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Abstract

We present a novel technique for interpreting the neurons in CLIP-ResNet by
decomposing their contributions to the output into individual computation paths.
More specifically, we analyze all pairwise combinations of neurons and the fol-
lowing attention heads of CLIP’s attention-pooling layer. We find that these
neuron-head pairs can be approximated by a single direction in CLIP-ResNet’s
image-text embedding space. Leveraging this insight, we interpret each neuron-
head pair by associating it with text. Additionally, we find that only a sparse set
of the neuron-head pairs have a significant contribution to the output value, and
that some neuron-head pairs, while polysemantic, represent sub-concepts of their
corresponding neurons. We use these observations for two applications. First, we
employ the pairs for training-free semantic segmentation, outperforming previous
methods for CLIP-ResNet. Second, we utilize the contributions of neuron-head
pairs to monitor dataset distribution shifts. Our results demonstrate that examining
individual computation paths in neural networks uncovers interpretable units, and
that such units can be utilized for downstream tasks.

1 Introduction

Interpreting the hidden components in pre-trained deep neural networks, by tracing their contribution
to the model output, allows us to detect model limitations and useful sub-computations that can be
repurposed for multiple downstream tasks (Lindsey et al. [2025], Sharkey et al. [2025]). Recently,
such approaches were applied to CLIP - a widely used class of image encoders (Gandelsman et al.
[2024b], Bhalla et al. [2024], Gandelsman et al. [2024a]). These approaches unlocked various capa-
bilities - discovery of spurious correlations in the model output, automated generation of adversarial
attacks, and even reuse of the interpreted model components for segmentation.

While CLIP interpretability work showed promising results for vision transformer-based variants
(CLIP-ViT), such existing methods do not readily extend to the ResNet counterparts (CLIP-ResNet).
Most of these existing methods rely on a decomposition of the output into a sum of per-layer
contributions, which is not possible for CLIP-ResNet as, despite its additive residual connections,
each layer is followed by a non-linearity. Moreover, CLIP-ViT interpretability methods rely on the
model attention blocks and a special class token, while CLIP-ResNet models have convolutions and
final attention pooling instead. These architectural differences make existing methods not applicable.

To address this gap, we introduce a new approach that provides a fine-grained decomposition of CLIP-
ResNet model outputs into individual contributions of neurons in the last layers and the following
attention-pooling heads. More specifically, we show that the output of CLIP-ResNet is a sum over
computation paths, ranging from individual neurons in the last layer, in parallel through all the
attention heads in the attention pooling layer, to the output. As each such neuron-head contribution
lives in the joint image-text space, it can be compared and interpreted via text.
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We analyze the contributions of each neuron-head pair to the output and find that, unlike CLIP-
ResNet’s individual neurons, neuron-head pairs can be approximated by a single direction in the
joint image-text embedding space. Additionally, we find that a fixed sparse set of neuron-head
pairs comprises most of the output value (mean-ablating a fixed bottom 80% of neuron-head pairs
decreases ImageNet classification accuracy by only 5%). We run analogous experiments for neuron
contributions and find these properties to be unique to neuron-head pairs. Furthermore, we discover
that some neuron-head pairs encompass sub-concepts of the concepts that the corresponding neuron
represents (e.g., a ‘butterfly’ neuron can be decomposed into a ‘butterfly clothing’ neuron-head pair
and other sub-concepts).

We leverage our findings for two applications: semantic segmentation and monitoring dataset
distribution shifts. Given the approximation of each neuron-head pair by a single direction, we can
rank each pair by its similarity to text representations. We apply this to associate each class with
a set of k£ neuron-head pairs, and use this association for dense semantic segmentation. Notably,
we achieve a 15% relative improvement in mloU over previous methods for training-free semantic
segmentation using CLIP-ResNet. We also conduct a case study on monitoring dataset distribution
shift, in which we show that neuron-head pair contributions closely track the ground truth of the
concepts they represent, and are different between the classes.

