
Published in Transactions on Machine Learning Research (04/2026)

Token-Based Detection of Spurious Correlations
in Vision Transformers

Solha Kang solha.kang@ghent.ac.kr
Ghent University
Ghent University Global Campus

Esla Timothy Anzaku eslatimothy.anzaku@ghent.ac.kr
Ghent University
Ghent University Global Campus

Wesley De Neve wesley.deneve@ghent.ac.kr
Ghent University
Ghent University Global Campus

Arnout Van Messem arnout.vanmessem@uliege.be
Université de Liège

Joris Vankerschaver joris.vankerschaver@ghent.ac.kr
Ghent University
Ghent University Global Campus

Francois Rameau francois.rameau@sunykorea.ac.kr
State University of New York Korea

Utku Ozbulak utku.ozbulak@ghent.ac.kr
Ghent University
Ghent University Global Campus
George Mason University Korea

Reviewed on OpenReview: https: // openreview. net/ forum? id= GlPXPhwOzI

Abstract

Due to their powerful feature association capabilities, neural network-based computer vi-
sion models have the ability to detect and exploit unintended patterns within the data,
potentially leading to correct predictions based on incorrect or unintended but statistically
relevant signals. These clues may vary from simple color aberrations to small pieces of text
within the image. In situations where these unintended signals align with the predictive
task, models can mistakenly link these features with the task and rely on them for making
predictions. This phenomenon is referred to as spurious correlations, where patterns appear
to be associated with the task but are actually coincidental. As a result, detection and mit-
igation of spurious correlations have become crucial tasks for building trustworthy, reliable,
and generalizable machine learning models. In this work, we present a token-based diagnos-
tic pipeline that applies leave-one-out token removal to detect spurious correlations in vision
transformers. The proposed approach quantifies a model’s reliance on non-core visual cues
through complementary measures that capture both aggregate and localized spurious effects
at the token level. Using both supervised and self-supervised trained models, we present
large-scale experiments on the ImageNet dataset demonstrating the ability of the proposed
method to identify spurious correlations. We also find that, even if the same architecture is
used, the training methodology has a substantial impact on the model’s reliance on spurious
correlations. Furthermore, we show that for certain ImageNet classes, many images exhibit
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Figure 1: Visual illustration of the approach used in this work to detect spurious correlations. Given an
input image, we identify important tokens using a token discarding method and analyze these tokens based
on the location of the object of interest. In the first case (ViT-1), the important features lie within the
object’s bounding box, while in the second case (ViT-2), the important features highlight other elements,
indicating the presence of spurious correlations.

strong reliance on non-core visual cues across multiple models, and we discuss common
sources of such signals (e.g., watermarks and background artifacts). Lastly, we present a
case study investigating spurious signals in invasive breast mass classification, grounding
our work in a real-world scenario.

1 Introduction

Although the computer vision (CV) community has benefited greatly from the improved performance of
neural networks (NNs) on many complex vision tasks (He et al., 2016; Szegedy et al., 2016), recent studies
have shown that unintended shortcut learning and spurious correlations are more common than previously
thought (Geirhos et al., 2020; Oakden-Rayner et al., 2020). In the context of CV, shortcut learning can
be described by what are called core and non-core features (Singla & Feizi, 2021). Here, core features are
associated with the desired, semantically meaningful attributes of the image under consideration, whereas
non-core features exhibit some degree of correlation with the desired task, while being peripheral or incidental
to the main task (Kirichenko et al., 2022). As a result, the prevalence of non-core features may lead to models
relying on superficial cues rather than truly understanding the underlying concepts. Analogous concerns
have been raised in NLP with the advent of large language models (LLMs): transformer-based models
like BERT and GPT-3 have demonstrated extraordinary capabilities, but they too can latch onto dataset
artifacts or spurious cues, which can propagate flaws across many downstream applications. Naturally, this
phenomenon poses significant challenges to the reliability and generalization capability of NNs across vision
and language tasks, highlighting the pressing need for more robust and interpretable learning algorithms in
the field (Geirhos et al., 2020).

