A Additional Related Work

To provide further context for our work, we additionally review related studies in the areas of input
attribution methods and mechanistic interpretability in vision transformers.

Input Attribution Methods Input attribution methods aim to identify the most important input
features for a model’s prediction [[1H34]]. These methods are used to understand model behavior and
detect potential biases. Among various input attribution methods, gradient-based methods, such as
Integrated Gradients [13] and Layer-wise Relevance Propagation (LRP) [19-21]], are widely used for
their scalability and efficiency. In addition, since attention mechanisms in transformer-based models
can offer interpretable features, attention-based methods have also been proposed [30, 31} 135H37]].
Input attribution techniques have been extended to interpret internal components of the model, such
as neurons or attention heads [38-47]. For example, attribution patching estimates the causal effect
of a component by replacing its activation with a baseline value using gradients [43]]. Recent works
have proposed combining Integrated Gradients with attribution patching to improve the quality of
estimation [46, 47]]. In this work, we extend LibraGrad [18], a theoretically grounded, gradient-
based input attribution method, to estimate the importance of each SAE feature, which significantly
improves the faithfulness of the interpretation.

Mechanistic Interpretability in Vision Transformers Mechanistic interpretability (MI) is an
emerging research field dedicated to interpreting the inner workings of neural networks by reverse-
engineering their computations into human-interpretable mechanisms [48-53]]. In particular, to
understand the mechanisms of vision transformers (ViTs), early studies employed representation
analysis, linear probing, and the logit lens to examine the representations learned by ViTs [54H56].
More recent works have also sought to interpret neurons and attention heads in ViTs using natural
language descriptions [57H59]. In addition, with the rise of sparse autoencoders (SAEs), there has
been growing interest in interpreting ViT features through the lens of SAEs [60-467]. While the
aforementioned approaches explain how individual components of ViTs function, they do not offer
a comprehensive, end-to-end understanding of the model from input to output. To address this,
we propose the residual replacement model, which characterizes the entire process by which ViTs
transform input images into predictions.
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B Discussion

Towards Interpreting Vision Models We find that interpreting vision models is more challenging
than interpreting language models (LMs) for several reasons.

First, the features learned by vision models are often difficult to describe in natural language, making
it challenging to provide intuitive explanations. Therefore, we alternatively describe the features
using maximally activating images or patches. For certain types of features, such as curve detectors
and position detectors, we additionally provide human-interpretable patterns to aid understanding.
Nonetheless, it remains difficult to provide concise natural language descriptions for some features,
whereas maximally activating images or patches often reveal clearer patterns. Developing more
effective interpretation strategies, particularly those that leverage visual demonstrations, remains an
important direction for future work.

Second, the number of patch tokens in vision models is significantly larger than the number of
tokens typically used in mechanistic interpretability studies of language models [41} 44} 68H71]].
This makes it challenging to scalably identify circuits in vision models, especially when considering
token-to-token interactions. To address this, we aggregate patch tokens, enabling the interpretation of
spatially independent feature interactions. While many token-to-token interactions may be redundant
due to the semantic similarity between neighboring patches, some interactions can still play important
roles. For instance, understanding how the [CLS] token interacts with other tokens could provide
valuable insights into the model’s behavior [55]. We leave the investigation of such interactions to
future work.

Finally, unlike mechanistic interpretability studies in language models where tasks are typically
predefined (e.g., indirect object identification [[68]], greater-than [69], subject-verb agreement [46l]),
vision models often lack clearly defined tasks. Although one can average circuits across images with
the same class label, such averaging does not guarantee meaningful or interpretable circuits, as even
images from the same class may rely on different pathways for prediction. An interesting direction
for future work is to develop methods for identifying meaningful circuits corresponding to implicitly
defined tasks in vision models.

