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Abstract

The field of mechanistic interpretability aims to study
the role of individual neurons in Deep Neural Networks.
Single neurons, however, have the capability to act poly-
semantically and encode for multiple (unrelated) features,
which renders their interpretation difficult. We present a
method for disentangling polysemanticity of any Deep Neu-
ral Network by decomposing a polysemantic neuron into
multiple monosemantic “virtual” neurons. This is achieved
by identifying the relevant sub-graph (“circuit”) for each
“pure” feature. We demonstrate how our approach al-
lows us to find and disentangle various polysemantic units
of ResNet models trained on ImageNet. While evaluat-
ing feature visualizations using CLIP, our method effec-
tively disentangles representations, improving upon meth-
ods based on neuron activations. Our code is available at
https://github.com/maxdreyer/PURE.

1. Introduction

The field of eXplainable Artificial Intelligence (XAI) aims
to increase the transparency of Deep Neural Networks
(DNNs). Several XAI works study the role of a model’s la-
tent neurons and their interactions [18, 19], which recently
developed into the sub-field of mechanistic interpretability.
Neurons are commonly viewed as feature extractors corre-
sponding to human-interpretable concepts [1, 3, 18]. How-
ever, neurons can be polysemantic, meaning that they ex-
tract multiple (unrelated) features, which adds ambiguity to
their interpretability. Other XAI works study circuits, i.e.,
distinct sub-graphs of a network performing specific sub-
tasks, which recently became popular for Large Language
Models (LLMs) [9, 11, 28]. Notably, the interpretabil-
ity of a circuit depends on the interpretability of its units,
which again can be polysemantic. In applications, such
as knowledge discovery or validation of DNNs in safety-
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Figure 1. Distinct circuits exist for each feature of a polysemantic
neuron. With PURE, we propose to split a polysemantic neuron
into multiple pure “virtual” ones, one for each circuit. Here, we
disentangle the maximally activating sample (patches) of neuron 2
into its two pure features: “hairy dog” (2a) and “maze” (2b).

critical tasks, high latent interpretability is crucial for XAI
usefulness [4, 8]. In this work, we build on the assumption
that for each monosemantic (“pure”) feature a unique sub-
graph exists. Identifying the active circuits then allows dis-
entangling a polysemantic unit into multiple “virtual” pure
units (with one circuit each), as shown in Fig. 1 where we
disentangle a neuron encoding for dog and maze features.

To that end, we introduce Purifying Representations
(PURE), a post-hoc approach for increasing interpretabil-
ity of latent representations by disentangling polysemantic
neurons into pure features. PURE is based on discover-
ing the relevant (active) circuit of each semantics, which is
identified via a partial backward pass. Through the means
of foundational models, we measure a significant increase
in interpretability of ResNet [12] models after applying
PURE, also improving upon activation-based approaches.
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Figure 2. PURE detects circuits using lower-level neuron attributions for the nref most activating input samples in a preprocessing step. For
polysemantic neurons, we assume distinct active circuits for each semantics, which are found through clustering attributions with k-means.
During test phase, the active circuit can be assigned post-hoc for any new test sample by identifying the closest circuit.

2. Related Work
Various works have shown that neurons in DNNs encode
for distinct features that can often be interpreted by hu-
mans [1, 3, 5]. However, besides redundancies in repre-
sentations, an occurring problem is the polysemanticity of
neurons. As such, interpretation of the latent space is dif-
ficult. For concept-based explanations, feature visualiza-
tions are confusing, or ambiguous as it might be unclear,
which semantics are actually present. Further, semantics
can be overlooked, e.g., when one feature is more domi-
nant than another [17]. As a way out, some works propose
to find more meaningful directions [10, 14] or subspaces
in latent space [27], but they often require pre-defined con-
cepts or reconstruct the latent space only partially. To re-
solve poly-semanticity on a neuron level, O‘Mahony et al.
[20] propose to find directions (i.e., a linear combination of
neurons) based on latent activations. Instead of activations
(that depend on all present input features), PURE is based
on neuron-specific circuits which is more specific to the role
of a neuron and leads to an improved disentanglement.

Circuits, in general, are viewed as the sub-graphs of
a neural network architecture [28] that perform a specific
task. They further consist of a set of linked features and the
weights between them [19]. In recent work, circuit analysis
[24] has been extended beyond convolution-based architec-
tures [6] to, e.g., transformer-based models [9, 11, 28]. The
discovery of circuits has been partially automatized both for
computer vision [23] and language models [7].

3. Method
For PURE, we view circuits as directed acyclic graphs that
consist of nodes Rl

j for neuron j in layer l and edges Rl−1,l
i←j

connecting nodes j and i of adjacent layers. We hypothesize
that polysemanticity of a neuron arises because multiple cir-
cuits share one node, as illustrated in Fig. 2. PURE dis-
entangles these circuits from a neuron perspective by clus-
tering neuron k’s functional connectivity with neurons of

lower layers. This process involves two steps: (1) comput-
ing circuits, and (2) replacing a shared neuron with multiple
virtual neurons for each circuit through clustering.

