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Abstract

Dataset bias, where data points are skewed to certain concepts, is ubiquitous in ma-
chine learning datasets. Yet, systematically identifying these biases is challenging
without costly, fine-grained attribute annotations. We present ConceptScope, a
scalable and automated framework for analyzing visual datasets by discovering and
quantifying human-interpretable concepts using Sparse Autoencoders trained on
representations from vision foundation models. ConceptScope categorizes concepts
into target, context, and bias types based on their semantic relevance and statistical
correlation to class labels, enabling class-level dataset characterization, bias identifi-
cation, and robustness evaluation through concept-based subgrouping. We validate
that ConceptScope captures a wide range of visual concepts, including objects,
textures, backgrounds, facial attributes, emotions, and actions, through compar-
isons with annotated datasets. Furthermore, we show that concept activations
produce spatial attributions that align with semantically meaningful image regions.
ConceptScope reliably detects known biases (e.g., background bias in Water-
birds [59]) and uncovers previously unannotated ones (e.g, co-occurring objects in
ImageNet [12]), offering a practical tool for dataset auditing and model diagnostics.
The code is available at https://github.com/jjho-choi/ConceptScope.

1 Introduction

(a) Discovering and categorizing concepts (b) Characterizing datasets via concept distribution
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Figure 1: Overview. Visual concepts are unevenly distributed in image datasets, e.g., many images
labeled as sea turtle are taken at the beach. (a) Our framework ConceptScope discovers and
categorizes presenting visual concepts into target, context, and bias concepts based on a Sparse
Autoencoder (SAE)-based concept dictionary. (b) We characterize datasets by averaging activation
of each concept across the training set, where brighter elements indicate stronger concept presence.

Large-scale datasets have significantly driven recent breakthroughs in artificial intelligence, partic-
ularly in large language models and vision-language foundation models, as described by scaling
laws [26]. Alongside increasing dataset sizes, recent studies have highlighted the importance of
careful dataset curation. For instance, curated subsets of data have demonstrated favorable perfor-
mance compared to larger, less carefully constructed datasets [20]. However, there is currently no
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systematic framework for designing effective datasets. In practice, researchers must train models on
multiple curated versions of a dataset using a fixed training protocol and compare their performances,
making the process both resource-intensive and indirect.

One critical aspect influencing dataset quality is the diversity and distribution of visual concepts,
defined as recurring patterns such as colors, objects, and textures. Since datasets are collected and
filtered according to specific human criteria, they inevitably encode inherent biases. For example,
as shown in Fig. 1, approximately 75% of images labeled as leatherback sea turtle in Ima-
geNet [12] are captured on beaches, while only 15% are taken underwater. Models trained on such
a biased dataset often generalize poorly when test images deviate from these dominant patterns,
such as failing to recognize sea turtles without beach backgrounds. Recent research [75, 41] further
shows that these biases also exist in large-scale visual datasets, including YFCC [66], CC [7], and
DataComp [20], to the extent that a simple classifier can easily distinguish among datasets.

Curating datasets to mitigate such biases requires a comprehensive understanding and quantification
of the distribution of visual concepts. Existing approaches typically rely on manual annotation to
quantify visual concepts within large-scale datasets, but this process is costly and impractical [38, 30].
Vision-Language Models (VLMs) [39] have recently emerged as scalable tools for automatically
generating descriptions of visual content. However, because these captions are expressed in natural
language, they often vary in granularity and use different synonyms to describe the same content.
This inconsistency makes it difficult to extract structured and meaningful visual concepts from
VLM-generated captions, often requiring additional human intervention [6] or extensive prompt
engineering [45], both of which present significant practical challenges.

In this paper, we introduce ConceptScope, a framework for analyzing visual datasets through the
distribution of visual concepts, designed for image datasets with class labels (Fig. 1). ConceptScope
operates in two stages: First, it constructs an interpretable concept dictionary by training Sparse
Autoencoders (SAEs) [10] on image representations from vision foundation models [37]. SAEs
disentangle dense representations into a sparse set of human-interpretable concepts, enabling scalable,
unsupervised concept discovery without manual annotation. Second, ConceptScope characterizes
the dataset by measuring each concept’s semantic relevance and co-occurrence frequency with every
class, and grouping them into three categories (Fig. 1 (a)): (1) rarget, essential for recognizing
the class (e.g, the body or shell of a sea turtle); (2) context, frequently co-occur with the class
but are not necessary for recognition (e.g., beach, underwater, or forest backgrounds); and (3)
bias, a subset of context concepts that are class-agnostic but exhibit strong statistical correlation
with specific classes (e.g., the prevalence of beach scenes for images labeled as sea turtle). By
analyzing the distributions of these categorized concepts, ConceptScope provides class-level dataset
characterizations (Fig. 1 (b)) that enable bias identification and robustness evaluation.

Through extensive experiments, we show that our method captures a broad range of visual concepts,
including objects, textures, backgrounds, facial attributes, emotions, and actions. We further demon-
strate that the spatial attributions derived from SAEs aligned closely with ground-truth segmentation
masks. Moreover, ConceptScope reliably identifies known dataset biases (e.g., background bias in
Waterbirds [59]) and uncovers previously unannotated ones (e.g., cultural biases or co-occurring
objects in ImageNet [12]). Finally, we highlight its practical utility for evaluating model robustness by
identifying out-of-distribution samples and quantifying the resulting degradation in model accuracy.