Comparison with Related Work Olah et al. [48] attempted to reverse-engineer the computations
of CNNs by analyzing the weights of InceptionV1 and identifying how features in early layers
compositionally combine to form higher-level features in deeper layers, resulting in what they called
“circuits.” For example, they identified curve detector features that are equivariant to transformations,
demonstrating how different features, such as various angles of lines in earlier layers, combine to
form a curve detector [[72H75]. Our residual replacement model enables similar analysis of features
and circuits in ViTs by observing the model’s residual stream. Furthermore, we find that similar
features and circuits emerge in ViTs, despite their distinct architectures. From the perspective of
the universality hypothesis [48. 76| [77]], this work suggests that CNNs and ViTs may share similar
mechanisms for processing visual information, although the representations in the early layers of
ViTs tend to be more patch-wise compared to those in CNNGs.

To mechanistically interpret large language models (LLMs), Marks et al. [46] proposed a method for
identifying sparse feature circuits, where the nodes correspond to SAE features. They demonstrated
how LLMs achieve subject-verb agreement across relative clauses by identifying the specific circuits
responsible for this behavior. Concurrently, Ameisen et al. [7/8] proposed constructing attribution
graphs within a replacement model equipped with a cross-layer transcoder (CLT) [79-81]]. Leveraging
the replacement model, they identified various circuits in LLMs, including those responsible for
multi-step reasoning and arithmetic [82]. Inspired by these works, we aim to construct similarly
interpretable sparse circuits in ViTs. However, unlike LLMs, ViTs operate on a much larger number
of tokens, making it infeasible to identify circuits at scale using the same methodology. Therefore,
we simplify the process by focusing on the residual stream of ViTs [83]], which enables us to identify
circuits in a more parsimonious and scalable manner.
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C Training Sparse Autoencoders

C.1 Training

Formulation We apply a TopK SAE [84] to each layer of the residual stream in ViTs. As shown in
Equation (1), the TopK SAE maps a residual stream representation & € R to a sparse representation
zeRS by selecting the top-k features from Wene (€ — by ), where f denotes the number of sparse
features and k is the sparsity level (i.e., the number of selected features). Following Gao et al. [84], we
train the TopK SAE with a combination of two loss functions: a reconstruction loss and an auxiliary
loss. The reconstruction loss Le.on measures the discrepancy between the original input = and its
reconstruction & produced by the decoder:

Lirecon = ||:B_i'||§ €))

For normalized evaluation, we report the Fraction of Variance Unexplained (FVU), defined as:

A2
]
EE

which allows comparison across layers and models regardless of the input scale [85 [86]. The
auxiliary loss La,x encourages the SAE to represent residual information using dead (inactive) features.
Specifically, we define the reconstruction error as € = x — & and estimate it via € = W gec Zdeads

@

where Zgeaq = TopK,, (ReLU(Dead(W enc (€ — bpre)))). The auxiliary loss is then defined as:
Law = |l — €[5 3
The total loss is given by:
L = Lrecon + Laux, 4)

where « is a hyperparameter controlling the weight of the auxiliary loss. While the reconstruction loss
ensures faithful input reconstruction, the auxiliary loss discourages feature inactivity (dead feature)
and promotes more effective utilization of the sparse feature set.

Implementation Details We train the TopK SAE using the Adam optimizer with a learning rate
of 2 x 1074, B1 = 0.9, and B2 = 0.999. The model is trained for 50 epochs with a batch size of
512. Hyperparameters are set as follows: « = 1/32, kyyx = 256. Decoder normalization is applied at
each training step, and the input « is normalized to have zero mean and unit variance. We conduct a
hyperparameter sweep over the sparsity level k and the expansion rate R = f/d to investigate scaling
behavior. We use the following backbone models: supervised ViT-B/16 [87], DINOv2 ViT-B/14 (with
register tokens) [56, [88], and CLIP ViT-B/16 [89]. Training and evaluation are performed on the
ImageNet-1K [90] training/validation dataset, respectively. For each model, we collect all tokens
([CLS], patch tokens, and register tokens (if present)) from each layer to train the TopK SAE.

