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Abstract. Vision transformers (ViTs) have achieved remarkable gen-
eralization across visual domains, yet little is known about how they
internally represent the structure of the world. To address this gap, we
use Cross-Layer Transcoders (CLTs) to read concept circuits from ViTs:
directed graphs whose nodes correspond to sparse, interpretable con-
cepts and edges capture concept interactions across layers. Our method
yields two complementary views of model behavior. The global concept
circuit is input-invariant and can be recovered directly from learned
cross-layer weights, exposing the reusable “world knowledge” encoded
in the model. The instance concept circuit is input-dependent and iden-
tifies the concepts and pathways actually used for a specific prediction,
enabling faithful example-level explanations. We demonstrate the util-
ity of concept circuits in three ways: (1) Automatic spurious correla-
tion discovery: leveraging the statistics of our global concept circuits
to identify shortcut dependencies within the model. (2) Spurious cor-
relation removal: intervening on the instance concept circuit to steer
the model towards correct predictions. Empirical results show that our
method outperforms existing counterparts by 11.0% on the Waterbird
dataset. (3) Model comparison: contrasting the global concept circuits of
different foundation models (e.g., CLIP vs. DINO) to reveal how super-
vision paradigms shape representational structure. Our code is available
at https://github.com/deep-real/VisionCLT
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1 Introduction

Vision transformers (ViTs) [14] have achieved remarkable generalization across
a wide range of visual domains [10,43,50,51]. Despite this empirical success, we
still lack an understanding of the inner workings of ViTs that give rise to robust
behavior or well-known failures such as reliance on spurious correlations [20,31,
40,52,54], i.e. their “world knowledge” . In particular, it remains unclear what
concepts ViTs encode and how these concepts interact across layers. Recovering
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this internal structure is crucial because it enables principled auditing, diagnosis
of shortcuts, and targeted interventions at the level of internal mechanisms.

Yet, reading the “world knowledge” of ViTs remains challenging. Most exist-
ing interpretable machine learning (IML) methods focus on saliency maps [47,48,
58] or feature-importance scores [29,45], highlighting which input regions or fea-
tures matter for a prediction but treating the network’s internals as a black box.

Existing IML Our Concept Circuit
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Fig. 1: A comparison between existing
Interpretable Machine Learning (IML)
and our concept circuit. Existing IML
methods are typically limited to where
the model focuses on, while our concept
circuit answers the question of how the
model understands the visual world.

While recent Sparse Autoencoder (SAE)
methods [5, 19, 22, 44] decompose polyse-
mantic neurons into sparse, more inter-
pretable features and support circuit dis-
covery [12, 26, 32] to identify “sparse fea-
ture circuits” [30], SAE-based pipelines
primarily capture input-dependent behav-
ior [15], which does not reflect the model’s
general behavior. Although one can ob-
tain a global view of feature interactions
by averaging over large datasets, it re-
quires expensive attribution and still risks
being not fully input-invariant.

To address these gaps, we propose to
use Cross-Layer Transcoders (CLTs) [2]
to read the “world knowledge” of ViTs
(Fig. 1). CLTs are sparse cross-layer dic-
tionaries trained to approximate the com-
putation performed by language trans-
formers. Specifically, they encode the residual stream into sparse feature ac-
tivations and use a learned decoder to reconstruct the downstream MLP out-
puts across layers. Compared to SAEs, a key advantage of CLTs is that they
learn input-invariant encoder/decoder weights which define how features inter-
act across layers in an input-independent manner. By adapting CLTs to vision
data, we recover global concept circuits directly from learned parameters
without expensive dataset-scale attribution. This enables systematic analyses of
model’s general behavior and principled auditing of model bias. Additionally,
CLTs also decompose model representation into input-dependent sparse codes,
which we leverage to extract instance concept circuits. This offers a view com-
plementary to global concept circuits, enabling fine-grained auditing and control
at instance level. Although SAEs can also identify instance concept circuits, we
show that CLT-based circuits are more faithful than SAE-based circuits.