Our contributions are summarized as follows:

1. We introduce ConceptScope, a framework that systematically extracts visual concepts, catego-
rizes them based on their relevance to target classes, and quantifies their distributions.

2. We empirically validate SAE activations as effective, interpretable concept extractors.

3. We demonstrate the practical utility of ConceptScope for detecting dataset biases and evaluating
model robustness by grouping test samples into subsets having distinct concept distributions.

2 Related Work

Analyze vision dataset. A key line of research aims to comprehensively characterize visual datasets.
Early works summarized datasets by analyzing local image patches [13, 57] or by selecting representa-
tive images [67]. With the advent of VLMs [39], more recent methods have leveraged VLM-generated
captions to provide deeper insights. Some approaches summarize datasets by aggregating captions to
highlight overall characteristics [15, 75], but they do not provide detailed, sample-level statistical



analyses of visual concepts. Other works treat captions as pseudo-labels for visual attributes, but
typically rely on manually curated attribute lists [6] or extensive LLM-based prompt chaining to
extract and assign attributes [32, 45]. Even after these labor-intensive steps, attributes may still be
missing or inconsistently captured unless prompts are carefully crafted [8]. Our work addresses these
limitations by automatically discovering semantically meaningful concepts and quantifying their
sample-level distributions using SAEs.

Bias identification via model behavior. Several studies detect model bias by analyzing failures on
test samples. These approaches segment test samples into subgroups with low performance and then
assign semantic labels to the resulting clusters using cross-modal embeddings [17] (e.g., CLIP [54])
or generated captions [73, 28]. However, such methods identify dataset bias only indirectly, through
downstream model behavior. If the training data is biased (e.g., birds frequently co-occurring
with ocean backgrounds) but the test set lacks bias-conflicting examples (e.g., birds without ocean
backgrounds), these methods cannot detect the underlying bias in the training data or the model’s
reliance on it. More importantly, they do not directly inspect the training data and thus cannot
determine which training samples contain bias-inducing features or how prevalent those features are.
Another line of work identifies biases by inspecting neuron activation maps that highlight image
regions unrelated to the target objects [48, 63, 51]. However, these methods depend on manual
annotation to distinguish between target-related and unrelated regions, limiting scalability. In contrast,
our method operates fully automatically without requiring human intervention.

Sparse Autoencoders (SAEs) for interpretability. SAEs have recently emerged as a powerful tool
for interpreting the internal mechanisms of deep learning models [10]. Unlike earlier approaches [52,
19, 2] that attempt to interpret individual network neurons, which often encode multiple meanings,
SAEs extract latent concepts that are monosemantic and thus more interpretable [16]. Following their
success in large language models [10], SAEs have been applied to vision models for interpreting
classification decisions [55], explaining model adaptation [37], and analyzing diffusion models [64,
27]. Our work differs from these approaches in its primary focus: rather than interpreting model
behavior, we leverage SAESs to characterize visual datasets. By disentangling visual representations
from strong vision encoders such as CLIP [54] into clearly interpretable concepts, ConceptScope
provides a robust foundation for understanding dataset composition and uncovering inherent biases.

3 ConceptScope: A Framework for Characterizing Datasets

In this section, we present ConceptScope, a framework for analyzing image classification datasets
through the distribution of interpretable visual concepts. ConceptScope operates in two stages: (1)
constructing a concept dictionary by extracting human-interpretable visual concepts by training
Sparse Autoencoders (SAEs) on representation from a vision foundation model, and (2) categorizing
these concepts into target, context, and bias types for every class, based on their semantic relevance
to the class label and their frequency of occurrence in images of that class. We begin by defining
the concept types and formalizing the problem setting in §3.1, then describe the construction of the
concept dictionary in §3.2, and finally explain the class-wise concept categorization process in §3.3.

3.1 Problem formulation
Consider an image classification dataset D = F(x;; yi)gl\.;, where each input X; 2 X is an image

denote a set of visual concepts representing recurring visual patterns such as colors, shapes, textures,
backgrounds, and objects. For each class y 2 Y, we categorize concepts into three types: farget,
context, and bias.

Target concepts. For a class y, the target concepts Ty C contains features that are both essential
and distinctive for identifying y (e.g., turtle shell and turtle head for sea turtle). Their
absence substantially hinders the correct classification of an image as belonging to the class.

Context concepts. For a class y, any non-target concept ¢ 2 C n Ty is considered a context concept.
These concepts co-occur with y but are not required for correct classification as long as the target
concepts are present. For example, in an image of a sea turtle on a beach, the sandy environments
and the ocean background are context concepts for the sea turtle class.



Figure 2:ConceptScope. (a)Ve train an SAE an¢b) construct a concept dictionary to specify the
semantic meaning of each latent through reference images with segmentation masks and generated
textual descriptions(c) We compute class-concept semantic alignment scordd@nchtegorize
concepts intdarget and contextconcepts.(e) We further distinguish context concepts above a
threshold concept strength (activation valuep&s concepts.

Bias conceptsFor a clasy, a bias concept is a context concept that disproportionately co-occurs
with y in the dataset. For example sandy environments appears far more frequently in images
of sea turtle than other backgrounds suchasean or tropical scenes |, thenitis considered

the bias concept of that class.