C.2 Analysis

Scaling Law To understand the scaling behavior of the TopK SAE in ViTs, we extend the scaling
law analysis of Gao et al. [[84] to vision transformers. Specifically, we fit a joint scaling law of the
reconstruction loss with respect to the number of latent features f and the sparsity level k using the
following functional form:

L(f, k) = exp (o + B log(k) + By log(f) + vlog(k) log(f)) + exp (¢ + nlog(k)),  (5)

where o, B, B¢, 7, ¢, and 7 are the parameters to be fitted. We find that this scaling law fits well
across all models and layers, explaining at least 99% of the variance. The fitted losses are visualized as
contour plots in Figuresto where the x- and y-axes correspond to the expansion rate R = f/d and
the sparsity level &, respectively. We additionally mark the contour line corresponding to FVU = 0.15,
which indicates the threshold below which the reconstruction loss is considered acceptable. Our
chosen hyperparameters are denoted with a cross. Moreover, Figure ] shows the FVU = 0.15 contour
line across layers. We observe that deeper layers generally require higher sparsity or more latent
features to reach the same reconstruction performance, suggesting that they encode more complex
information. An exception is found in the penultimate and final layers, which require fewer features,
possibly due to their proximity to the output and reduced representational complexity.
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Figure 1: Contour plots of the fitted scaling law for reconstruction loss with respect to the expansion
rate R = f/d and the sparsity level k (ViT). Dotted line indicates the contour line corresponding to
FVU = 0.15. The cross indicates the chosen hyperparameters for the SAE.
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FVU = 0.15. The cross indicates the chosen hyperparameters for the SAE.
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Activation Analysis To better understand the features learned by the TopK SAE, we analyze the
activation patterns of the features. For each latent feature, we compute its activation frequency (i.e.,
how often the feature is selected) and its average activation value [61]]. As shown in Figures[3]to[7}
we find a strong positive correlation between activation frequency and average activation value:
features with higher values tend to be activated more frequently, indicating their greater importance.
Additionally, we observe that intermediate layers often exhibit a bimodal distribution in both activation

frequency and value. This suggests that they specialize into two groups of features: those that are
consistently informative and those that are only selectively used.
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Figure 5: Activation frequency and mean activation value of the TopK SAE features (ViT).
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Figure 6: Activation frequency and mean activation value of the TopK SAE features (DINOv2).
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D Systematic Feature Analysis

D.1 Visualization

In vision models, visualizing maximally activated images is a common method for interpreting
learned features[] [60l 165H67. 196]]. However, we observe that this approach is often insufficient for
understanding the features learned by the TopK SAE, particularly in early layers. Early-layer features
frequently activate in only a small number of patches (sometimes just a single patch) within an image,
rendering the maximally activated image uninformative. To address this, we adopt a visualization
strategy inspired by language models, where maximally activated tokens are commonly used to
interpret features [46, 97, 98]. Specifically, we visualize the maximally activated patches for each
feature, which provides a more localized and interpretable view. Additionally, we provide class label
and logit lens interpretation, which are especially informative for late-layer features. Throughout the
analysis in §2.2, we employ visualizations such as Figures[§]and[9]to illustrate the characteristics of
the learned features.

D.2 Categorization

Definition of Categories To systematically analyze the features learned by SAE, we categorize
them into several groups based on their characteristics. Since feature categorization is inherently
subjective, different researchers may interpret the same feature differently. To ensure consistency in
our analysis, we define clear criteria for each category. These definitions are provided below.

 Line: In cases where a linear or curvilinear structure is captured within a patch.

» Shape: In cases where a distinct geometric shape (e.g., circle or rectangle) is observed within a
patch.

* Color: In cases where consistent coloration is observed, abrupt color transitions are detected, or
other color-related features are present.

 Texture: In cases where a recurring texture or repetitive pattern is present.