Step 1) Computing Circuits: To compute the edges
of a circuit, we explain the activation of a neuron and at-
tribute lower-level neurons. This naturally fits the idea of
backpropagation-based feature attribution methods, specif-
ically LRP [2]. LRP allows to efficiently backpropagate
attribution scores through the network layer by layer, be-
ginning at a latent neuron until the desired (input) layer is
reached [2]. Concretely, the relevance Rl

j of an upper layer
neuron j is generally distributed to lower-level neurons i as

Rl−1,l
i←j =

zl−1,li→j

zlj
Rl

j (1)

with zl−1,li→j contributing to zlj =
∑

i z
l−1,l
i→j in the forward

pass. Note that multiple refined ways to define Rl−1,l
i←j are

proposed in literature for different layer types [16]. These
relevance “messages” Rl−1,l

i←j refer to the edges of a circuit.
The circuit nodes are then characterized by node attribu-

tions computed via aggregation of the relevance messages:

Rl−1
i =

∑
j

Rl−1,l
i←j , (2)

which reduces to RL−1
i = RL−1,L

i←k for the first backpropa-
gation step when explaining neuron k in layer L as in Fig. 2.

For simplicity, we investigate in the following only nodes
of the next lower-level layer L − 1. It is to note, that other
methods besides LRP can be used for attributions here [10].
We therefore default to Gradient×Activation as an efficient
and universal attribution method implementing a simple
LRP variant in ReLU-DNNs [26]. Thus, the circuit com-
putation for neuron k in layer L simplifies for PURE to

RL−1
i = AL−1

i

∂AL
k

∂AL−1
i

, (3)

8213



Figure 3. Applying PURE to neurons with varying degree of polysemanticity: We show UMAP embeddings with the maximally activating
image patches, and the resulting reference sets before and after purification when identifying two circuits via k-means.

for circuit nodes i in lower-level layer L−1, with activation
AL

k of neuron k in layer L, and partial derivative ∂/∂AL−1
i

w.r.t. lower-level layer activations AL−1
i .

Step 2) Assigning Circuits: We represent a neuron by
its most activating input samples. Then, for each of the top-
nref activating input samples of a polysemantic neuron k in
layer L, we compute the lower-level attributions RL−1

j for
all n neurons of layer L− 1 as given by Eq. (3) in a partial
backward pass. If neuron j uses different circuits among the
reference samples, we expect to see distinct clusters in the
attribution vectors RL−1 ∈ Rn. To validate this assump-
tion, we visualize a 2D UMAP [15] embedding of RL−1 in
Fig. 2. To find the distinct clusters, we use k-means clus-
tering which results in centroids representing new virtual
neurons for each circuit. For a new test sample, we can then
identify the active circuit by computing RL−1 and assign-
ing it to the closest cluster centroid, i.e., virtual neuron.

4. Experiments
We address the following research questions:
1. (Q1) Can we find and purify polysemantic neurons?
2. (Q2) How effective is PURE in disentangling represen-

tations compared to other approaches?

Experimental Setting We investigate the neurons in the
penultimate layer of ResNet-34/50/101 models [12] pre-
trained [29] on the ImageNet [25] dataset, and evaluate in-
terpretability using the foundational models of CLIP [22]
and DINOv2 [21]. We perform the analysis on the nref =
100 maximally activating input samples (based on max-
pooling) for each neuron on the ImageNet test set. To gen-
erate feature visualizations, we crop samples such that only
the important part of a neuron’s semantics remains [1], as
illustrated in Fig. 2 (right) and detailed in Appendix A.1.

4.1. From Polysemanticity to Pure Features (Q1)

We begin with the quest to find polysemantic units by study-
ing their feature visualizations, i.e., their most activating

image patches. As a quantitative and objective measure
for monosemanticity, we evaluate CLIP embeddings, where
visually similar feature visualizations presumably result in
small embedding distances [13, 30]. Concretely, for each
neuron k we compute the distance matrix

Dk
ij =

√(
eCLIP
i − eCLIP

j

)2
(4)

between the CLIP embeddings eCLIP
i of all pairs of feature

visualizations (cropped reference samples) i and j.
To optimize the process of finding polysemantic units,

we perform k-means clustering on the CLIP embeddings
with a fixed number of two clusters. Then, inter- and intra-
cluster distances ρk for neuron k are computed as