Given these de nitions, the goal of ConceptScope is as follows:

1. Concept dictionary construction: Identify a set of interpretable visual concefits
2. Concept categorization: Categorize each concept as target, context, or bias for each class.

We describe the concept dictionary construction procedure in the next section, followed by the
class-wise categorization process.

3.2 Constructing a concept dictionary using Sparse Autoencoders

Constructing a concept set with both broad coverage and appropriate granularity is challenging, as it
requires exhaustively identifying semantically meaningful visual patterns across large datasets—a
process that is labor-intensive, subjective, and prone to omission. To address this, we adopt SAEs as
scalable concept extractors that automatically discover interpretable visual concepts without manual
supervision. We train an SAE on representations from a strong vision encoder, such as CLIP vision
transformers (ViT) p4] (Fig. 2 (a)), and interpret the learned concepts by examining their maximally
activating images and identifying the shared visual patterns they capture (Fig. 2 (b)).

Architecture of SAEs and training. SAEs consist of a linear encoder and a decoder with a non-
linear activation function0]. Given an input image&, we rst extract intermediate-layer token
embeddingg = fz1;2,;:::;29 from a pretrained ViT, wherg, 2 RY is a patch-level token
embedding] is the token length (the number of patches plus one class (CLS) tokeny iand

the embedding dimensionality of the ViT. We train SAEs to reconstruct each of the input token
embeddingz through a sparse representation:

f(2)= (Wa@); SAE@Z) = Wi (2); (1)
whereWene2 R? 9 andWgec 2 RY 9 are the encoder and decoder weight matrices, respectively
and is ReLU activation function [37]. The SAE latent dimensidfis set signi cantly larger than
d, using a large expansion factor (e.g, 16 or 32). We optimize the SAE by minimizing a combination
of a reconstruction loss and, sparsity penalty:

L =jiz SAE@)ji5+ iiziiu 2)
where the controls the degree of sparsity in the latent representation (Fig. 2 (a)). We utilize the

pretrained CLIP-ViT-L model with a patch size of 14 and train the SAE using ImageNetAK [
Further implementation and training details are provided in the Appendix §B.1.

Quantifying concept activations. After training, the SAE provides ne-grained quanti cation of
concept activations at both patch and image levels. Each row of the decoder weight\Whgatrix



corresponds to a linear representation of a learned concept, while the encodef ¢zpapresents

the activation strength of each concept for a patch embeddimfese patch-level activations can be
visualized as coarse segmentation masks, localizing concepts within images (84.2). For image-level
analysis, we aggreggte patch-level activations by averaging the encoder outputs across all patch
tokens: i.e.f (z) = % 2221(2i);f(2) 2 RY. The scalar valué(z). then represents the overall
activation strength of concepffor the image.

Interpreting learned concepts.To interpret the semantics of each latent, we collect the top-activating
images per concept and extract their corresponding segmentation masks, following the procedure
introduced in Lim et al[37]. We then use multimodal large language models (GPT-40) to generate
short natural language descriptions from these visual inputs (Fig. 2 (b)). More examples are illustrated
in Fig. 6. It is worth noting that this annotation step is fully automated, except for light prompt tuning,
and intended purely for human interpretability. The generated descriptions are not used in the concept
categorization procedure described in 83.3. In Appendix B.2, we provide further details, including
prompts, implementation speci cs, and an evaluation of annotation quality.

3.3 Categorizing concepts as target, context, and bias

After building the concept dictionary, we categorize concepts for each class. Given a labeled dataset
of (image, class) pairs, we rst computeciass—concept alignment scomghich measures how
representative a concept is of a class and how essential it is for recognizing that class (Fig. 2 (c)).
Based on this score, we separate concepts into target and context categories (Fig. 2 (d)). We then
further divide the context concepts into bias and non-bias categoriesagsiogpt strengthwhich
measures how frequently and con dently a concept appears within a class (Fig. 2 (e)).

Separating target and context concepts via alignment score3o distinguishtarget from context

of learned concepts. For each concgptre compare the model's prediction con dence under three
conditions: (1) using all concep (2) excludinge (C n fcg), and (3) using only (f cg). We obtain
the setC n fcg by masking out the spatial attributionf ¢ from the imagex (x (1 m¢(x))), and

f cg by keeping only concept regiom ( mc(x)).

We formalize this comparison with two metriasecessityN (c; y) andsuf ciencyS(c;y). Necessity
measures the drop in prediction con dence whendhe removed (i.e., case (1) vs. (2)), while
suf ciency measures the retained con dence when anfgmains (i.e., case (1) vs. (3)) (Fig. 2 (c)):

1 X P(yjx) 1 X Pyjx mex)
N(CY) = —— _ D SCY) = —— - 7. 3
(c) Xyl ox, Pyix @ me(x) ©) Xyl ox, P(yjx) )

whereXy is the set of images belonging to clas® (y j x) is the model's con dence for clags
givenx, computed as the cosine similarity between the CLIP text embeddingodfl the image
embedding ok, m¢(x) is the binary mask for conceptand denotes element-wise multiplication.