* Semantic: In cases where a consistent high-level semantic concept is observed across images,
even if not easily described by a single word.

* Object: In cases where a consistent, concrete, and identifiable object or entity is captured (e.g.,
sky, ground, dog, dog’s nose).

* Background: In cases where the entire area of the image excluding the primary object is captured.

* Positional: In cases where a fixed spatial location within the image is consistently captured,
independent of the image’s content.

* Miscellaneous: In cases where there is a clear visual commonality among patches, yet the pattern
does not align well with any of the predefined categories above.

* Polysemantic: In cases where multiple distinct groups of patches or images each capture different
semantic or visual attributes.

 Uninterpretable: In cases where no common or interpretable features can be identified at the
patch or image level.

More Results on Categorization We provide additional results on the categorization of features
learned by SAE in DINOv2 and CLIP. As shown in Figure[I0} the features learned by DINOv2 and
CLIP exhibit patterns similar to those observed in ViT (§2.2).

D.3 Case Studies Details

Curve Detectors To generate radial tuning curves [[13]], we create synthetic images in which each
patch contains a curve with varying angles and curvatures. For each curve detector, we compute
the maximum activation of the feature across all patches in each image and then take the maximum
across all images sharing the same angle. Finally, we plot the maximum activation as a function of
the curve angle, as shown in Figure 3 of the main text.

'We also consider specialized feature visualization methods that optimize the input image to maximize the
activation of a specific feature [91H93]]. However, this approach has been shown to be less effective than using
maximally activated images and tends to produce less interpretable results in ViTs [94]95].

11
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Figure 8: Visualization Example (1).
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Figure 10: Category Proportions for ViT, DINOv2, and CLIP.

Position Detectors To automatically identify position detectors [99], we compute the mutual
information between two variables: the activation of a feature and the position of a patch within the
image. The mutual information is defined as:

T (pos) (pos)
1 1—
I(act,pos) = 7 > i) -log f?; + (1 - f?“ﬁf"’s)) -log l_f#] ;o (6
pos=1 n "

where f r,(lp °%) denotes the activation frequency of feature n at position pos, fr, is the overall

activation frequency of feature n, and 7 is the total number of patches in the image. We identify
position-sensitive features by selecting those with mutual information exceeding a threshold, i.e.,
I(act,pos) > 7. For the analysis in the main text, we use 7 = 0.05, although a range of reasonable
thresholds yields similar results due to the clear separation between position detectors and other
features. To visualize the position detectors, we plot the average activation of each feature across
spatial positions, as shown in Figure 4 of the main text.

D.4 More Feature Examples

We present additional examples of features learned by the TopK SAE in Figures [T1]to [22] These
examples include various types of features, such as ripple patterns, V shapes, horizontal lines, hands,
and watermarks. We optionally visualize the maximally activated patches when doing so aids in
interpreting the feature.
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L3#10 (vertical line)

Figure 11: More ViT Feature Examples (Line and Shape).
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LO#60 (red)

Figure 12: More ViT Feature Examples (Color and Texture).
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L1#32 (bottom corners of image)

Figure 13: More ViT Feature Examples (Positional, Background, and Semantic).
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L9#833 (hammer head)

L10#3 (cat)

L10#50 (hand)

Figure 14: More ViT Feature Examples (Object and Miscellaneous).
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LO#13 (slanted line)

e

Figure 15: More DINOv2 Feature Examples (Line, Color, and Miscellaneous).
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L2#131 (circle)

Figure 16: More DINOv2 Feature Examples (Shape and Texture).
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L2#26 (vertical axis)
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Figure 17: More DINOv2 Feature Examples (Positional and Semantic).
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Figure 18: More DINOv2 Feature Examples (Background and Object).
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LO#85 (slanted line)

L4#105 (cross shape)

Figure 19: More CLIP Feature Examples (Line, Color, and Shape).