We showcase the utility of concept circuits through three key applications:
(1) Spurious correlation discovery: The global concept circuits allow us to
automatically identify shortcut dependencies; to our knowledge, this is the first
work that aims to uncover spurious correlations without domain knowledge. (2)
Spurious correlation removal: Leveraging the instance-specific concept cir-
cuits, we can localize the specific concepts/interactions responsible for biased
behavior, and intervene to reduce the model’s reliance on spurious cues. Empir-
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Fig. 2: Overview of our pipeline for extracting concept circuits of ViTs. Left: the CLT
architecture, which is trained to approximate the MLP computation of a transformer.
Middle: The concept circuit extracted by CLT, i.e., a graph of concepts and their
interactions. Right: The concept circuits can be leveraged to (1) automatically discover
spurious correlations encoded in the ViT, (2) remove the spurious correlations to steer
the model toward correct predictions, and (3) offer insights on how variant supervision
paradigms shape model’s internal structure and behavior.

ical results show that our method outperforms existing counterparts by 11.0%
on the Waterbird dataset. (3) Model comparison: By analyzing the structure
of global concept circuits across different pretrained foundation models (e.g.,
CLIP [43] v.s. DINO [8] v.s. ViT [14]), we can evaluate and compare how vari-
ous supervision paradigms and datasets influence model behaviors. This provides
a principled mechanistic basis for model optimization and selection.

In summary, our contributions are:

– We adapt CLTs to ViTs, validating their effectiveness on vision data.
– We use CLTs to read instance-specific and, first of its kind, global concept

circuits from ViTs, revealing their inner “world knowledge”.
– We showcase the utility of concept circuits in three applications: automatic

spurious correlation discovery, spurious correlation removal, where our method
outperforms existing counterparts by 11.0%, and comparing vision founda-
tion models through their internal representation structure.

2 Preliminary

2.1 Sparse Autoencoders (SAEs)

SAEs [5, 19, 22, 44] are proposed to decompose the model representations of
a single layer into interpretable concepts. Applying SAEs to read concept cir-
cuits would require training multiple SAEs and integrating with circuit discovery
methods [12, 26, 32] to quantify the interactions between SAE features [30]. As
discussed in Sec. 1, this approach has two limitations: (1) it primarily captures
input-dependent interactions between features, and (2) it requires large scale
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attribution over datasets to get a global view of feature interactions, which is
computationally expensive. These limitations hinder SAE’s potential for reading
global concept circuits.

2.2 Cross-Layer Transcoders (CLTs)

CLTs [2] are sparse cross-layer dictionaries trained to approximate Multi-Layer
Perceptron (MLP) computation of a transformer. Concretely, CLT encodes the
MLP input x at one layer to sparse hidden activations z and reconstructs the
MLP output y using all hidden activations at previous layers. Let Wl

enc ∈ Rf×d

denote the encoder for layer l, Wl′→l
dec ∈ Rd×f denote the decoder for layer l′

writing to layer l, and ϕ denote the activation function to impose sparsity, a
CLT can be expressed as:

zl = ϕ(Wl
encx

l), yl =

l∑
l′=1

Wl′→l
dec zl

′
. (1)

The weights for all layers are jointly optimized by minimizing the reconstruction
error of all layers with a sparsity penalty: LCLT =

∑L
l=1 ∥yl − ŷl∥22 + λLspa.

By constraining sparsity of the hidden activations, CLTs are enforced to encode
disentangled, human interpretable concepts.

Advantages of CLTs. As discussed before, combining SAEs and circuit discov-
ery methods has limitations in reading global concept circuits. In contrast, CLT
factorizes the original model’s computations into two parts: (1) input-dependent
sparse codes z, and (2) input-invariant encoder/decoder weights, which are fixed
once the CLT is trained and do not change over inputs. This factorization en-
ables two key modes of analysis. First, the sparse codes provide faithful feature
activation on specific inputs, supporting fine-grained attribution for reading in-
stance concept circuits. Second, the learned weights encode a global view of
concept interactions in a input-independent manner, allowing for direct readout
of global concept circuits.

3 Method

While ViTs have achieved great success across a wide range a visual domains,
their inner workings remain a black box. This undermines their reliability in
safety-critical domains, such as medical image analysis and autonomous driving.
In this paper, we propose to open the black box, reading ViT’s “world knowl-
edge”: structured graphs in which nodes are human-interpretable concepts and
directed edges capture how concepts interact across layers. To recover this inter-
nal structure, we adapt CLTs to ViTs (Sec. 3.1) and use them to read concept
circuits from ViTs. Specifically, we aim to read two types of concept circuits:
global concept circuits (Sec. 3.2) and instance concept circuits (Sec. 3.3). Fig. 2
shows the overview of our pipeline.
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Fig. 3: Sweep results of CLT training hyper-parameters. We evaluate on two metrics:
explained variance, which measures the reconstruction quality, and monosemanticity,
which measures the interpretability of learned features. Higher L0 sparsity and dic-
tionary size lead to higher explained variance but lower monosemanticity. We select a
sparsity of 35 and a dictionary size of 6144 to strike a tradeoff between both metrics.