In summary, we propose neuron-attention decomposition as an improved interpretability method to
automatically label the components of CLIP-ResNet’s vision encoder with text. We find evidence
that our decomposition is favorable in comparison to decomposing solely neurons or solely attention
heads, and apply this decomposition to two relevant applications. This demonstrates the viability of
examining fine-grained computation paths for studying and enhancing model capabilities.

2 Related Work

Contrastive vision-language models. Models like CLIP (Radford et al. [2021]) and its variants
(Jia et al. [2021], Zhai et al. [2023]) are trained on massive web-based datasets of images and their
captions to learn meaningful image representations. This pre-training enables zero-shot capabilities
for downstream tasks like OCR, geolocalization, and classification (Wortsman [2023]). These models
are also used as backbones for other systems such as LLaVA (Liu et al. [2023]), 3-D learning (Zhu
et al. [2023]), and image generation (Ramesh et al. [2021], Rombach et al. [2022]).

Interpreting vision models. Mechanistic interpretability is a field of research that seeks to understand
the inner workings of neural networks by analyzing fundamental model components and computation
paths. Early mechanistic interpretability discoveries for vision models include the attribution of
high-level concepts to intermediate model neurons (Bau et al. [2017]), and curve detectors and circuits
(Cammarata et al. [2020]). Similar to us, a body of work aims to automatically label vision model
components with text (Hernandez et al. [2022], Bills et al. [2023], Oikarinen and Weng [2024]).

Interpreting CLIP. Several recent works investigate CLIP’s embedding space with techniques like
sparse coding (Bhalla et al. [2024]) and factor rotation (Zhao et al. [2025]), aiming to identify human-
interpretable concepts. Most closely to us, previous work analyzing CLIP-ViT’s output decomposition
(Gandelsman et al. [2024a], Gandelsman et al. [2024b]) by utilizing the additive linearity of the
residual stream to examine contributions of individual components to the embedding space, and relied
on the joint output image-text space to interpret such components with text. Differently from these
methods, we focus on ResNet-based models, for which the contributions of the early layers are not
additive to the output (due to a ReLU non-linearity following each residual connection). However,
we are able to interpret CLIP-ResNet’s last convolutional block and its attention pooling, where we
propose a more fine-grained view of its inner workings by analyzing neuron-head pairs.

3 Methodology

We start by presenting CLIP-ResNet’s architecture and deriving the decomposition of its image
representation. We use this decomposition in later sections to interpret the contributions of individual
pairs of neurons and attention heads.



3.1 CLIP-ResNet preliminaries

Contrastive pre-training. CLIP is trained via a contrastive loss that aligns the representations of its
image encoder M. With the representations of its text encoder M,y in a shared image-text latent

space R?. Specifically, over massive web-based datasets, the two encoders are trained together to
maximize the cosine similarity for matching image-text pairs (I, t):
<Mmage (I), Mtext (t)>

sim(I,t) = .
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Zero-shot classification. To perform image classification, each class name c; is mapped to some
template (e.g., “A photo of a {class}”) and encoded by the text encoder as My (template(c;)) (for
simplicity, we will omit the template notation). The classification prediction for an image [ is the
class ¢; whose text representation Miex(c;) is most similar to the image representation Mimage(l ).

CLIP-ResNet. The CLIP-ResNet image encoder is a traditional ResNet network (He et al. [2016]),
composed of sequential residual blocks with an average pooling replaced by attention pooling
(Radford et al. [2021]). While CLIP is often trained with ViT as the image encoder backbone,
CLIP-ResNet is competitive in performance across various benchmarks. However, the internal
mechanisms of CLIP-ResNet are underexplored in comparison to CLIP-ViT, and existing methods
are not applicable due to architectural differences.