22



L2#7 (checkerboard pattern)
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Figure 20: More CLIP Feature Examples (Texture and Miscellaneous).
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L1#112 (left edge)

R

Figure 21: More CLIP Feature Examples (Positional and Semantic).
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L1#125 (background) Background

L9#125 (mask)

Figure 22: More CLIP Feature Examples (Background and Object).
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Table 1: Circuit Evaluation for Various Node Selection Rules. We evaluate the faithfulness and
completeness of the circuits using 1,500 randomly sampled images from the ImageNet validation set.

Faithfulness (%) 1 - Completeness (%)
Rule ViT DINOv2 CLIP  ViT DINOv2 CLIP
top-k 94.1 85.1 82.3 99.6 99.8 99.7
top-p 95.0 85.4 82.9 99.7 99.7 99.7

threshold  93.6 84.6 82.2 99.6 99.8 99.7

E Residual Replacement Model

E.1 Design Choices

In §3.1, we select the top-k features per layer based on the importance of their edges to the selected
downstream nodes V1. We also consider two alternative selection strategies: (1) selecting the top
p-percent of features in each SAE, and (2) selecting features until the cumulative importance of the
selected features exceeds a threshold, i.e., >, ¢y, D gey,,, L(w — d) > 7. As shown in Table
these alternative selection rules yield no significant differences in the faithfulness or completeness o
the resulting circuits.

E.2 Technical Challenges Details

Scalability of Edge Importance Estimation Let 7" be the number of tokens in the input image,
and let f, and fy denote the number of features in the upstream and downstream SAEs, respectively.
Let u; and d; represent the upstream and downstream features of the ¢-th token. Since we aggregate

features across all tokens, each node is defined as the average over all tokens, i.e., u = % Zthl o
_ 1 T

andd = %>, ,d;

The importance of the edge (u, d) is computed as:

T T T
Lu—d) =Y > Hui—dj)=> > VamVa,d; (u; —u).

i=1 j=1 i=1 j=1

This requires computing the Jacobians for 7' token pairs per edge, resulting in a total of 7' f,, x T f4
feature pairs. In practice, this would require O(T x f4) backpropagation steps, which becomes
computationally infeasible for large T'.

To mitigate this, we apply the Jacobian-vector product trick to efficiently compute the Jacobian of the
downstream features with respect to the upstream features:

T
szdmvuld va D (Vaym)-dj| (ui —uj).
J=1

1=1 j=1

Note that V4,m is treated as a constant during computing the Jacobian of d; with respect to u;. This
formulation reduces the complexity to O( f) backward passes, significantly accelerating computation
compared to the naive approach. As a result, we can compute the full edge importance in a few
seconds for a single image using a single RTX A6000 GPU.

Noisy Gradients Unlike language models, ViTs often suffer from noisy gradients, making gradient-
based interpretations less stable [26, 28] 129]]. To address this issue, we adopt LibraGrad [18], a
recent method designed to stabilize gradients. They found that some modules in modern transformer
architectures, such as attention mechanisms and layer normalizations, can disrupt the gradient flow,
leading to noisy gradients. LibraGrad mitigates this issue by applying a gradient pruning technique,
which removes the noisy gradients while preserving the informative ones. An important theoretical
property of LibraGrad is that it satisfies FullGrad-completeness [16], meaning it decomposes the
model output into the exact contributions from each input feature along with a bias term:

m(a;b) = Vom(a;b)Ta + Veym(a; b)T'b,
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where a is the input feature, b is the bias term, and m(a; b) is the model output. This completeness
property enables us to assign an explicit contribution to each input feature, akin to Layer-wise
Relevance Propagation (LRP) [21} 23| [25H27]]. We extend this decomposition to intermediate features,
allowing us to quantify the contribution of each SAE feature to the final prediction through gradient-
based analysis.