3.1 Adapting CLTs to ViTs

CLTs are originally proposed for language models, it is non-trivial to adapt CLTs
to ViTs. There are three major challenges. (1) Hyper-parameter configuration.
Training CLTs on vision data requires different hyper-parameter choices. To
this end, we sweep over a range of hyper-parameter configurations for CLIP
CLT on the ImageNet [13] training set and evaluate on two metrics: explained
variance and monosemanticity [39]. Based on the evaluation results (Fig. 3), we
choose sparsity of 35 and dictionary size of 6144 for the remaining experiments.
Please refer to the supplemental materials for more implementation details. (2)
Incorporation of CLS tokens. Different from language models, ViTs often add a
CLS token for downstream tasks like classification. Since the CLS tokens contain
global information of the image, we choose to train CLTs on image tokens along
with CLS tokens. (3) Simplification of concept circuit. Naively applying CLTs to
ViTs leads to complex concept circuits since ViTs operate on a large number of
image tokens (e.g., 196 for ViT-B/16 v.s. 10-20 for language models). Therefore,
we choose to aggregate features over token positions to simplify the concept
circuit. See §3.3 for more details.

To interpret the meaning of a CLT feature, we visualize the top activated
images of the feature. To localize the feature in the image, we concatenate the
feature activation value of each patch to get an activation map and overlay on
the original image. See Fig. 4 for example feature visualizations.

3.2 Recovering “world knowledge” from global concept circuits

Global concept circuits are input-invariant circuits induced by the model’s learned
parameters, summarizing the concept-to-concept relations the ViT tends to use
in general, e.g ., a stable pathway where “fur texture” → “four-legged animal” →
“dog” frequently appears regardless of the specific image. Reading global concept
circuits provides an input-invariant view of the concept-to-concept structure the
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Algorithm 1: Extract Class Subgraphs from Global Concept Circuits
Input: Global circuit G = (V, E , ŵ); seed nodes Vseed; branching factor k.
Output: Class subgraph Gc = (Vc, Ec).
F ← Vseed ; // initialize the frontier
Vc ← Vseed, Ec ← ∅;
while F ̸= ∅ do

// iterative backtracking
foreach u ∈ V do

s(u)←
∑

v∈F ŵu→v ; // total influence to frontier nodes

U ← TopK({u ∈ V : s(u) > 0}, k) ; // filter upstream features
if U = ∅ then

break
Vc ← Vc ∪ U ; // add nodes to subgraph
Ec ← Ec ∪ {(u→v) ∈ E : u ∈ U , v ∈ F} ; // add edges to subgraph
F ← U ; // reinitialize frontier

return Gc = (Vc, Ec);

model tends to reuse, which makes the ViT’s general “world knowledge” explicit
and easier to audit. In particular, these circuits support system-level analyses,
e.g ., automatically detecting shortcut dependencies by comparing global edge
strength with co-activation frequency without requiring human annotation.

Method. Given a trained CLT, we can read out a global concept circuit directly
from its encoder and decoder weights. Concretely, for two features s and t, the
global weight between them is the sum of all linear paths inside the CLT, which
can be expressed as:

ws→t =
〈 ∑

l∈Lst

W s,l
dec, W

t
enc

〉
, (2)

where W s,l
dec denotes the decoder vector of feature s writing to layer l, W t

enc

denotes the encoder vector of feature t, and Lst is the set of all intermediate
layers between s and t.

However, as many features are connected through the residual stream, large
global weights can arise between features that rarely co-activate, making ws→t

alone a poor descriptor of functional interactions. To mitigate this feature in-
terference issue and obtain meaningful global edges, we reweight global weights
using feature co-activation statistics over the data distribution. Let ai be the
activation of feature i, the reweighted edge weight is

ŵs→t = E[1(as > 0)1(at > 0)]ws→t. (3)

These co-activation weighted global weights summarize how strongly feature s
tends to influence feature t when they activate at the same time, and we take
them as the edge weights of the global concept circuit.
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Table 1: Validation of global concept circuit. We mean-ablate top-10 important con-
cepts in the global concept circuits and measure the accuracy drop. We evaluate on 50
randomly selected classes in ImageNet validation set and report mean accuracy.