CLIP-ResNet architecture. CLIP-ResNet’s residual stream is not linear, as a nonlinear ReLU
activation follows the additive residual connection within each residual block. Thus, we focus
only on the final residual block’s input to the attention pooling layer, which we can decompose
linearly. Formally, given an input image I, let Z(I) be the output of the last convolutional layer in
the model, and let Z/(I) be Z(I) after prepending a class token and adding positional embedding.
CLIP-ResNet’s image representation is the Z’(I) with an attention pooling applied to it:

Mimage (1) = AttnPool(Z'(I)). )

More specifically, the dimensionality of Z(I) is C' x H' x W’ where C is the number of neurons
(post-ReLU per-location activations in the final convolutional block) and H' and W are the spatial
feature map dimensions. To form Z’(I) € RUHXC | 7(T) is first flattened into K = H'W’ image

,,,,,

and finally, a learned positional embedding is added to all K + 1 tokens. Attention pooling is
implemented as a standard transformer multi-head attention module, with the exception being that
the class token is used as the sole output Mimage ().

3.2 Decomposition into neurons, heads, and tokens

Decomposition into attention heads and tokens. Following Elhage et al. [2021] and leveraging the
fact that only the class token is returned by attention pooling, we can write the image representation
as a sum over H attention heads of the attention-pooling layer and K + 1 tokens:

H K
h h
Mimage(I) = AttnPool([zo, ..., 2]) = > Y al (1) z Wi 3)
h=1i=0

where Wi, € RE*4 are transition matrices (the OV matrices) and a? is a weight that denotes how

much the class token attends to the i-th token (Zfio al =1).
Decomposition into neuron-head pairs. Each row of the W%, matrix corresponds to one neuron.

That means, for any given head and token, we can rewrite:
c

B

Zi W@O = Z 2 Wio “4)
n=1

where the superscript n denotes the n-th row of W, Substituting into (3) and swapping the sum
yields:

C H K
Mimage (1) = >3 "N "o M(1), v =al (1) 2 W5 )
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r?’h denotes the d-dimensional contribution to the output from the class token’s attention to token @
through head h, projected by the row of W\}/Lo that corresponds to neuron 7.

The image representation Miyage lives in the joint image-text embedding space. Therefore, each
neuron-head contribution ™" obtained by summing over tokens, and each neuron contribution 7",
obtained by summing over tokens and heads, lives in the same image-text space. This allows us to
compare them to text. We will use this property for automatically labeling neurons and neuron-head
pairs in later sections. Summing over the neuron dimension, instead, gives the decomposition 7%,
which corresponds to the spatial patches at locations ¢ € {0, ..., K'}. This allows us to compute the
similarity to text for each image location represented in the decomposed class token. We use this

property to form our per-token segmentation map in Section 5.1.

Comparison to existing decompositions. Previous work on CLIP-ViT has studied the direct effect
of decomposition across attention heads and tokens (Gandelsman et al. [2024b]), analogous to our
decompositions r* and 7", as well as the second-order effect of decomposition into neurons (Gan-
delsman et al. [2024a]), analogous to our decomposition ™. We show that our approach overcomes
two main limitations of these methods, when applied to CLIP-ResNet: First, there is a small number
of attention heads relative to possible concepts that CLIP learns, meaning that each head encodes
multiple concepts, ultimately making them less interpretable (Lecomte et al. [2024]). Second, the
second-order effect of neurons disregards the independent nature of attention heads in the multi-head
attention layer, meaning ™ encompasses all paths through the network — which, as we will show
next, captures multi-dimensional conceptual structure that is yet again difficult to interpret.

4 Analysis of individual components

We quantitatively evaluate contributions of individual components in our neuron-attention decompo-
sition, and show their benefits over other decompositions — these contributions are approximately
rank-1 and sparse. Additionally, we qualitatively investigate the top-activating images for selected
components and discover that neuron-head pairs tend to represent sub-concepts of the concepts
represented by the corresponding neuron. We later use these observations to produce semantic
segmentation (Section 5.1) and monitoring distribution shift (Section 5.2).