ρintra
k =

∑nref
i,j ̸=i D

k
ij1ci=cj∑nref

i,j ̸=i 1ci=cj

, ρinter
k =

∑nref
i,j Dk

ij1ci ̸=cj∑nref
i,j 1ci ̸=cj

(5)
with indicator function 1ci=cj equaling one if feature visu-
alizations i and j have the same cluster index c, and zero
else. A large difference ρinter

k − ρintra
k indicates clearly sepa-

rated clusters with different semantics.
In Fig. 3, neurons of varying degree of polysemanticity,

as given by ρinter
k − ρintra

k , are shown for ResNet-50. Here,
we also depict UMAP embeddings based on PURE attribu-
tions given by Eq. (3), and the feature visualizations before
and after applying PURE. Note, that for PURE, we here dis-
entangle one neuron into two virtual ones by clustering the
lower-level attributions. As visible, polysemantic neurons
such as #1929 and #1506 exist and can be effectively dis-
entangled. The disentangled semantics can be visually dif-
ferent (“lipstick” and “boar”) or more related (“white spots”
on dark circular objects or bird wings). On the other hand,
we can also find rather monosemantic neurons, e.g., #1498
and #712, that encode for lines and coral structure, respec-
tively. More examples and more detailed results w.r.t. the
distribution of polysemanticity are given in Appendix A.2.
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Figure 4. PURE leads to more interpretable representations as
measured via CLIP embedding distances on feature visualizations
(top left), thereby improving upon activation-based clustering and
reaching almost DINOv2 scores. (Bottom left): Distances of CLIP
embeddings between feature visualizations correlate with PURE
embeddings significantly more than activations. (Right): Activa-
tions tend to overestimate distances when unrelated features vary.

4.2. Evaluating Feature Purification (Q2)

PURE aims to turn polysemantic neurons into purer virtual
neurons that are easier to interpret, and works by computing
and identifying the relevant circuits based on lower-level at-
tributions RL−1

i as by Eq. (3). Alternatively, O‘Mahony et
al. [20] propose activation-based disentanglement, where
the activations AL

i resulting from reference samples are
clustered. When applied to a (polysemantic) neuron, both
methods should result in more meaningful reference sample
subsets for each disentangled feature, as, e.g., in Fig. 3.

To systematically evaluate the interpretability of newly
disentangled representations, we compute inter- and intra-
cluster distances as defined in Eq. (5) using CLIP for the
resulting sets of feature visualizations (cropped reference
samples). Ideally, intra-cluster distances are low and inter-
cluster distances are high, indicating well separated feature
visualizations and more meaningful representations. The
resulting CLIP embedding distances are reported in Fig. 4
(top left) for PURE and activation-based disentanglement
for ResNet-101. As another baseline, we perform cluster-
ing on DINOv2 embeddings for the cropped reference sam-
ples. Here, DINOv2 represents an ideal visual separation,
which is, however, computationally expensive as it requires
both the computation of the cropped reference samples and
a DINOv2 forward pass. The results show, that PURE leads
to more disentangled representations than activation-based
clustering, and is performance-wise close to DINOv2. Note
that so far, clusters are computed using k-means with k = 2,
but the same trends hold for different k ∈ {3, 4, 5} and other
ResNet architectures, as discussed in Appendix A.4.

In a second experiment, we dive deeper into why PURE
attributions are more meaningful than latent activations. We
thus investigate whether when two feature visualizations are

similar according to CLIP, they are also similar according
to PURE attributions or activations. Concretely, for feature
visualization pairs, we compute CLIP embedding distances
via Eq. (4) and distances between PURE attributions as well
as activations, and finally measure the correlation between
the resulting distances of different methods. Please note,
again, CLIP (and DINOv2) embeddings refer to the cropped
reference samples, whereas PURE and activations are com-
puted on the full reference samples. As shown in Fig. 4 (bot-
tom left), PURE has higher alignment to CLIP compared to
activations. We observe that activations lead to deviating
distance scores in some cases, especially when the relevant
semantics are very localized in reference samples, as shown
in Fig. 4 (right) for neuron #1028 encoding for “vegeta-
tion on horizon”. Notably, activations take into account all
present features in the full reference sample, which influ-
ences distances when unrelated features (e.g., airplanes or
boats) vary between samples. Whereas, conditional attribu-
tions as used by PURE are more specific to the actual task of
a neuron. Correlation results for the other ResNet architec-
tures and more examples when PURE or activation-based
clustering diverges from CLIP are given in Appendix A.4.

5. Limitations and Future Work

So far, we assumed that embeddings of foundational mod-
els can be seen as ideal indicators for human interpretabil-
ity and disentanglement. In future work, evaluation in con-
trolled settings or using human feedback will be valuable.

Regarding PURE, a large ablation study will be inter-
esting, e.g., for clustering on full circuits (instead of only
lower-level layer attributions), and using different feature
attribution methods or other clustering approaches than k-
means. Notably, PURE requires a partial backward pass
to disentangle a neuron, which is computationally slightly
more demanding than activation-based disentangling.

It will be interesting to further study the advantages of
purified units for XAI tools such as concept-based explana-
tions, concept discovery and probing, or model correction.

6. Conclusion

We introduce PURE, a novel method for turning polyse-
mantic neurons into multiple purer “virtual” neurons by
identifying the active characteristic circuit of each pure fea-
ture. The purification of latent units allows to better un-
derstand latent representations, which is especially interest-
ing for the growing and promising field of concept-based
XAI. Using foundational models for evaluation, PURE re-
sults in significantly more purified features than activation-
based approaches, which are less neuron-specific. We be-
lieve that our work will raise interest in investigating the
benefits of cleaner representations for, e.g., concept discov-
ery, concept probing or model correction.
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