We combine the necessity and suf ciency metrics into a single alignment se(ogy) =
NCew)*S(ey) - A concepte is labeled agarget if A(c;y) alon 4 gl and ascontext

otherwise (Fig. 2 (d)). Here, 39" and 39" are the mean and standard deviation of alignment
scores for clasg, and is a threshold factor. In Appendix B.3, we provide further details, empirical
validation, and illustrative examples (Fig. 7).

Distinguishing bias and context concepts via concept strengtie measure concept prevalence
using the SAE encoder outpiufz) (83.2), which is non-negative by design. For each concepe
de ne its concept strengtfor classy as the average activation across all sampl2sZ, belonging

to classy: i.e.,fcy = avg,z, (f (2)c). A high concept strength indicates that this frequently
and con dently associated with the clags After excluding the target conceply, we compute
the mean &%, = avg.(foy) and standard deviatiorfsy, = stdo(fce,y ) of concept strengths for
all remaining context concept82 C n T,. We classifyc as abias concept if its strength exceeds

one standard deviation above the mefay (& + & ); otherwise we classify it as a non-bias
context concept (Fig. 2 (e)).

2We validate the accuracy of these spatial attributions in §4.2.



Table 1:Performance comparison for concept prediction We compare our SAE-based method in
ConceptScope with generated caption-based (BLIP-2, LLaVA-NeXT) methods and show that our
proposed approach outperforms the baselines. We use six labeled datasets and report class-wise
binary classi cation accuracy if; and AUPRC, averaged across classes. Values represent the mean
and standard deviation across classes.

Method Metric  Caltech101[18] DTD[9] Waterbird [59] CelebA[43] RAF-DB[36] Stanford40 [72] | Average
(Objects) (Textures) (Backgrounds) (Facial Attr.)  (Emotions) (Actions)

BLIP-2 [35] F1 0.64 o35 0.38 o025 0.37 o010 0.27 024 0.24 017 0.66 o.18 | 043

LLaVA-NeXT [34] F; 0.61 o35 0.40 o021 0.57 012 0.62 024 0.45 o018 0.80 o.16 | 058

ConceptScope F1 0.83 021 0.57 o020 0.78 o.07 0.81 011 0.55 o018 0.78 0.13 0.72

(SAE) AUPRC 0.89 0.19 0.57 o023 0.83 o0.09 0.85 013 0.59 o021 0.82 o015 0.76

Analyzing class-wise concept distributionsBy analyzing the distribution of target, context, and

bias concepts, ConceptScope allows practitioners to evaluate the diversity and dominance of visual
concepts for each class. Speci cally, the distribution of target concepts re ects the range of visual
appearances and prototypical features that de ne the class, while variation among context concepts
captures the diversity in backgrounds and co-occurring objects (Fig. 8, Fig. 9). The concept strength
of bias concepts highlights the dominance of spurious patterns, revealing potential shortcuts a model
may exploit during training (85).

4 Sparse Autoencoders are Reliable Concept Extractors

In this section, we verify that SAEs capture a diverse set of visual concepts and that their activation
values are reliable indicators of concept presence. We rst evaluate the predictive capability of SAE
latent activations through binary attribute classi cation in 84.1. Subsequently, we assess the accuracy
of segmentation masks derived from SAE activations in 84.2.

4.1 Evaluating concept prediction performance

Tasks. We perform binary attribute classi cation to validate that SAE activations accurately re ect

the presence of visual concepts. Evaluation is conducted across six annotated datasets covering
diverse visual attributes: Caltech1Q1] (objects), DTD P] (textures), Waterbird39] (backgrounds),

CelebA R3] (facial attributes), RAF-DB 36] (emotions), and Stanford40 ActiongZ (actions).
Additional dataset details are provided in Appendix §C.1.

Methods. For each test sample, we obtain the image-level activation val@<2 RY’ and treat them

as unbounded con dence scores for concept presence. For each target attribute, we identify the most
relevant latent dimension from the training split that maximizes the Area Under the Precision—Recall
Curve (AUPRC), and determine the prediction threshold that maximizds;tkeore. We reported
AUPRC, theF; score, precision, and recall as nal metrics.

Baselines.Recent approachesy, 32] use VLMs to generate captions and apply extensive prompt
chaining with LLMs to assign attribute labels. To minimize dependence on LLMs, we implement a
simpli ed caption-based baseline: for each generated caption, we query an LLM to decide whether
it implies the presence of the target attribute. We evaluate two state-of-the-art open-source VLMs,
BLIP-2 [35] and LLaVA-NeXT [34], and report theifF; scores, precisions, and recalls for direct
comparison with our SAE-based results. The details of baselines are provided in Appendix 8C.2.

SAE captures diverse visual conceptsis shown in Table 1, SAE outperforms baselines, achieving
anF; of 0:72and AUPRC of0:76 with low variation across four random seeds (std. 0.01). Caption-
based methods (BLIP-2, LLaVA-NeXT) perform worse due to linguistic variability, often using
generic terms (e.g., simplifying “dotted pattern” with “pattern”). In contrast, SAE directly encodes
visual concepts through latent features, consistently outperforming baseline methods across diverse
visual attributes. Additional metrics are reported in Table 6, precision—recall curves are shown in
Fig.10, and representative failure cases of caption-based methods are illustrated in Fig.11.