Original Random Ours Raw weights Co-activations
CLIP 0.60 0.66 0.22 0.48 0.50
DINO 0.76 0.73 0.62 0.67 0.72
ViT 0.70 0.66 0.44 0.60 0.62

While the full global concept circuit is useful for systematic analysis (e.g.,
automatic spurious correlation discovery), it is too complex for humans to inter-
pret. Here we introduce how to extract a small class subgraph that is easier to
interpret (Algorithm 1). Given images of a target class, we run the model with
CLTs and select the top-activating last layer features as seed nodes. Starting
from these seeds, we iteratively backtrack the global concept circuit by repeat-
edly adding a small set of upstream features that have the strongest connections
into the current frontier, then treating the newly added features as the next
frontier. We stop when no additional upstream features are selected, and return
the induced subgraph as the class subgraph, which contains the features and
edges that the ViT uses to represent and reason about a target object.

Validation. Although we can directly read out global concept circuits from
CLT weights, the validity of the concept structures learned by CLT remains
unknown. In this section, we validate the faithfulness of global concept circuits.
Specifically, we aim to answer the question: do the global weights (Eq. 3) capture
genuine concept relations that are encoded in the model and drive the model’s
decision?

To answer this question, we conducted a validation experiment on ImageNet
validation set: for the global concept circuit of a class, we mean-ablate upstream
concepts with top-10 global weights, and measure induced changes in classifica-
tion accuracy. We test on 50 random classes. We also ablate randomly selected
concepts as baseline. To further justify the necessity of reweighting global weights
by co-activations, we ablate the effects of only using raw global weights (Eq. 2)
and co-activation statistics to construct the global concept circuit.

Tab. 1 shows the validation results on CLIP, DINO and supervised ViT. We
find that: (1) Concepts with high global weight are also functionally important to
model’s decision. Mean-ablating top-10 important concepts in the global concept
circuits results in significant performance drop in all three models. Notably, the
mean accuracy of CLIP drops from 0.60 to 0.22. While randomly ablating con-
cepts results in minimal influence on performance. (2) Co-activation reweighting
reduces interference. The raw global weights (Eq. 2) may be large between non-
related concepts due to feature interference. Experiment results prove this: ab-
lating concepts with top-10 raw weights has less impact than reweighted weights
(Eq. 3). Using co-activation statistics to construct the global concept circuit also
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Input Image

Fig. 4: An example instance concept circuit for a “School Bus” image and visualizations
of concepts. Thickness of edges represents their importance. The concepts encoded in
the model evolve from colors and textures (e.g., “blue”, “grid”) to object parts (e.g.,
“wheels”, “windows”), and finally to objects (e.g., “working vehicle”, “school bus”).

leads to suboptimal results, suggesting that the our global weights do not only
reflect statistical artifacts, but capture genuine concept relations.

3.3 Revealing decision making process via instance concept circuits

Instance concept circuits are input-dependent circuits extracted from a single
input image, retaining only the concepts and edges that are actually active and
influential for a particular prediction, e.g ., there may be a pathway of “bark-
ing” → “dog” in some dog images, while not in others. Reading instance concept
circuits complements the global view by revealing the actual set of active con-
cepts and interactions responsible for a particular prediction, enabling faithful,
instance-level explanations. This is especially useful for fine-grained auditing and
control, since it helps localize the specific concepts/interactions driving biased
behavior and provides actionable targets for intervention and steering.

Method. We extract the instance concept circuit from an input image by the
following steps: (1) Calculate attribution weights. We first run the model with
CLTs to get the sparse activations, then use attribution patching [32] to calculate
the attribution weights between each pair of features As→t = as ∇as

at, where
as and at are the activations of the source and target feature. (2) Aggregate across
token positions. ViTs have a large number of tokens (e.g ., 196 for ViT-B/16),
resulting in large circuits that are difficult for human to interpret. Therefore,
we aggregate the same feature over different token positions to one node by
summing up the associated edge weights. (3) Prune nodes and edges. To extract a
small, interpretable subgraph, we prune the nodes and edges by their importance
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Fig. 5: Comparison of faithfulness between SAE-based and CLT-based instance con-
cept circuits on CLIP, DINO and supervised ViT. We evaluate both methods on 50
randomly sampled classes from the ImageNet validation set. CLT consistently outper-
forms SAE in terms of faithfulness and completeness.

and then keep only the most influential ones. Concretely, we first filter nodes
with cumulative contribution to the logits above a threshold, then filter edges
with high influence to the remaining nodes. This yields a compact subgraph
that focuses on the paths most responsible for the model’s prediction. Fig. 4
demonstrates an example instance concept circuit and feature visualizations of
CLIP-ViT-B/32 on a “School Bus” image.

