjoint pathways—which fundamentally dictate their interpretability.

Architectural Inductive Bias. Building on these neuron-level mechanisms,
we broaden our analysis to examine how macroscopic architectural designs influ-
ence polysemantic behavior across the entire network (Figure . First, regard-
ing the number of disentangled concepts (left), CNN-based models (ResNet,
ConvNeXt) tend to maintain numerous concepts through most of the network,
with ResNet-50 in particular showing a pronounced drop in the final blocks,
whereas Vision Transformers (ViT) exhibit a more gradual decrease. Second,
assessing internal cohesion via intra-cluster similarity (center), CNNs exhibit
consistent stability interrupted only by spatial downsampling transitions. Con-
versely, Transformers display a characteristic U-shaped trend, exploring higher
conceptual diversity in middle layers before converging.
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Fig. 6: (Left) Inter-cluster CLIP similarity, where the x-axis denotes neurons in ViT-
B block 11 sorted by similarity. (Middle, Right) Example of a polysemantic neuron
with low inter-cluster similarity, and a high inter-cluster similarity, respectively.
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Fig. 7: Polysemanticity differs across network architectures. (Left) The number of con-
cepts per neuron across layers. (Center) Intra-cluster similarity across layers. (Right)
A structural evolution where the similarity distribution shifts from unimodal to bi-
modal.

These behavioral differences stem from the evolution of feature-similarity
distributions (Figure [7 right). While all models begin with unimodal distribu-
tions indicating limited separation in early layers, they transition to distinctly
bimodal distributions later, reflecting clear concept splits. This multimodality
shift, quantified via Hartigan’s Dip Test is most pronounced in ViTs. Ultimately,
these contrasting trajectories highlight distinct inductive biases: CNNs preserve
cohesive concepts driven by local processing, while ViTs undergo mid-layer di-
versification and late-stage reconsolidation via global self-attention.
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Table 2: Separability of ViT-B/16 across activation ranges (Top/Mid/Bottom), show-
ing the same depth-wise trend as Table [T}

Method B2 B4 ‘ B6 B8 B10

TMBTMBTMB‘TMBTMB

PURE |[1.02 1.00 1.02]1.02 1.00 1.02|1.03 1.00 1.01|1.03 1.00 1.01]1.07 1.00 1.01
CPE 0.99 0.99 0.99|1.01 0.99 0.99(0.99 0.99 1.00|1.01 0.99 0.99|1.01 0.99 0.99
LE 1.201.11 1.12|1.151.15 1.13|1.19 1.18 1.13|1.21 1.14 1.13|1.33 1.13 1.04

Ours 1.14 1.09 1.12|1.19 1.14 1.16|1.24 1.18 1.21|1.20 1.31 1.29/1.48 1.27 1.41

Ablation Studies The validity of the aforementioned scientific insights hinges
on the robustness of the SPICE framework. Here, we thoroughly evaluate our
core design choices.

Robustness across Activation Ranges. Standard interpretability evaluation pro-
tocols often restrict their analysis to the highly activated range (e.g., Top-10%)
of a neuron. To ensure our method’s robustness and comprehensively address the
evaluation scope, we expand our quantitative analysis to cover the Top, Mid-
dle, and Bottom activation ranges (100 samples each) across varying depths. As
shown in Table [2] SPICE consistently maintains high separability scores signifi-
cantly above the PURE and CPE baselines across all depths and ranges. Notably,
while LE achieves competitive scores in early layers (e.g., B2), its performance
degrades substantially in deeper layers (B10) and lower activation ranges (Bot-
tom: 1.04). In contrast, SPICE demonstrates superior robustness, achieving a
dominant score of 1.41 even in the B10 Bottom range. This confirms that SPICE
effectively disentangles concepts regardless of activation magnitude, successfully
operating even in highly polysemantic and less activated spaces where existing
text-prior-based methods fail.

-<- Baseline (K=2) <®- GuidedBackProp -$- Integrated Grad - InputxGrad

16 (a) ResNet-50 (b) ViT-B
' 1.61
1.44
1.4 a2
1.2
1.2-{
1.0 A 1.0 - é
12.1 13.3 L4.2 B2 B6 B11

Fig. 8: Robustness to attribution methods. SPICE consistently outperforms
PURE across Integrated Gradients, GradientShap, Guided Backpropagation, and In-
put x Gradient.