4.1 Quantitative analysis

We study the properties of r™" and 7. We show that individual ™" (I) can be approximated by a
single direction in the image-text space, while approximating ™ (I) with only one linear direction
causes a significant drop in reconstruction fidelity. Moreover, we find that neuron-head pairs are
contributing more sparsely than neurons-only — mean-ablating all but a subset of each component
shows a sparser set of top-contributing neuron-head pairs in comparison to neurons.

Experimental setting. We measure the performance of zero-shot classification on the ImageNet
(Deng et al. [2009]) validation dataset after various ablations to quantify the resulting change in
the representation. We collect 7" (I) and " (I) contributions over the set D, which is comprised
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of 1000 images from the ImageNet test dataset. We use our collected representations to compute
singular value decomposition, from which we obtain our principal components, and to compute
mean contributions, for our mean-ablation (Nanda et al. [2023]) experiments. Additionally, after
obtaining each neuron-head pair’s principal component, we further decompose it using a sparse
coding technique and evaluate its sparsity-reconstruction tradeoff. We perform all experiments using
OpenATI’s CLIP-RN50x16, and present additional results for RN50x64 in Appendix A.1.

Neuron-head contributions are one-dimensional. We find that ™" (I) can be approximated by
a single direction #™" in the joint embedding space. We approximate ™" (I) for any given image
I with ™" (I) #™" 4+ ph, where 2™" (1) is the coefficient obtained from the projection norm of
r™"(I) onto 7", and b™" is the mean of all 7" (I) over all images I € D. As shown in Table 1,
replacing ™" (I) with this approximation results in no decrease in reconstruction quality, as measured
by downstream ImageNet classification accuracy.

Neuron-head contributions are sparse. Keeping only 20% of neuron-head contributions, computed
over ImageNet (while mean-ablating the rest), results in only a ~ 5% decrease in classification
accuracy. We sort the C' X H neuron-head pairs by the mean of their top percentile norms over D,
and observe the same high-scoring pairs P* tend to be consistently important across the dataset.
Decomposing Mimage(I) into individual r™"(I) contributions, we keep only the r™"(I) whose
neuron-head pairs (n, h) are in P* and mean-ablate the rest. We construct P* with varying top
percentage norms (at 10% increments) and measure the resulting classification accuracy on ImageNet
validation in Figure 1. As shown, most of the output value can be recovered from a sparse set of
neuron-head pairs.

Sparse text-based decomposition of neuron-head directions. Following Gandelsman et al. [2024a],
we use orthogonal matching pursuit (Pati et al. [1993]) to further decompose each 7" direction into
sparse text components. Formally, we use a sparse set of text components {tj } je{1,m} 1O approximate
Froh oy ZT:l 'y?’h Miexi(t;), where 'y;“h is a non-zero scalar coefficient. In our experiments, the
initial pool of text descriptions is composed of the 30,000 most common English words. We vary
the sparse set size m and present classification accuracy performance on ImageNet, after replacing
7" with our sparse approximation in Figure 2. As shown, using m = 64 text descriptions for
neuron-head pairs surpasses the neuron baseline in reconstruction accuracy, exemplifying the benefits
of our fine-grained decomposition.

Comparison to neuron-only contributions. We repeat the two experiments above for neuron-only
decomposition. To include the variance explained by multiple principal components, we simply
reconstruct from a set {7, 75, ...}, where 7} is the k-th principal component. We use 7} for all
text-based sparse decomposition experiments. Compared to our findings above for neuron-head pairs,
the first principle component #}* explains much less variance — it reconstructs with a ~ 4% drop
in accuracy from the baseline. Additionally, the contributions are less sparse — our mean-ablation
experiment shows a nearly 38% accuracy difference between top 10% neurons and top 10% neuron-
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pairs. We present the top images from ImageNet validation set. Neuron-head pairs correspond to
specific subcategory concepts of neurons (e.g., ‘butterfly clothing’ in row 3) and similar concepts to
their neurons (e.g., ‘router’ for neuron #2384 and ‘people’ for neuron #1300)

head pairs (Figure 1). We also show results for mean-ablation of neuron activations, which performs
even worse. Finally, as shown in Figure 2, neurons show less sparsity in reconstruction from text
components.