Faithfulness evaluation. We evaluate the faithfulness of instance concept
circuits. Specifically, we measure to what extent the concept circuit can preserve
the model’s behavior by performing intervention experiments.

Metrics. We use two standard metrics for measuring circuit faithfulness [12,
26, 32]: (1) Faithfulness: measures how well a concept circuit C captures the
behavior of the original model on a given metric m (e.g., class logits), defined
as m(C)−m(∅)

m(G)−m(∅) , where m(C) denotes the value of m when running the model with
all nodes outside of C mean-ablated, G is the full graph and ∅ is the empty
graph. (2) Completeness: measures how necessary the circuit is by evaluating
the faithfulness of G \ C. The lower the better.

Settings. We evaluate the faithfulness and completeness of instance concept
circuits on CLIP [43], DINO [8] and supervised ViT [14]. We randomly choose
50 classes from ImageNet [13] validation set. For each class, we evaluate the
instance concept circuit for this class by aggregating over all input images, and
report the average metrics across all classes. We also evaluate SAE baselines
with matched dictionary size and sparsity for comparison.

Results. We plot the faithfulness and completeness of instance concept circuits
with different number of nodes (Fig. 5). We find that CLT consistently outper-
forms SAE on both metrics across all models and graph sparsity. In particular, on
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Fig. 6: Automatic spurious correlation discovery on ViT-B/16. By analyzing global
weights and co-activation statistics, we identify three types of concepts. Spurious
concepts (red): concepts with high global weights but low co-activations. These con-
cepts are spurious correlations because they rarely co-occur with the target class but
are relied by the model. Non-discriminative concepts (yellow): concepts with high
co-activations but low global weights. Although these concepts frequently co-occur with
the target class, they are potentially shared by different classes, so the model doesn’t
rely on them to make predictions. Causal concepts (green): concepts with both high
global weights and co-activations. These discriminative concepts exclusively co-occur
with the target class so the model naturally learns to assign them high importance.

CLIP, CLT surpasses SAE by 24.4% on faithfulness and 22.1% on completeness
in average. This suggests that CLTs capture features that are more important to
original model’s computation, demonstrating the effectiveness of CLTs on finding
instance concept circuits.

4 Experiments

4.1 Automatic spurious correlation discovery

Takeaway: our global concept circuits enable automatic spurious correlation
discovery without human annotation.

Vision models have been shown to rely on spurious correlations [20,31,52,54], hin-
dering model’s generalization beyond training environments. Most prior work [1,
34, 42, 49] use explainability techniques and rely on human inspections to iden-
tify spurious correlations, which is not scalable. Different from existing methods,
our global concept circuit provides relations between features encoded inside the
model, enabling automatic spurious correlation discovery.

Method. Spurious correlations are features that the model relies on but rarely
co-occur with the target class in the unbiased environment. The model’s reliance
on a feature can be characterized by the edge weights in the global concept
circuit, and the co-occurrence frequency can be captured by the feature co-
activation statistics. We can thereby automatically discover spurious correlations
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with these two quantities. Concretely, given a ViT model F and its global concept
circuit G = (V, E), where nodes v ∈ V are concepts encodes in F and edges
(u→v) ∈ E quantify the relations between concepts, we automatically discover
spurious correlations learned by F in two steps:

1. Identify target concept. For a target class C, we first identify a target concept
t with top-influence to the logit of C.

2. Discover spurious concepts. For target concept t, we calculate its image-level
co-activation statistics with all source concepts on a dataset D of class C.
To avoid bias from a single dataset, we combine target class images from
ImageNet [13], LVIS [21] and Visual Genome [27] dataset to construct D.
The concepts spuriously correlated with C are those with low co-activations
but high global weights.

Results. Fig. 6 demonstrates example spurious correlations discovered by our
method. Specifically, we discover spurious correlations on ImageNet pretrained
ViT-B/16 for two classes: “Freight Car” and “Hummingbird”. We find that spuri-
ous correlated concepts discovered by our method (“graffiti” for “Freight Car” and
“bird feeder” for “Hummingbird”) align with those found by previous work [34].
Moreover, we also identify causal concepts (frequently co-activate and model
relies on) and non-discriminative concepts (frequently co-activate but model
doesn’t rely on), validating the effectiveness of our method.