SAE activation is highly correlated with concept presenceWe further evaluate whether SAE

activation strength re ects the degree of the presence of visual concepts. To this end, we treat the
similarity between CLIP image embeddings and textual embeddings of class labels as pseudo-ground
truth and assess their correlation with the image-level SAE activation values. Table 7 summarizes



Figure 3:SAE provides reliable segmentation masksQuantitative and qualitative comparisons of

SAE spatial attribution (ours) with attention map-based approaches from BL3E}-2rid LLaVA-

NeXT [34] on ADE20K [77]. We report the Area Under Precision-Recall Curve (AUPRC) of
segmentation masks. SAE results are averaged over four models trained with different random seeds,
yielding a standard deviation of 0.002. Error bars indicate the standard deviation across 150 classes.

the Pearsonr and Spearman § correlation coef cients across the six attribute-labeled datasets.
We observe consistently strong correlations(0:71, = 0:65), con rming that SAE activations
reliably re ect visual concept presence. Further details are provided in Appendix §C.4.

4.2 Evaluating concept localization

Tasks. Since we utilize the spatial attribution of SAE activations to distinguish between target
and context concepts, we evaluate the localization accuracy of these activations. Speci cally, we
conduct binary segmentation experiments on the ADEZ0Kdataset, a widely-used benchmark

with pixel-level annotations across 150 semantic categories (e.g., people, animals, sky, and buildings).
Evaluation is conducted on 2,000 images from the ADE20K validation set.

Methods. We use patch-level SAE activation for a conceft(z). (83.2) as coarse segmentation
masks, and normalize the value into a rangfOpf]. We discretize these continuous-valued SAE
activations at varying thresholds and measure AUPRC. Following the approach in 84.1, we assign
each latent to the class for which it achieves the highest AUPRC on the training split.

Baselines. We compare against attention maps derived from VLMs, as they provide spatial lo-
calization with respect to textual input. Speci cally, we use BLIP3Z|[and LLaVA-NeXT [34],
state-of-the-art VLMs evaluated in 84.1. We obtain the attention maps by taking the max value across
heads and averaging across layers of self-attention weights of image tokens.

SAE generates reliable segmentation maskgig. 3 compares the segmentation performance of
SAE with attention-based masks from LLaVA-NeXT and BLIP-2. SAE achieves the highest AUPRC
(BLIP-2: 0.098, LLaVA-NeXT: 0.302, Ours: 0.399), performing particularly well on large regions
(e.g., “lake”), where activations closely match ground-truth masks. In contrast, LLaVA-NeXT maps
contain noise, and BLIP-2 maps include irrelevant activations. Moreover, SAE ef ciently produces
segmentation masks for all concepts simultaneously in a single forward pass, whereas the VLM-based
methods require specifying each target class and multiple inference passes per image. Although
performance drops for small objects due to cod&e 16resolution, SAE still localizes them reliably

(e.g., the “bottle” example in Fig. 3), supporting its use for computing alignment scores in 83.3.

5 ConceptScope for Dataset and Model Bias Analysis

In this section, we demonstrate the capability of ConceptScope to discover dataset biases. We rst
perform quantitative evaluation on datasets with annotated bias attributes and show that our approach
accurately detects known biases (e.g., background bias from Wate®8§is[85.1. We then extend

our analysis to real-world datasets such as ImageNettPK Food101 §i], and SUN397 ¢9], where

bias attributes are not explicitly annotated, revealing previously unrecognized biases in §5.2. Lastly,

we show an application of ConceptScope for diagnosing model robustness under concept distribution

shifts in 85.3



Figure 4:ConceptScope discovers dataset biasédle discover(a) known andb) novel biases from
bias attribute annotated and unannotated datasets, respectively. The top row of each panel shows
biasalignedexamples, and the bottom row shows exampli#soutbias attributes.

Table 2:ConceptScope outperforms training-based baselines in bias discoveffgrecision@.0).
For NICO++, values in parentheses represent bias severity levels, with higher values indicating
stronger correlations between classes and spurious attributes in the training dataset.

Method Waterbirds [59] CelebA[43] Nico++(75)[76] Nico++ (90)[76] Nico++ (95)[76]
DOMINO [17] 90.0% 87.0% 24.0% 24.0% 24.0%
FACTS [73] 100.0 % 100.0% 55.0% 60.8% 61.0%
ViG-Bias [46] 100.0% 100.0% 60.0% 66.7% 65.0%
ConceptScope (Ours) 100.0% 100.0% 72.9% 73.1% 74.0%

5.1 Detecting known biases

Tasks. We evaluate our framework on the bias discovery task introduced by Yenamandra et al.
[73]. In this setup, each class in the training set is associated with a distinct spurious attribute,
such as a background scene. At test time, images of a targeydasslivided into subsets, each
characterized by a visual attribute spuriously correlated with a different gasghe goal is to
correctly identify the spurious attribute associated with each subset. Performance is measured using
Precision@0[17], where we retrieve the top 10 most strongly associated with the candidate attribute
and compute the proportion that indeed contain the ground-truth spurious attribute. We conduct
experiments on three widely used benchmarks: Celel3p Waterbirds §9], and NICO++ [7€].
Example images are shown in Fig. 4 (a). Details regarding datasets and evaluation protocols are
provided in Appendix 8D.1.