4.2 Qualitative analysis

We qualitatively analyze the images I across the ImageNet validation dataset that provide the highest
contribution 7" (I), r™(I), or ™" (I) in norm. In Figure 4, we select pair # (624, 21) as the pair with
the top cosine similarity to Miex (“butter fly”), and choose the other two pairs from four randomly
selected pairs. We note that, as shown in the figure, the top-activating images for a given neuron-head
pair appear similar to those of its corresponding neuron, but not its corresponding head. Notably, the
neuron #624 is most active on images that represent the ‘butterfly’ concept, and the neuron-head
pair #(624, 21) is most active for the sub-concept ‘butterfly clothing’. These examples highlight the
ability of neuron-attention decomposition to isolate semantically meaningful directions in CLIP’s
embedding space.



Components Text descriptions

Attention head #21 “slr", “vantage", “jetta"

Neuron #624 “wings" (41.73), “butterfly" (41.69), “kite" (+1.20)
Neuron-head #(624, 21)  “butterfly" (+2.64), “roses" (—1.17), “grizzlies" (+0.91)
Attention head #35 “musicians", “motorcycles", “archery"

Neuron #2384 “kobe" (4+1.00), “alfa" (—0.98), “redmond" (4-0.91)
Neuron-head #(2384,35)  “routers" (4-2.10), “tutorials" (—0.99), “spur” (—0.94)
Attention head #46 “salford", “jcpenney", “chattanooga"

Neuron #1300 “smileys" (4-1.60), “masterpieces" (+1.31), “affiliated" (41.16)

Neuron-head #(1300,46)  “cnn” (41.26), “cto" (—1.25),“varsity" (—0.99)

Table 2: Sparse text-based decomposition examples for Figure 4 components. We select from
the descriptions detailed in Section 4.1 with sparsity m = 64 and use TextSpan (Gandelsman et al.
[2024b]) to obtain descriptions for each attention head.

Neuron #257
(‘text’, ...)

Neur-head #(257,26)
(‘female text’, ...)

A ~ ‘Emanuel Apparition Men
Neur-head #(257,37) ™ :.:’:;‘
(‘male text’, ...) i

Neuron #376
(‘tropical things’, ...)

Neur-head #(376,17)
(‘beach attire’, ...)

Neur-head (#376,42)
(‘pineapples’, ...)

Figure 5: Sub-concept neuron-head pairs for select neurons. We again present top images by
contribution norm and depict sub-concept relationships for two different neurons.

Neuron-head pairs remain polysemantic. We observe that neuron-head pairs remain polysemantic
(for instance, in Figure 4, the 6th image for pair #(624, 21) and the 9th image for pair #(2384, 35)
show polysemanticity). We collect the top ten images by contribution norm, from D, for each neuron
and neuron-head pair, and present the inertia of the normalized image embeddings (see Figure 3).
Lower inertia implies a tighter cluster and less polysemanticity. By raw count, there are far more
less-polysemantic neuron-head pairs than neurons, an advantage brought about by neuron-attention
decomposition.

Neuron-head concepts are sub-concepts of neuron concepts. Inspired by the ‘butterfly clothing’
pair in Figure 4, we search for more image retrieval examples of sub-concept neuron-head pairs. We
detail this process in Appendix A.3 and present two examples in Figure 5 and the rest in the appendix.
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Figure 6: Class segmentation maps for ‘dog’. Our method of multiplying two heatmaps together
mitigates the failure modes of either one. Here, those failure modes are 1) the focus on the cat shown

by Zl:=1 Z™ (I) and 2) the negative localization shown by Zle Lfi;n(l ).

We find several sub-concept pairs in all of the randomly selected neurons, demonstrating that our
neuron-attention decomposition captures fine-grained sub-concepts.