Robustness to Attribution Methods. To validate our core design choices, we
first examine whether SPICE’s disentanglement relies on the specific attribution
method used to compute the representational footprints. As shown in Figure [8]
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Table 3: Adaptive vs. static thresholding. For each variant we report the separa-
bility score and the coverage (# of 100 randomly sampled neurons yielding at least one
cohesive cluster). Fized K =2 accepts every cluster (no cohesion threshold = 100%
coverage by construction). Static T applies a global cosine-cohesion threshold; high 7
inflates separability but drops coverage to near zero because most neurons cannot meet
the threshold. Adaptive (SPICE) sets T per neuron, achieving near-100% coverage with
strong separability.

ResNet-50 (L3.3) | ViT-B (B6)
Variant Score  Coverage | Score Coverage
Fixed K=2 (no 7) ‘ 1.00 100/100 ‘ 1.03  100/100
Static 7 > 0.9 1.56 6,/100 2.18 7/100
Static 7 > 0.8 1.56 9/100 2.18  10/100
Static T > 0.7 1.39  27/100 1.88  21/100

Adaptive 7 (SPICE) | 1.15  100/100 | 1.25 100/100

SPICE consistently outperforms the PURE baseline regardless of the attribu-
tion method employed—including Integrated Gradients [31], GradientShap [20],
Guided Backpropagation [30], and Input x Gradient. This confirms that the
significant performance gain stems from our framework itself, rather than an
artifact of a specific metric. We adopt Input x Gradient as our default choice
due to its efficiency.

Adaptive vs. Static Thresholding. Finally, we evaluate the necessity of our adap-
tive clustering algorithm by comparing it against two natural alternatives: (i)
accepting every cluster from a fixed K = 2 partition (no cohesion threshold),
and (ii) applying a single global cohesion threshold 7 shared across all neurouns.
We measure both separability and coverage, defined as the number of neurons
(out of 100 randomly sampled) for which at least one cluster passes the cohesion
test; fixed-K trivially achieves 100% coverage by construction since it imposes
no threshold. As shown in Table[3] a strict global 7 (e.g., 7 > 0.9) yields high raw
separability but applies to only 6-7 out of 100 neurons, since after attribution
normalization the pairwise similarities concentrate in a narrow range well below
0.9 and most neurons have no cluster cohesive enough to clear the threshold.
Loosening 7 raises coverage but degrades the score. SPICE’s per-neuron adap-
tive 7 instead achieves near-100% coverage while maintaining strong separability
over the same population, demonstrating that the threshold must be calibrated
per neuron to generalize interpretation across the entire network. We further
statistically confirm in

5 Limitations

While SPICE generally yields superior separability, the utility of more advanced
attribution methods warrants further investigation. Moreover, the lower separa-
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bility observed in the early layers (e.g., B2) of ViT-B highlights a structural con-
straint of the CLIP verification protocol itself as early layers capture low-level
features that are not easily distinguishable within CLIP’s high-level semantic
space. This underscores that numerical assessments of concept quality heavily
depend on the external semantic space used for verification. Despite its general-
ity, our method presents practical constraints: generating human-understandable
labels relies on external VLMs, and the iterative clustering process is more com-
putationally intensive than single-pass methods. These challenges motivate clear
avenues for future work, such as developing strategies to harness VLM knowledge
while compensating for representational misalignment. Ultimately, the frame-
work can be extended toward circuit-level disentanglement, moving beyond sin-
gle neurons to systematically trace the formation mechanisms of concepts along
their pathways.

6 Conclusion

In this work, we addressed the challenge of polysemanticity—the tendency of
a single neuron to encode multiple, often unrelated concepts—which obscures
the functional interpretation in deep models. We introduce SPICE (Simple Pol-
ysemantic Feature Interpretation via Clustering-based Explanation), a simple
and generalizable framework that overcomes the architectural constraints and
heuristic assumptions (e.g., fixed K) of prior approaches. SPICE effectively dis-
entangles the visual concepts encoded within individual neurons, enabling the
first systematic comparison of polysemanticity across both CNNs and Transform-
ers. By automatically determining the number of concept clusters per neuron, it
eliminates reliance on manual hyperparameters and provides a scalable analysis
pipeline suitable for large modern architectures. Using SPICE, we conduct a
comprehensive analysis across diverse deep vision architectures. We believe this
work highlights the importance of shifting interpretability from single-neuron
analyses to the concept clusters they encode, providing a more faithful lens
through which to understand the internal mechanisms of deep visual models.
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