However, extending FullGrad-completeness to SAE features requires careful handling of the SAE’s
normalization step. In standard SAEs, the input representations are normalized by dividing by the
standard deviation during encoding and re-scaled during reconstruction. This normalization step
introduces nonlinearity that can break the completeness property. Concretely, given an input & € R9,
the SAE computes the normalized representation as:

T — ()

= )

where p(x) and o () are the mean and standard deviation of the input, respectively. Similarly, during
reconstruction, the SAE applies a re-scaling step:

& = o(@)i + p(@),

where & = Wgeez + bpre 1s the reconstructed representation. To preserve FullGrad-completeness,
we block the backpropagation path through the standard deviation normalization parameters o ().
Under this modification, the contribution of the SAE features and the error term can be faithfully
computed using a gradient-based decomposition.

Finally, while the bias term in FullGrad reflects the impact of higher-order interactions between
intermediate features [16], we do not consider this term in our main analysis. Incorporating such
interactions remains an interesting direction for future work.

E.3 Feature Similarity Analysis

To further investigate the Granny Smith circuit in §3.3 (Figure 5 of the main text), we conduct two
simple analyses to evaluate the similarity and continuity of features within the circuit.

First, we test whether features are preserved across layers through the residual stream. For each
feature in a given layer, we identify the feature in the next layer whose decoder vector has the highest
cosine similarity with it. We then check whether this most similar feature is included in the circuit.
This analysis helps verify if the circuit retains geometrically similar features across layers [[100, [101].

Second, we examine whether these cosine-similar pairs correspond to strong connections by inspecting
whether the highest-weighted edges in the circuit connect features with high cosine similarity. This
allows us to assess whether semantic similarity is aligned with edge importance.

Our results show that, for all layer pairs, the next-layer feature with the highest cosine similarity is
consistently included in the circuit. Moreover, in all layers except for 0-1, 3-4, and 8-9, the highest-
weighted edges connect to the features with the greatest cosine similarity. In the cases of layers 0-1
and 8-9, the error term appears to play a significant role in constructing the next-layer feature, which
may explain the lack of direct feature preservation. For layers 3-4, the edge weights are relatively low,
suggesting that the next-layer features are formed through a compositional combination of multiple
upstream features. For example, L3#1283 and L3#1438 are both connected to L4#58 with similar
edge weights. While their individual cosine similarities with L4#58’s decoder vector are moderate
(0.44 and 0.48, respectively), their combined vector achieves a similarity of 0.62. Considering that
the maximum cosine similarity between any single L3 feature and L4#58 is 0.68, this suggests that
L3#1283 and L3#1438 jointly contribute to the construction of L4#58.

Overall, by combining the residual replacement model with feature similarity analysis, we can
identify which features are preserved across layers through the residual stream and which features
are compositionally combined to form higher-level representations [85} 86, [101H104]].

E.4 More Circuit Results

We provide additional qualitative results on the circuits in ViT (Figures[23]to[26), DINOv2 (Figures
to [30), and CLIP (Figures [31] to [34). To aid intuitive understanding of the features, we visualize
the maximally activated patches for each feature in the first row and the corresponding maximally
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activated images in the second row. The first column shows the input image along with its maximally
activated patches and activation values.

E.5 More Curve Circuits and Position Circuits

We also provide additional examples of curve circuits and position circuits in DINOv2 and CLIP.
We find that the circuits in DINOv2 and CLIP behave similarly to those in ViT. For curve circuits
(Figures [35]and [36)), lines at different angles are compositionally combined to form curve detectors.
For position circuits (Figures [37)and [38)), position detectors in early layers are combined to construct
more complex detectors in deeper layers. For example, in Figure[37] various vertical position detectors
and other features combine to form a top-and-bottom background detector (L4#1203). In Figure [38]
we observe that a bottom position detector (L3#1515) and an object detector (L3#419) combine to
form a bottom background detector (L4#70). We can also find that the object detector (L3#419) is
influenced by a color detector (L2#84).