5 Applications

5.1 Semantic segmentation

We use the observation from above to repurpose CLIP for training-free semantic segmentation. Exist-
ing interpretability-based approaches used for segmentation (Gandelsman et al. [2024b], Gandelsman
et al. [2024a], Helbling et al. [2025]) focus on ImageNet-Segmentation Guillaumin et al. [2014] or
other single-class tasks. We aim to show the viability of interpretability for multi-class segmentation
tasks, validating our approach in the paradigm of training-free CLIP semantic segmentation (Ap-
pendix A.4). Unlike related works in this area, we do not alter any computation within CLIP (i.e., we
do not use self-self attention). We use CLIP’s actual output decomposition and its similarity to text.

Method. We collect two separate features from the model: the final-layer activation map Z([I)
with dimensionality C' x H' x W, and the per-head contributions from each of the K = H'W’
image patches {r!* (1 )}ieq1,....ky- We compute the per-head segmentation heatmap Lgin (1) for class

name ¢; by calculating (r!*(I), Mx(t;)) individually for all pairs of tokens i and heads h, and then

aggregating these similarity maps such that L, (1) € RE*H W',

Next, we refine Z(I) and Ly, (I) using our neuron-attention decomposition. We select the top-
k neuron-head pairs by cosine similarity to class ¢; and denote the ordering of these pairs by

(n1,h1), (n2, ha), ..., (nk, hi). Then, the segmentation logits for class t; are:
k
L(I) =" 2" (I) o Ll (I) ©6)
r=1

where the superscripts n,- and h,. denote the top r-th neuron or head.

Implementation details. We evaluate our method on the PASCAL Context dataset (Mottaghi et al.
[2014]). Similar to related works, we adopt a slide inference image pre-processing approach, where
we specifically resize images to have a shorter side of 512 and then use a 384 x 384 window with
a 192 stride. Additionally, we do not modify the class names in any way, both to select our top-k
neuron-head pairs and to compute cosine similarity.

We report all results by selecting the top £ = 20000 neuron-head pairs to text. We defer the effects of
varying k, as well as the effect of intervening on register neurons (Darcet et al. [2023], Jiang et al.
[2025]), to Appendix A.5.

Main results. As shown in Table 3, our method outperforms previous methods for semantic
segmentation using CLIP-ResNet. To ensure fair comparison, we evaluate MaskCLIP on the same
slide inference setup detailed in the previous paragraph, and use the ResNet50x16 backbone across
all our experiments. We also present the results reported by SC-CLIP (Bai et al. [2024]), which is
the current state-of-the-art method that uses CLIP-ViT. However, we stress that SC-CLIP leverages
self-self attention, which, as shown, performs poorly when applied to CLIP-ResNet.



Method mloU(%) Backbone

Self-self 22.2 RN50x16 Method mloU (%)
AP 23 RN30x16 Neuron maps onl 16.5
Ours 26.2 RN50x16 Head m p . y 24.7
SC-CLIP 40.1 ViT-B/16 cad maps only .

Both (multiplied) 26.2

Table 3: Semantic segmentation performance
on PASCAL Context. For fair comparison, we
implement MaskCLIP (Zhou et al. [2022]) and
QQT + KKT attention on the same slide infer-
ence setup we use. SC-CLIP, the current state-
of-the-art, uses a ViT backbone.

Table 4: mIoU comparison of decomposition-
based methods. Segmentation by multiplying
neuron features by head features performs better
than by solely heads or solely neurons.
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Figure 7: Monitoring the distribution shift of Stanford Cars. We compare the ground truth concept
prevalence (left y-axis) to the mean proportional contribution (in norm) of top neuron-head pairs for
a given concept (right y-axis).

We present qualitative heatmaps from which we compute the segmentation maps in Table 4. Our
neuron-attention decomposition method performs better a single aggregated segmentation map,
verifying the efficacy of our method in reducing noise and focusing on the correct class.