Methods and baselinesOur approach rst identi es bias concepts within each training class. For
each class, we extract SAE latent activations corresponding to the bias concepts from other classes
and retrieve the top 10 images with the highest activations from the test set. We compare ours against
three baselines: DOMINQL[/], FACTS [73], and ViG-Bias §6]. Further details regarding baselines

are provided in the Appendix 8D.3.

ConceptScope accurately detects known dataset bias@sble 2 shows that our proposed frame-
work achieves state-of-the-art performance on the bias discovery task, substantially outperforming
existing baselines. Reported results of ConcepScope are averaged over four independently trained
SAEs, with a standard deviation below 0.02, con rming the robustness of our approach. Unlike
baseline methods that rely on classi er training and failure-mode analysis, ConceptScope directly
uncovers bias concepts from the structure of the training dataset. Moreover, once the SAE is trained,
it can be applied to analyze biases in other datasets without retraining, leveraging the strong trans-
ferability of SAEs B7]. Finally, our method provides localization of spurious attributes through
segmentation masks, clearly highlighting the input regions responsible for the bias activation (Fig. 12).

5.2 Discovering novel biases in the wild

Biases in real-world datasetslUsing our framework, we discover previously unrecognized biases in
real-world datasets. As shown in Fig. 4 (b), we identify various types of biases across ImageNet-1K
and SUN397. We detect unexpected object associations (e.g., “necklaces” frequently appearing with
“mannequins”), cultural biases (e.g., the class “bridegroom” correlated with “East Asian cultural” con-



Figure 5:Diagnose model robustness. (a)/e divide test data into four subgroups (1-4) by comparing

its concept strength (high or low) to the training distribution: (h, h), (h, I), (I, h), and (I, I) for target
and bias conceptgb) We use ImageNet-1K (IN) and ImageNet-Sketch (IN-S) for the analysis and
observe groups (1) & (2) are the majority in both datasets, and their group-wise accuracy of 34
pretrained vision models (e.g., ResNet, ViTs) shows a consistent tendency: from group (1) to (4) in
descending ordefc) Example images categorized in each subgroup for class “hippo”.

texts), and location-speci ¢ biases (“ice skating rink” correlated with “New York City”). Additional
examples, including those from the Food101, are shown in Fig. 13, with further details provided

in Appendix 8D.5. Across these datasets, the average number of bias concepts per class is 2.45,
indicating that ConceptScope effectively captures multiple biases within a single class (Fig. 7).

5.3 Diagnosing Model Robustness

In this section, we demonstrate the application of our proposed framework, ConceptScope, as
a diagnostic tool for model robustness against concept distribution shifts. Model robustness is
typically evaluated by measuring the performance drop on distribution-shifted test sets, such as from
ImageNet 2] to ImageNet-V2 H6] or ImageNet-Sketchgg]. However, in many domains (e.g.,

food or scene classi cation), such curated out-of-distribution (OOD) benchmarks are unavailable,
and constructing them manually can be both costly and time-consuming. ConceptScope provides
a complementary approach that enables robustness assessment directly within the original test set,
without requiring additional OOD datasets.

Approach. Using target and bias concepts identi ed by ConceptScope, we partition the test set of
each class into four subgroups: (1) high target-high bias, (2) high target-low bias, (3) low target-high
bias, and (4) low target-low bias (Fig. 5 (a)). A test sample is classi ed as having “high” concept
strength if its activation exceeds the average activation of that concept across all training images
in the corresponding class. These groups can be interpreted as forming a spectrum of distribution
shift. Group 1 represents the most typical setting seen during training, where both the target and bias
concepts co-occur. In contrast, Group 4 represents a more unusual or outlier scenario, where neither
the target nor the bias concepts are present, posing a stronger generalization challenge for the model.

Experimental setup. We compute concept distributions from the training split of ImageNet-1K, then
partition the ImageNet validation set and the ImageNet-Sketch test set into distinct groups accordingly.
We subsequently evaluate and compare model accuracy across these groups across 34 model weights
trained on ImageNet-1K, including diverse architectures such as &2 ResNet P3|, and
Transformer-based models [14]. The complete list of models is provided in Appendix SE.

Key ndings. In Fig. 5 (b), the y-axis represents subgroup accuracy (with the four groups shown
in different colors), and the x-axis indicates the average accuracy across all four subgroups. Each
vertical line corresponds to a single model, with four colored dots representing that model's accuracy
on each subgroup. Among the 34 models evaluated, ConvNeXt-Lafyaghieves the highest
average accuracy and is shown on the rightmost line (in both ImageNet (IN) and ImageNet-Sketch
(IN-S)). Notably, it also performs best on Group 4, the most challenging subgroup. We observe that
models with higher accuracy on Group 1 (the most frequent training setting) also tend to perform
better on Group 4 (the rare or outlier setting). This trend is consistent with prior ndifigswhich



show that out-of-distribution (OOD) performance often correlates with in-distribution performance.
Crucially, our approach enables such robustness analysis without requiring an external OOD test set,
using only concept-aware subgroups derived from the original data. Interestingly, we observe the
same pattern on the ImageNet-Sketch, despite its large domain shift and generally lower performance.
Representative examples from each group are visualized in Fig. 5 (c).