E.6 Debiasing Spurious Correlations

In this section, we provide additional details on the debiasing procedure. We construct the top-3
feature circuits for seven ImageNet classes: hummingbird, freight car, koala, fireboat, hard
disc, gondola, and racket, which are known to exhibit spurious correlations with frequently
co-occurring features. For each class, we manually identify one spurious feature within the circuit
and ablate it. Specifically, we ablate the following features: L9#1210 (bird feeder for hummingbird),
LO9#2371 (graffiti for freight car), L9#1369 (eucalyptus for koala), L9#1648 (water jet for fireboat),
L9#2867 (label for hard disc), L9#307 (house/river for gondola), and L9#855 (tennis court/player for
racket).
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Figure 23: Teapot circuit in ViT. The circuit reveals that the model initially attends to the grayish
tone of the teapot (L1#12) and its specular highlights (L1#241) in the lower layers. As it progresses
through the intermediate layers, the model gradually captures the overall shape of the teapot (see the
heatmap of the input image in the sub-graph L3#208 — L4#258 — L5#1374 — L6#603). In the
higher layers, information about the teapot’s handle (L8#2785) and body (L8#2560) is integrated,
leading to the model’s prediction of a teapot.

W e G U e wm

Figure 24: Street sign circuit in ViT. As the input progresses through the early and intermediate
layers, the model gradually develops an understanding of the text written on the street sign. For
instance, at LO#140, the characters are perceived as a stripe pattern; at L1#42, they are interpreted
as a combination of diagonal lines; and at L2#10, as a composition of curves. Starting from L3, the
model begins to recognize the characters as alphabetical and Arabic numerals. This understanding
of the text is subsequently integrated with the wide board feature (L8#3063), allowing the model to
grasp the overall appearance of the signboard (LL9#1321). Finally, this representation is combined
with the signal light features (L9#2068, L10#1492) to yield the prediction of a traffic light.
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Figure 25: Switch circuit in ViT. Up to the intermediate layers, the model captures information about
the areas surrounding the switch—both laterally (L2#253, L3#439) and vertically (L2#13, L3#1275).
This information is integrated to form a representation of the switch’s rounded shape (L6#2676,
L7#40). Beginning from layer 5, the model starts recognizing the Roman numerals written on the
switch (L5#855, L6#1429). The information combines with the switch’s round shape (L7#40, L8#63)
,JJeading the model to predict the presence of a switch.

Figure 26: Tabby circuit in ViT. Up to layer 7, the model captures features related to fur texture
(L1#16, L2#516) and the cat’s whiskers (L2#658, L3#1102, L4#637, L5#1062). In layer 8, both the
whiskers (L8#2319) and the cat’s eye (L8#1156) significantly contribute to the model’s ability to
identify the cat’s face in layer 9 (L9#2381). Notably, the detection of the cat’s stripes (L9#377) and
animal fur (L9#2651) in layer 9 plays an integral role in forming the final representation of a tabby
cat (L10#404).
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Figure 27: Typewriter keyboard circuit in DINOV2. In the early layers, the model interprets the
spaces between keys either as lines (e.g., LO#98, L1#69) or as textures (e.g., L2#136, L3#904). In
the middle and later layers, the model captures the round and repetitive shapes of the keys (L5#88,
L6#1350), leading to the recognition of a keyboard (L8#455, L9#1213). By further detecting the
characters engraved on the keys (L9#1091, L10#275), the model arrives at the prediction of a
typewriter.

-L} .