5.2 Monitoring distribution shift

As an additional application, we utilize the interpreted neurons for monitoring distribution shift
between datasets. Following Bhalla et al. [2024], we consider the Stanford Cars dataset (Krause et al.
[2013]) and track the neuron-head contributions for different categories over time (see Figure 7).
Specifically, we choose the top k£ = 5 neuron-head pairs for a concept by cosine similarity, and then
compute these pairs’ contribution norm divided by the contribution norm of the model output itself.
We compare these scores to the ground truth proportion of concepts per-year. As shown, the norms
qualitatively follow similar trends to the actual distribution shift, which allows us to monitor it and
summarize with text. Quantitatively, the average point-biserial correlation coefficient between the
two proportions is 0.85 for ‘yellow’ and 0.71 for ‘convertible’, computed across applicable years.
Notably, these concept contributions (along with tens of thousands more we do not analyze) are
collected in a single forward pass per image, which makes this approach suitable for large datasets.

6 Limitations, discussion, and future work

We conclude by presenting two limitations of our approach and discussing future work.

Analyzing previous layers. Our approach is only applicable to the last layer of the ResNet. Earlier
convolutional blocks could give us a more complete understanding of the model’s computation. This
is especially relevant for semantic segmentation, where related CLIP-ViT methods leverage the spatial
consistency of intermediate layers for improved performance. Nevertheless, the neurons of the last
layer are still useful for various downstream tasks, as shown above.

Neuron-head pairs remain polysemantic. Existing literature (Yuksekgonul et al. [2023], Park et al.
[2024]) shows evidence that models like CLIP encode concepts additively in their embedding space.



While some neuron-head pairs appear less polysemantic in image retrieval examples, we qualitatively
observe polysemanticity in other examples and Figure 3.

Discussion and future work. We presented a method to analyze specific, relatively interpretable,
circuits in CLIP — neuron-head pairs. Extending and finding the correct minimal component that will
be the most useful is an ongoing research question. We seek to scale and automate the assignment of
fine-grained labels to such components in future work.
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A Appendix

A.1 Experimental results for RN50x64

We repeat experiments from Section 4.1 using OpenAI’s CLIP-RN50x64 instead of RN50x16. As
shown in Table 5 and Figure 8, neuron-head pairs and neurons display the same behavior described
in the main text. Notably, the neuron representations of RN50x64 reconstruct with higher fidelity
while using the same number of principal components as their RN50x16 counterparts. We also
note that previous work shows that CLIP-ViT neurons are rank-1 in embedding space (Gandelsman
et al. [2024a]). However, for CLIP-ResNet, it is still the case that only neuron-head pairs can be
approximated by a single direction in the joint embedding space.

A.2 Reconstruction details

Specifically, we take #™" to be the first principal component computed from the top 50 7" (1)
samples of D by norm. We compute {7}, 7%, ...} analogously. Additionally, we note that we add the
positional embedding in this process.

In Figure 2 and Table 2, rather than decomposing the 7] we obtain from D, we decompose the first
principle component obtained from the fop 100 neuron contribution samples by norm selected from
5000 images from ImageNet test.

A.3 Finding sub-concept neuron-head pairs.

We observe that our text-based decomposition doesn’t capture fine-grained sub-concepts (e.g.,
there is no ‘clothing’-like description in the decomposition of the ‘butterfly clothing’ pair
# g624, 21)), and that these sub-concepts are difficult to identify via cosine similarity; for instance,
(FO242L 1 Moo (“butterfly”)) >> (752421 M. (“butterfly clothing")).

Instead, we manually inspect six different neurons that are randomly selected. We narrow the search
space to a pool of thirty neurons whose directions 77" have cosine similarity to any text embedding
from the top 30k English words above a certain threshold. We automate this by prompting ChatGPT
to compare top images for a pair (n, h) and the top images for neuron n and to output sub-concept
decisions (if the sub-concept relationship exists) and descriptions of the sub-concept. We then inspect
~ b of 48 attention head pairs based on the output descriptions and present findings in Figure 10.