One of the primary reasons for the existence of non-core features is the tremendous feature association
capability of NNs, which can discover and learn signals that are not intended (Geirhos et al., 2020). The
introduction of transformer-based models such as the vision transformer (ViT) further exacerbated the
aforementioned issue due to the lack of inductive bias and the attention mechanism, which can discover and
associate complex signals from even the most distant regions of an image (Vaswani et al., 2017).

Most of the work related to spurious correlations can be categorized into two main areas: (1) robust training
methods designed to prevent spurious correlations during the training phase (Gong et al., 2019; Zhou et al.,
2022), and (2) post-training detection of spurious correlations on a per-image basis (Lapuschkin et al., 2019;
McCoy et al., 2019). The majority of research in the second category relies on interpretability methods,
such as GradCAM (Selvaraju et al., 2017), as proxies for identifying spurious correlations. However, these
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interpretability methods are known to occasionally highlight misleading or irrelevant regions of the image,
raising concerns about their reliability (Adebayo et al., 2018; Kindermans et al., 2019).

To address these issues, we propose a diagnostic pipeline for detecting the presence or absence of spurious
correlations in a given image using a trained model. Our method relies on intrinsic properties of vision trans-
formers and leverages the token discarding mechanism to identify spurious correlations through in�uential
tokens that signi�cantly impact the model's predictions (see Figure 2). This token-based strategy relies
on the fact that ViTs are capable of processing inputs with variable sequence lengths and builds on recent
�ndings that many patch tokens in ViTs can be removed with minimal e�ect on model accuracy (Rao et al.,
2021; Fayyaz et al., 2022; Bolya et al., 2022). Notably, eliminating such tokens not only speeds up inference
but can also make model decisions more interpretable by revealing which regions the model deems impor-
tant (Rao et al., 2021). This design choice is especially motivated by prior work by Jain et al. (2022), which
shows that token removal can better represent feature absence in ViTs than value-replacement baselines,
thereby mitigating missingness bias. Building on this insight, our approach repurposes token discarding as
a diagnostic tool rather than an e�ciency measure: by identifying which tokens a ViT model relies on most
for a given image, we can tell whether the model's prediction is based on core features or on potentially
spurious cues.

This strategy allows us to assess the trustworthiness of ViTs in terms of their ability to utilize core features
and is widely applicable to any transformer-based CV model. Subsequently, we compare the positions of these
in�uential tokens with the provided bounding box information to quantify the extent of spurious correlation
using two novel metrics: the Average Token Spuriosity Index (A-TSI) and the Maximum Token Spuriosity
Index (M-TSI). A visual overview of the proposed method is provided in Figure 1. Through large-scale
experiments on both supervised and self-supervised ViTs on the widely-used ImageNet dataset (Russakovsky
et al., 2015), we discover that model training signi�cantly impacts the reliance of models on core and non-core
features. Using the proposed approach, we also identify ImageNet classes that contain many images with
strong reliance on non-core features across di�erent models, highlighting recurring dataset-level artifacts that
models may exploit.

2 Related work

Spurious correlations have been investigated in di�erent contexts in the literature, such as invariant learn-
ing (Arjovsky et al., 2019), domain generalization (Wang et al., 2022), group robustness (Liu et al., 2021),
shortcut learning (Geirhos et al., 2020; Du et al., 2023) and simplicity bias (Tiwari & Shenoy, 2023). Tradi-
tionally, most of the research focus has been on training methods which attempt to avoid spurious correlations
from being learned, while our method focuses on the detection of spurious correlations after the training is
complete, which is a comparatively unexplored area of research.

Training-based methods to avoid spurious correlations. Invariant learning methods such as Invariant
Risk Minimization (Arjovsky et al., 2019) aim to learn features that remain predictive across multiple training
environments. This is typically done by constraining the model to rely on consistent, environment-invariant
signals rather than spurious correlations present in individual data distributions. Group robust training
focuses on improving model performance across di�erent subgroups within a dataset, particularly those
that are underrepresented or prone to high error rates. Optimization strategies include minimizing the loss
of the worst-case subgroup loss (Sagawa et al., 2019) and iteratively identifying and correcting errors in
hard-to-learn subgroups (Liu et al., 2021), reducing the reliance on shortcut features that perform well only
for the majority group. Domain generalization techniques aim to improve model robustness by ensuring
that learned features remain representative when shifting from the training dataset to unseen data (Wang
et al., 2022). Some approaches achieve this by adversarial training (Ganin et al., 2016; Tzeng et al., 2017),
encouraging the model to ignore domain-speci�c variations, while others promote feature alignment across
di�erent datasets (Jin et al., 2020; Lu et al., 2022).