4.2 Spurious correlation removal

Takeaway: CLT-based instance concept circuits exhibit superior steering ca-
pability in spurious correlation removal.

Table 2: Steering accuracy on Water-
bird [46] dataset. Our method achieves
the best steering accuracy on the worst
group (waterbirds on land, where the
land background is the spurious fac-
tor).

Landbirds
on Land

Waterbirds
on Land

Original 0.98 0.48
SpLiCE [4] 0.97 0.60
SAE 0.99 0.53
BatchTopKSAE 0.97 0.56
Random 1.00 0.22
Ours 0.95 0.71

Apart from discovering spurious correla-
tions, we also want to remove spurious
correlations learned by a pretrained model
to make it more robust. Existing meth-
ods, such as SpLiCE [4], only intervene
on the representations of the last layer,
hindering the steering power. Although
SAEs can intervene on intermediate lay-
ers, it may not faithfully capture the re-
lations between concepts. In this section,
we demonstrate CLT-based instance con-
cept circuit’s superior steering capability
in spurious correlation removal.

Settings. We test the instance concept circuit’s steering capability on the Water-
Birds dataset [46], which spuriously correlates bird categories with background
(e.g., landbirds with land background) and results in trained classifiers perform-
ing poorly on less representative groups (e.g., waterbirds on land background).
We use CLIP-ViT-B/32 as the backbone model.
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Method. Given a trained linear probe on the last layer representations of CLIP-
ViT-B/32, we remove the spurious correlations with CLTs using a simple, au-
tomated strategy. Specifically, we first discover the instance concept circuit on
training images with water and land background, namely Cwater and Cland, re-
spectively. Intuitively, Cwater and Cland both contain features for identifying bird
species, which is Cwater ∩ Cland. We then intervene the trained linear probe by
mean-ablating all features in (Cwater ∪ Cland) \ (Cwater ∩ Cland), which contains
background cues, when running the model.

Results. Following SpLiCE [4], we report accuracies on two groups: landbirds
on land and waterbirds on land (worst group). We compare our method with
SpLiCE [4], SAE [5] and BatchTopKSAE [6]. For SAE and BatchTopKSAE, we
control the same dictionary size, sparsity, and use the same method as CLTs for
fair comparison. To demonstrate that the performance gains come from correctly
identifying spurious concepts, we ablate a same number of randomly selected
concepts from the highly activated concepts. As shown in Tab. 2, our method
significantly boost the worst group accuracy by 23%, while SAE only results
in 5% improvement. Compared to SpLiCE, which manually removes concepts
related to land background (e.g., “bamboo”, “forest”), our method achieves better
performance with automated concept selection strategy, highlighting the concept
circuit uncovers concept flows that are faithful to model behavior.

4.3 Model comparison

Takeaway: our global concept circuits reveal how variant supervision
paradigms shape ViT’s internal representation structure.

Different supervision paradigms yield noticeably different model behaviors. For
example, contrastive language–image pretraining (e.g., CLIP [43]) exhibits strong
generalization ability while self-supervised objectives (e.g., DINO [8]) transfer
well to dense prediction tasks. This raises a natural question: can we understand
how a supervision paradigm shapes a model’s behavior by inspecting its internal
mechanisms, rather than only comparing downstream accuracy? Our global con-
cept circuit provides a direct lens into this question by revealing how each model
organizes and routes concept-level information flow, allowing us to relate behav-
ioral differences (e.g ., robustness or task specialization) to concrete structural
differences in their global concept circuit topology.

Method. The global concept circuit comprises of thousands of concepts and
dense interactions between them, making it difficult to analyze. We thus ag-
gregate the global edge weights by layers, resulting in a simplified graph whose
node set is the set of layers. This allows us to study how information flow be-
tween layers and analyze the structural differences of vision foundation models.
In addition to the layer-level concept circuit, we also extract the subgraph of a
specific class using the method described in Sec. 3.2 to verify our observations.
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Self-supervision leads to dense interaction in shallow & mid layers

ImageNet-supervision leads to interaction between adjacent layers 

Contrastive learning leads to dense interaction in deep layers
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Fig. 7: Comparison of global concept circuits between CLIP, DINO, and ImageNet-
supervised ViT-B/16. Left: distributions of global edge weights aggregated by layers.
Right: example of global concept circuits for the “Cat” class. Contrastively-learned
CLIP exhibits dense deep layer connections, resulting in strong generalization ability;
self-supervised DINO shows strong connections primarily in shallow and middle lay-
ers, thus transfers well to dense prediction tasks; ImageNet-supervised ViT has more
adjacent layer interactions, leading to early development of abstract concepts.