i B \m\ ERERE -

e = R

Figure 28: Scale circuit in DINOv2. Through the subgraph L1#131 — L2#296 — L3#800, the
model captures the white, monotone color of the scale. Simultaneously, it interprets the text printed on
the scale via the subgraph L1#132 — L2#244 — L3#40 — L4#1531 — L5#1114. Notably, in layer
6, the model appears to separately recognize the logo text (L6#1373) and the numerical values on the
dial (L6#1177). In the later layers, the structural form of the scale (L8#744, L9#1106, L10#1332) is
integrated with the textual and numerical information (L10#1135), ultimately leading the model to
predict a scale.
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Figure 29: Hare circuit in DINOV2. In the early layers, the model detects the hare’s eye as either a
texture or a distinct shape (L1#1, L2#9, L3#1268), while simultaneously capturing the texture of
the hare’s fur (L2#129, L3#1145). In the middle layers, the eye is interpreted more semantically as
an animal eye (L4#316, L5#1225), and the model begins to represent the overall body of the hare
(L4#633, L5#6). In the subsequent layers, the model exhibits increasingly fine-grained understanding
of the hare’s face by attending to the eye (L6#609), the area below the eye (L6#1201), the region
between the eye and nose (L6#209), and the snout (L9#696). In the final layer, the activation of the
hare’s face (L10#1137) and the animal’s whiskers (L10#734) culminates in the model’s prediction of
a hare.
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Figure 30: Goose circuit in DINOV2. In the early layers, the model captures the goose’s coloration
by separating it into white (LO#60), gray (L0#178), and edge regions (L2#224). In the middle layers,
the model detects the left (L3#1268) and right (L3#1171) sides of the goose’s eye as distinct shapes,
which are subsequently integrated in later layers to form a semantic understanding of an animal eye
(L4#316, L5#1225, L6#1032). In layers 7 and 8, the model attends to the goose’s neck (L7#1471),
cheek (L7#338), body (L8#1017), and beak (L8#983), ultimately leading to the prediction of a goose.
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Figure 31: Cellular telephone circuit in CLIP. In the early layers, the model focuses on the blue,
uniform color of the cell phone (L3#1379). In the middle layers, it identifies the keypad of the device
(L6#688), and subsequently recognizes it as a button-equipped device (L7#518). This understanding
is further refined as the model begins to interpret it as a time-displaying device (L8#520) and a
communication device (L9#1163, L10#1382), ultimately leading to the prediction of a cell phone.
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Figure 32: Tennis ball circuit in CLIP. In the early layers, the model captures the background
of the tennis ball (e.g., LO#214, L1#17) as well as the texture of the ball (e.g., L2#41, L3#838).
In the intermediate layers, it detects the edges on both sides of the tennis ball (L4#703) and the
lower edge (L4#14006), leading to a representation of a round object (L5#540). This understanding is
further refined into multiple round objects (L6#0), and in the subsequent layers, the model recognizes
the object as a ball (L7#139, L8#274). By identifying the characteristic stripes on the ball (see the
maximum activating patches in L9#957), the model ultimately predicts a tennis ball.
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Figure 33: Wall clock circuit in CLIP. In the early layers, the model focuses on the background of
the wall clock (LO#101, LO#157, L1#236). In the middle layers, it begins to recognize the numbers
on the clock (L6#178), followed by the detection of the fick marks in the subsequent layer (L7#1248).
The model then forms a representation of a round-shaped clock (L8#876), eventually activating
general clock features (L9#1246, L10#568), which leads to the final prediction of a wall clock.
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Figure 34: Oscilloscope circuit in CLIP. In the early and middle layers, the model recognizes the
background of the oscilloscope (e.g., LO#210, L1#236, L2#111). In the later layers, it identifies the
oscilloscope’s buttons (L7#518), display (L8#1472), and body (L8#456). Subsequently, the red line
connected to the oscilloscope (L9#1396) is interpreted as a wire (L10#733). This understanding, com-
bined with the oscilloscope-specific features (L10#361), leads the model to predict an oscilloscope.
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Figure 35: Curve Circuit (L3#87) for DINOv2.
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Figure 36: Curve Circuit (L3#141) for CLIP.

LO#74

L1#86 L2#312 L3#655 L4#1203
# \ \ — \ / =

LO#17 L1#17 L2#116
L1#E L2#350

LO#?

JAN

Figure 37: Position Circuit (L4#1203) for DINOv2.
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Figure 38: Position Circuit (L4#70) for CLIP.
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