6 Discussion

Concepts beyond ImageNetAlthough the SAE is trained on ImageNet, our SAE-derived concepts
generalize to other datasets used in CLIP zero-shot evaluation, such as Fojdr@il$UN397 §9].

This generalization is expected, as the SAE is not trained using ImageNet class labels. Instead,
it learns to reconstruct image representations from a general-purpose foundation model, which is
assumed to have already captured diverse visual concepts, as evidenced by its strong zero-shot
performance. For datasets that differ substantially from ImageNet, such as medical images, the SAE
should be trained on the target domain and/or paired with a more suitable backbone model. Prior
work, including CytoSAE 1] and Mammo-SAE $0], has shown that SAE can be successfully
applied to medical images, and a similar approach can be used for domain-speci c analysis.

Extension to multi-label settings.To examine its applicability beyond single-label classi cation,

we apply ConceptScope to a multi-label setting using the MSCOCO 2017 te38salE extract

object mentions from ground-truth captions and treat them as multi-label targets and conduct concept
categorization as in Section 3.2. The analysis reveals distinct bias pattatisoften associated

with indoor environmentsjogwith couches and living rooms, atwitd with bird feeders and trees.
These ndings indicate that ConceptScope can detect meaningful bias concepts even in complex,
real-world multi-label datasets.

Comparison with existing approach for bias analysis in vision datasetsTo further contextualize

our framework, we additionally review prior work on bias analysis in vision datasets. LaViBE |
interprets the semantic meaning of individual neurons and uses this to examine gender bias in the
MS-COCO dataseB@]. Similarly, SpLiCE [8] decomposes CLIP representations into sparse, human-
interpretable concepts based on a prede ned concept set and analyzes bias betWéamaaad
Manclasses of CIFAR-1003[1]. While these approaches provide valuable insights into dataset bias,
they are limited to prede ned gender categories, implicitly treating any unrelated concept as bias. For
instance, such methods require manual speci cation of what constitutes bias (e.g., considedng
environment as a bias fosea turtle ). In contrast, ConceptScope automatically determines
whether a concept is bias or not based on the semantics relationship to the class label, removing the
need for manually de ned bias categories. Further analyses, including detailed comparisons with
existing approaches to segmentation-based concept discovery, are provided in the Appendix A.

7 Conclusion

Limitations. Our SAE-discovered concepts are constrained by the knowledge encoded in CLIP's
representations. For example, concept prediction scores (Table 1) on domain-speci ¢ datasets such
as RAF-DB B6] (emotion) or DTD P] (texture) are lower compared to more general datasets.
Leveraging vision foundation models ne-tuned on these domain-speci ¢ datasets could yield more
concrete and task-relevant latent concepts. Additionally, our segmentation masks are patch-level
and coarse, leaving room for improvement in localization accuracy. Despite these limitations, our
concept-level analysis still uncovers previously unrecognized, non-trivial biases.

Conclusion. We introduced ConceptScope, a framework that uses SAE to detect and characterize
biases in image classi cation datasets. Our pipeline automatically builds a concept dictionary,
categorizes concepts into target, context, and bias, and enables detailed dataset analysis. Experiments
show that SAEs are reliable concept extractors, surpassing prior methods and achieving state-of-the-
art results in bias discovery benchmarks. ConceptScope also uncovers new biases in complex datasets
such as ImageNet and can diagnose model robustness without external out-of-distribution datasets.
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NeurlPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]

Justi cation: In the abstract and introduction, we explicitly state the contributions and scope
of this work. Scope: We introduce a framework for visual dataset analysis. Contribution:
1. We introduce a dataset analysis framework that discovers visual concepts and catego-
rizing into target, contextual, and bias concepts. 2. We show novel application of Sparse
Autoencoder as a concept extractor. 3. We show how this framework can be used for model
robustness diagnosis.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

* Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justi cation: We present the limitation of this work in Section 6.
Guidelines:

» The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

« The authors are encouraged to create a separate "Limitations" section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

« The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

- If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

« While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justi cation: This paper does not include theoretical results.

Guidelines:
» The answer NA means that the paper does not include theoretical results.
All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.
All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.
* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.
» Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi cation: We describe details for reproducibility in each experiment section and also in
Appendix.

Guidelines:

» The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci ¢ model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi cation: The code with suf cient instructions will be ready by the time of decision. We
describe details for reproducibility in the paper at this moment.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.
» Please see the NeurlPS code and data submission guideiites/(nips.cc/
public/guides/CodeSubmissionPolicy ) for more details.

« While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

» The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidetpes (
/Inips.cc/public/guides/CodeSubmissionPolicy ) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

« At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLS to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justi cation: Details are provided in Section 4, 5, and 6 and in Appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical signi cance

Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer: [Yes]
Justi cation: We report error bars for experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

» The authors should answer "Yes" if the results are accompanied by error bars, con -
dence intervals, or statistical signi cance tests, at least for the experiments that support
the main claims of the paper.

» The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

18



8.

10.

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

« For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi cation: We provide information on the computer resources in appendix.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethicsttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]
Justi cation: This paper conforms with the NeurlPS Code of Ethics in every respect.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

« |If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justi cation: We discuss broader impact of the paper in the end of the paper.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards

12.