Unlike the aforementioned training-time intervention methods, which actively modify the learning process
of models to reduce reliance on spurious correlations, we tackle the problem of post-training identi�cation
of spurious correlations.
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Attribution methods to detect spurious correlations. Another line of research, similar to ours,
identi�es spurious correlations by investigating the attributions of models to determine whether they are
focusing on semantically relevant regions (Ghosal & Li, 2024). Research e�orts that follow this approach
often analyze prediction changes when speci�c features are removed using polygon masks or occlusion (Plumb
et al., 2021; Zeiler & Fergus, 2014). Region selection is typically guided by interpretability techniques such
as GradCAM (Selvaraju et al., 2017), LIME (Ribeiro et al., 2016), and Integrated Gradients (Sundararajan
et al., 2017). However, the reliability of these interpretability techniques is often under debate, since their
e�ectiveness depends on assumptions about the underlying model behavior and feature importance (Adebayo
et al., 2018; Kindermans et al., 2019). For instance, studies have shown that some attribution methods can
produce visually plausible explanations even when applied to randomly initialized networks, raising concerns
about their faithfulness to the decision-making process of models (Adebayo et al., 2018).

While our approach shares similarities with these methods, it leverages the intrinsic properties of ViTs and
employs a more principled strategy using token discarding.

Datasets for investigating spurious correlations. The majority of research investigating spurious cor-
relations after training focuses on datasets with human-identi�able features, such as the CelebA dataset (Liu
et al., 2015), where celebrities are categorized by characteristics like hair color and gender. As a result,
many research e�orts examine spurious correlations as a group-level phenomenon, using methods such as
worst-case generalization of group performance (Sagawa et al., 2019; Ghosal & Li, 2024). Unfortunately,
this approach makes the proposed methods largely inapplicable to datasets that lack features that are easily
identi�able by humans.

Occlusion-based methods to detect spurious regions. A common strategy in interpretability is to
explain model behavior by removing parts of the input and observing how predictions change. Early work on
representation erasure demonstrated that selectively removing features can reveal which components a model
relies on for its decisions (Li et al., 2016). This idea was later uni�ed under a �removal-based explanation�
perspective, which characterizes many attribution methods as instances of simulating feature removal and
measuring the resulting change in model output (Covert et al., 2021). In practice, feature removal in
interpretability is typically implemented through replacement strategies. A feature can either be marginalized
by replacing it with sampled plausible values from a conditional distribution of the input (Lundberg & Lee,
2017; Zintgraf et al., 2017; Frye et al., 2020), or replaced with a �xed baseline value for occlusion. Common
choices for occlusion include zeroing the feature (Zeiler & Fergus, 2014; Petsiuk et al., 2018; Schwab &
Karlen, 2019), replacing it with a mean or adjacent value (Zhou et al., 2014; Ribeiro et al., 2016; Dabkowski
& Gal, 2017), or using blurred versions of the input (Fong & Vedaldi, 2017).

Our approach follows the same removal-based perspective but di�ers in that we remove tokens directly from
the input sequence during inference, rather than substituting them with prede�ned baseline values. Lever-
aging the tokenized representation unique to ViTs, we assess token in�uence without introducing arti�cial
replacement values.

Token discarding in ViTs. Token discarding is made possible by a property unique to transformer-based
architectures, where tokens can be explicitly removed from the input sequence without requiring spatial
interpolation or feature replacement (Rao et al., 2021). Beyond interpretability (Haurum et al., 2023; Pan
et al., 2021), token discarding has been explored for improving model robustness (Renggli et al., 2022),
accelerating training and inference (Bolya et al., 2022; Rao et al., 2021; Long et al., 2023).

In this work, we adopt token discarding speci�cally as a principled mechanism for estimating token in�uence,
which allows us to quantify the change in prediction con�dence when individual tokens are removed from
the full token set.

3 Methodology

3.1 Identifying spurious correlations via token discarding

We propose a two-step procedure to identify spurious correlations in ViTs. Given an image and its corre-
sponding bounding box, we:
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Figure 2: An overview of the ViT architecture and the tokenization of image patches.