Results. Fig. 7 shows the comparison between CLIP [43], DINO [8], and ImageNet-
supervised ViT-B/16 [14]. From the layer-level concept circuits and the sub-
graphs of the “Cat” class, we have the following observations: (1) CLIP has dense
interactions in deep layers, with relatively weak mid-layer connections. This im-
plies that CLIP mainly relies on high-level concepts in deep layers, aligning with
prior observations that CLIP embeddings are strongly aligned with language
and have strong generalization capability [43] (2) DINO shows strong connec-
tions between shallow and middle layers, focusing on low-level concepts such as
colors and textures. This explains DINO’s strong performance as a dense pre-
diction backbone [8]. (3) ViT relies mainly on adjacent-layer information and
shows gradual feature evolution, meaning that for easy classes, ViT can encode
the information of those classes before reaching the final layer (e.g., the “cat”
concept in layer 8 in Fig. 7). This is consistent with prior findings that ViTs can
classify many classes without using all layers [50].

5 Related Work

Interpretable machine learning (IML) A large body of IML work ex-
plains vision models by attributing predictions to inputs or intermediate signals.
Prominent families include gradient-based saliency and class-activation meth-
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ods [47, 48, 58], perturbation- and occlusion-based importance [17, 18, 41], and
example-based explanations [9, 24, 56]. Other widely used tools provide local
surrogate or feature-importance explanations [29, 45]. These approaches are of-
ten effective for highlighting where evidence lies in an image or which inputs
matter, but they typically provide limited insight into how internal representa-
tions compose and interact across layers, leaving much of the model’s mechanism
opaque. In contrast, our work tries to open the black box by reading interpretable
concept circuits that faithfully capture the model behavior.

Concept-based interpretability Concept-based methods aim to explain pre-
dictions using human-meaningful concepts rather than raw pixels or individual
neurons. Common approaches include concept bottleneck models [25, 35, 53],
aligning latent dimensions with predefined concepts [11,36,57], and testing sen-
sitivity to user-defined concept directions [23,55]. More recently, Sparse Autoen-
coders (SAEs) [5,19,22,28,44] have been used to decompose polysemantic activa-
tions into sparse, often more interpretable, model-native features, enabling down-
stream analyses such as feature-level attribution and circuit discovery [12,26,32].
However, SAE-based pipelines typically emphasize instance-dependent behav-
ior [15] and recovering a reliable global picture of feature interactions often
requires expensive dataset-scale attribution and aggregation. In contrast, our
approach uses CLTs to recover a concept graph directly from learned, input-
invariant weights, while still supporting instance-level circuit extraction.

Mechanistic interpretability Mechanistic interpretability seeks to reverse
engineer neural networks into human-understandable algorithms by analyzing
weights, features, and circuits [3, 12, 16, 33, 38]. Early work on circuits in vision
and language models demonstrated that specific behaviors can be implemented
by sparse computational subgraphs [7, 37], and more recent methods automate
circuit discovery via attribution patching and related techniques [26, 30]. Our
work follows this bottom-up perspective, but focuses on extracting concept-level
circuits in ViTs using CLTs, yielding both instance and global concept circuits
that can be used for auditing shortcuts and comparing models.

6 Conclusion

We presented a CLT-based framework for reading concept circuits from Vision
Transformers, turning the residual stream into sparse, interpretable concepts
and exposing how these concepts interact across layers. Central to our approach
is a two-level view: a global concept circuit that summarizes input-invariant
concept-to-concept structure encoded in the model’s parameters, and instance
concept circuits that reveal the active concepts and pathways used for a par-
ticular prediction. We showed that this representation is not only interpretable
but also useful: global circuits enable scalable auditing and principled compar-
isons across models trained with different supervision paradigms, while instance
circuits support fine-grained diagnosis and targeted interventions.
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Limitations: CLTs primarily capture MLP pathways and only indirectly reflect
attention structure, concept interpretation requires human inspection, and our
global graphs do not fully capture causal relations.
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