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justi cation: This paper does not pose such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justi cation: We cite the original paper of dataset and methods.
Guidelines:

» The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

« If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datagetserswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

20



13.

14.

15.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation: We do not release new assets
Guidelines:

« The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

« At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: We do not involve research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

» According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: e do not involve crowdsourcing nor research with human subjects.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justi cation: This paper uses LLMs for textual description generation of the concept
dictionary, which is a part of our proposed method. We cite references and clearly mentioned
how we prompt the models.

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

 Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Additional Discussion

Concept discovery based on segmentatiorRecent advances in segmentation models, such as
SAM [29], have achieved impressive generalization performance, motivating several studies to use
segmentation for concept discovery. HU-MCEL], for example, combines SAM-generated region
masks with feature clustering to extract object- or background-level concepts. Although HU-MCD
demonstrates potential in identifying high-level visual entities (e.g., object parts, background ele-
ments), it has notable limitations. It struggles to capture ne-grained attributes such as textures,
colors, or object subtypes, and lacks a formal mechanism to quantify how each discovered concept
relates to class identity or dataset bias. HU-MCD typically identi es coarse-level object or back-
ground concepts (e.g., “airplane”, “airplane tail”, “sky”), whereas the Sparse Autoencoders used
in ConceptScope uncover more granular and semantically diverse concepts such as “commercial

" ow

airplanes”, “military aircraft”, and “jets”, as well as state-dependent variations like “landing” and
“ying”.

On the Role of Segmentation in ConceptScopé&Jnlike traditional segmentation tasks, producing
high-quality masks is not the primary objective of our framework. The segmentation derived from
SAE spatial attributions is used to compute the alignment score, enabling ablation or isolation of
each concept within an image. Our objective is to analyze concept—class relationships and categorize
concepts into target, context, and bias types, rather than optimizing segmentation quality. Despite
imperfect segmentation performance, ConceptScope effectively reveals meaningful real-world biases,
and its interpretability can be further enhanced through integration with external segmentation models.

B Method Details: ConceptScope

In this section, we provide additional technical details and illustrative examples for our proposed
framework ConceptScope, supplementing 83 of the main paper.

B.1 SAE training

We include details regarding hyperparameters and computational resources for training the SAE,
supplementing the explanations provided in §3.2 of the main paper.

Hyperparameter settings. We train the SAE using OpenAl CLIP ViT-L/£4as the vision encoder

and extract embeddings from its penultimate (23rd) layer with embedding dimehsicl024.

The vision encoder resizes the input image224 224, producing 257 tokens consisting of one

class token[CLS]) and16 16 spatial tokens. We apply an expansion factor of 32, resulting in a
SAE latent dimensionalitg® = 32; 768 We set the. ; sparsity loss weight =8 10 °, and the

learning rate tat 10 * with 500 warmup steps using constant scheduling. We initialized decoder
bias with the geometric mediaBJ] of the rst training batch and applied ghost gradierti§ to
resample dead neurons caused by sparsity regularization. We use a batch size of 64 and train on
ImageNet-1K* training split, comprising approximately 1.28 million images, for 5 epochs.

Computation resources. We ran all experiments on a single NVIDIA RTX A6000 GPU. With
precomputed CLIP image embeddings, each iteration (batch size 64) took about 0.79 seconds, used
24 GB of GPU memory, and required 2,208 GFLOPs.

B.2 Concept dictionary

We provide implementation details for constructing the concept dictionary introduced in §3.2 of the
main paper, including the ltering of meaningful latent dimensions and the use of multimodal Large
Language Models (LLMSs) to assign concept names.

Latent Itering. As noted by Lim et al[37], not all SAE latent dimensions are interpretable

or monosemantic. In some cases, we observe that multiple unrelated concepts activate the same
latent. To improve interpretability, we Iter out uninformative or entangled latents and retain only
interpretable ones for analysis. We rst compute image-level activation vali@s for all latent

3https://huggingface.co/openai/clip-vit-large-patch14
“https://huggingface.co/datasets/evanarlian/imagenet_1k_resized 256
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dimensions across the ImageNet training set and apply two ltering criteria. First, we discard latents
whose maximum activation never exceeds 0.5, since we empirically observed that activations above
0.5 consistently represent clear concepts, whereas lower values fail to do so. Second, we discard
latents whose concept strength exceeds 0.1, because they activate too frequently across many images
and therefore lack interpretability. After Itering, we retain 3,103 latent dimensions, which is about
10% of the original set.

Latent interpretation. To assign semantic labels to latent dimensions, we collect the top-activating
image patches for each concept and extract their corresponding segmentation masks, following the
standard procedure introduced in Lim et[8l7]. Using the top ve images and their masks, we query

the GPT-40 AP alongside the following prompt:

Prompt

Identify the shared concept among images, focusing solely on non-blocked
areas and excluding dark silhouette areas, using 2-3 clear and specific words.
Answer with concepts only.

Annotating all 3,103 latent dimensions costs approximately $7 USD in total.

Figure 6:Examples of discovered conceptslhe top row shows the ve images from ImageNet

with the highest activations for each latent dimension, while the bottom row shows the corresponding
segmentation mask-applied images. The concepts identi ed include various colors, textures, objects,
and actions. The assigned semantic labels are generated by GPT-40.

Shttps://platform.openai.com/docs/models/gpt-40
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