ˆ Step 1: Discover in�uential tokens that contribute to the prediction made by the model.

ˆ Step 2: Identify spurious correlations based on in�uential tokens and bounding box information.

3.1.1 Discovering in�uential tokens

Notation. Given a correctly classi�ed image X and a ViT with parameters �, we denote the corresponding
prediction con�dence for the ground-truth class label (c) of that image as ŷ = g� (X)c, where g� (�) describes
a forward pass, mapping inputs to output predictions. In our setup, ViT-B/16 tokenizes an input image X
of size 224 � 224 into 196 tokens which we will denote as X = [xi ]i2f1;:::;196g .

Finding in�uential tokens. To identify the in�uential tokens, we systematically remove one token at a
time from the image and observe how each removal a�ects the model's prediction compared to its initial
prediction. Formally, we de�ne our token discarding approach as X�k = [x i ]i2f1;:::;196gnfkg , where the k-
th token has been discarded from the input image. The prediction for the newly created input with the
discarded token k then becomes ŷ�k = g � (X�k )c.

De�nition 1 (Token In�uence Map). For each token index k 2 f1; : : : ; 196g, let X �k = [x i ]i2f1;:::;196gnfkg

denote the input obtained by discarding the k-th token, and let ŷ�k = g � (X�k )c be the corresponding prediction
con�dence for the ground-truth class c. The in�uence of token k is de�ned as

� k = ŷ � ŷ �k :

The vector
Z = [� k ]196

k=1

is called the token in�uence map.

Leave-one-out (LOO) attribution. LOO methods estimate feature importance by measuring the change
in a model's prediction when a single feature is removed from the input. This strategy has been widely
adopted in machine learning to assess feature and context importance through single-feature ablation (Zeiler
& Fergus, 2014; Li et al., 2016; Ribeiro et al., 2016; Cohen-Wang et al., 2024). Our method follows a
leave-one-out removal strategy that measures the marginal e�ect of removing a single token from the full
input.

From a cooperative game-theoretic perspective, this quantity corresponds to the marginal contribution of
token k with respect to the grand coalition of all tokens. In particular, up to a constant scaling factor, the
in�uence of token k corresponds to the �rst-order contribution (main e�ect) in the Shapley value � k :

� k =
1

196
� k + (H.O.);

where the higher-order terms (H.O.) capture interaction e�ects arising from coalitions involving two or more
tokens. Alternatively, our method can be viewed as �tting a weighted linear surrogate model to the prediction
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function in which all weight is concentrated on coalitions that di�er from the full input by at most one token
(see Lundberg & Lee, 2017, Appendix B.2).

Occlusion and token discarding. LOO attribution is commonly implemented through occlusion, where
a region of the input image is masked or replaced with a prede�ned value (e.g. zero, gray, or blur), and the
resulting change in prediction is used as an importance score. Our method follows the same leave-one-out
principle, but operates at the level of vision transformer tokens. However, instead of occluding a token by
value replacement, we remove the token entirely from the input sequence and re-evaluate the prediction. As
a result, our method implements feature absence without replacement, which avoids occlusion patterns and
directly measures each token's contribution to the model's prediction.

Inherited properties. As our method implements a standard LOO intervention, the resulting token in�u-
ence scores inherit several well-known properties of LOO attribution (Lundberg & Lee, 2017; Sundararajan
& Najmi, 2020; Covert et al., 2021): (i) Dummy � tokens whose removal does not change the prediction
receive zero in�uence; (ii) Consistency � each score is deterministic and uniquely de�ned for a given input
and model; (iii) Monotonicity � scores induce a total ordering over tokens re�ecting their relative contribu-
tion; (iv) Counterfactual faithfulness � each score is derived from a single, well-de�ned counterfactual input.
Additionally, we note that the in�uence maps are intentionally model-sensitive: two models with di�erent
parameters producing the same prediction may yield di�erent in�uence maps. This behavior is intentional,
as the goal of our method is to reveal di�erences in how models utilize input tokens, thus identifying spurious
correlations.