A.4 Related work: semantic segmentation using CLIP

Many recent works use the inherent semantic alignment of CLIP’s image and text encoders for
dense segmentation tasks, in which CLIP features are either processed as pseudo-labels to train
another network or are used themselves for segmentation predictions (Zhou et al. [2022]). We
focus on the latter training-free paradigm, where state-of-the-art methods incorporate a self-self
attention mechanism (Bousselham et al. [2023], Wang et al. [2024], Shao et al. [2024], Bai et al.
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[2024]). In contrast to self-self attention methods that discard the class token and rewrite attention,
our proposed segmentation method uses the (decomposed) class token and does not rearrange any
internal mechanisms.

In comparison to CLIP-ViT, CLIP-ResNet has disadvantages for segmentation purposes: it has
more aggressive spatial downsampling (a factor of 32 compared to 16) and, as shown earlier, is not
conducive to self-self attention. However, CLIP-ResNet is uniquely able to process arbitrarily-sized
images without resizing, can be better at processing larger images, and its attention pooling structure
makes our findings relevant to CLIP-ViT.

A.5 Semantic segmentation using neuron-attention decomposition

Effect of varying k. We observe that cosine similarity to text decreases drastically as k increases, and
the segmentation maps become noisier and more similar in range as k increases. We base this obser-
vation from experiments conducted for £ € {1, 5,10, 100, 500, 1000, 5000, 10000, 20000, 25000}.
Intuitively, this finding should mean that smaller £ performs better on segmentation, but this is not
the case: £ = 100 gives only 20.0 mIoU while £ = 20000 gives 26.2. Future work on thresholding
techniques will likely bring improvement.

Effect of register neurons. Modifying select register neurons at test time was recently proposed
(Jiang et al. [2025]) as an alternative to trained registers (Darcet et al. [2023]) that mitigate irregular
attention patterns. We find a sparse set of register neurons for CLIP-ResNet and adopt the intervention
detailed by Jiang et al. [2025] — this intervention improves mloU by 0.36% for our method using
k = 100, but the advantage becomes negligible or even detrimental with higher k. We note that our
method of selecting CLIP-ResNet’s register neurons hinges on the empirical observation, discussed
in the next section, that CLIP-ResNet’s attention sink invariably appears in the last image token — a
better register neuron selection method may show further improvements.

A.6 CLIP-ResNet attention sink

We find that CLIP-ResNet’s attention sink (Xiao et al. [2024]) appears in the last token, such that the
class token attends extremely significantly to it, as shown in Figure 9.

Finding register neurons. Unlike previous works on DINO and CLIP-ViT, we do not notice outlier
features in the input tokens that signal an attention sink. However, we find that CLIP-ResNet’s
attention sink always appears in the last token. Therefore, over 1000 images from ImageNet test, we
sort the neurons by the absolute value difference in the attention sink caused by intervening on each
neuron (zeroing its activation). We find a sparse set of register neurons (< 18) that causally affect the
magnitude of the attention sink.

Figure 9: An example of CLIP-ResNet’s attention sink. We show the class token attention weights
(i.e., the first row of the attention matrix), averaged over each head for an arbitary input.

A.7 Compute

All experiments were run on a single A100 GPU. We note that the high amount of neuron-head pairs
(for CLIP-RN50x16, 48 - 3072 ~ 176000) forces us to be memory-conscious (for instance, in using
only 1000 images for D).
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Neuron #2356
(‘Canadian things’)

Neur-head #(2356,15)
(‘Canada text), ...)

Neur-head #(2356,46)
(‘Canada vehicles’, ...)

Neuron #1675
(‘creativity’, ‘text’, ...)

Neur-head #(1675,11)
(‘website text’, ...)

Neur-head #(1675,36)
(‘graffiti text’, ...)

Neuron #2473
(feet’, ‘hands’, ...)

Neur-head #(2473,40)
(‘FPV of feet, ...)

Neur-head #(2473,0)
(‘sandals w/o feet’, ...)

Neuron #262
(‘the letter “S”, ...)

Neur-head #(262,3)
(‘'salt’, ...)

Neur-head #(262,13)
(“S” food arrays’, ...)

Figure 10: Remaining sub-concept examples.
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