Missingness bias. Occlusion-based attribution methods simulate feature absence through value replace-
ment, which can induce out-of-distribution inputs and cause prediction changes that are unrelated to true
information removal (Jain et al., 2022; Balasubramanian & Feizi, 2023). This phenomenon, known as miss-
ingness bias, arises when the model responds to the arti�cial replacement itself rather than to the absence
of the feature.

Our method discards tokens entirely, representing feature absence through structural token removal instead
of value substitution. As a result, the perturbed input remains within the model's natural input space, and
the resulting prediction di�erence isolates the e�ect of information removal from masking-induced artifacts.
Here, token removal in ViTs implements true feature absence and thereby mitigates missingness bias, as
demonstrated by Jain et al. (2022). Since our approach directly builds on this �nding and relies exclusively
on token removal, it is robust to such biases. We empirically demonstrate this property in Appendix B.

Consistency across models. Unlike Shapley-based attribution methods, which aim to produce consistent
feature importance scores across models with similar behavior, our method does not enforce model-level
consistency.

3.1.2 Identifying spurious correlations

Given an image with bounding box information, we �rst identify the tokens that lie within the bounding
box as shown in Figure 3. Based on this information, we create two sets of token IDs, one for those that
lie in the bounding box (Bin ) and one for those that are outside it (Bout ). Afterwards, using the previously
created token in�uence maps, we are able to quantify whether the identi�ed in�uential tokens lie within the
bounding box or not. We propose the following two metrics to identify spurious correlations:

ˆ Average Token Spuriosity Index (A-TSI). The �rst metric we propose is based on the average
token in�uence and is described as follows:

A-TSI(Z; Bin ; Bout ) =
1

n out

P
i2B out

zi

1
n in

P
i2B in

zi
: (1)

ˆ Maximum Token Spuriosity Index (M-TSI). The second metric we propose is based on the
maximum token in�uence and is described as follows:

M-TSI(Z; Bin ; Bout ) =
max(fz i gi2B out )
max(fz i gi2B in )

: (2)
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Figure 3: Example images from the subset of images correctly classi�ed by all models (DC ) and the subset
of images with bounding boxes covering almost the entire image (DL ) are provided, together with their
bounding boxes (red) and corresponding tokens based on 16 � 16 patches (green). As can be seen, bounding
boxes for images from DL cover almost the entirety of the image.

While both A-TSI and M-TSI are useful in identifying spurious correlations, A-TSI measures average spurious
correlation in�uence relative to core features, while M-TSI targets scenarios where a few in�uential tokens
outside the bounding box signal signi�cant correlations.

Interpreting TSI scores. Both A-TSI and M-TSI are straightforward to understand in terms of what
their scores indicate.

ˆ TSI 2 (0; 1) implies that the tokens within the bounding box are more in�uential for the prediction
compared to those that are outside, meaning that the prediction is based on features that originate
from regions of the input image related to the class information.

ˆ TSI = 1 indicates that features outside the bounding box are as important as those that are inside
for prediction.

ˆ TSI > 1 implies the in�uence of tokens outside is greater than those inside, indicating the existence
of spurious correlations. As TSI increases beyond 1, the intensity of spurious correlations increases.

In order to provide a straightforward understanding of the proposed method, we present Figure 4, which
displays input images and their corresponding token in�uence maps overlaid with bounding box information.
For each image, we calculate M-TSI and A-TSI, sorting the images from left to right according to increasing
M-TSI scores. As measured by TSI, images on the left side display lower levels of spurious correlation since
most of the important tokens are inside the bounding box, whereas images on the right side demonstrate
higher levels of spurious correlation since the important tokens are outside the bounding box, indicating that
the model is relying on irrelevant features or background information for its predictions.

Limitations of the bounding-box assumption. Both A-TSI and M-TSI assume that the bounding box
delineates the core features relevant to classi�cation. However, as we discuss in Section 4 (see Figure 8), this
assumption can break down in the presence of label inconsistencies, secondary objects, or extremely small
areas of interest. In such cases, TSI scores should be interpreted as measuring a model's reliance on features
outside the annotated region, which serves as a proxy for, but not identical to, reliance on genuinely spurious
features.

3.2 Dataset

We conduct our experiments on the ImageNet validation set (Russakovsky et al., 2015), which is the most
widely used large-scale image classi�cation benchmark and is therefore well suited for studying spurious
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