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Machine learning systems routinely succeed for the wrong reasons, relying on patterns that

are predictive in the training data but incidental to the task, a spurious correlation that

holds until it breaks. This dissertation argues that such failures, though they take a different

form in each training paradigm, can be examined through a single counterfactual lens: keep

the task-inherent features fixed, vary a suspected feature, and ask whether the model’s

behavior changes. What changes across paradigms is not this logic but what it takes to

apply it: whether the suspect feature is known, whether examples with and without it can

be obtained, and at which level of the model’s behavior the shortcut must be measured.

Three studies develop this view. Concept Correction (supervised learning) addresses the

case where a spurious attribute is known but unlabeled, inferring the missing group labels

from a small set of out-of-distribution concept images and recovering worst-group accuracy

without manual annotation. SpuriVerse (multimodal pretraining) addresses the case where

the spurious feature is not known in advance, using model-proposed, human-verified can-

didates to build counterfactual image groups; it contributes a benchmark of 124 naturally

occurring correlations on which state-of-the-art vision-language models score only 35%, and

shows that fine-tuning on diverse correlations transfers to unseen ones. Spurious Tool Use

(reinforcement learning) addresses the case where the shortcut hides in an intermediate ac-

tion rather than the final answer, showing that RL-trained agents can invoke tools because



of superficial prompt cues while still answering correctly, and that a dense per-decision

reward suppresses this behavior without sacrificing accuracy.

The studies trace a trajectory of growing autonomy, from fixed-label classifiers to agents

that decide when to act. As systems take more consequential actions, their shortcuts in-

creasingly surface not in what a model predicts but in what it does, in a place where

outcome-based evaluation cannot see them. The contribution of this dissertation is a way

of making that behavior visible: a counterfactual test adapted to the level at which each

system’s shortcuts form, and matched there by mitigation.
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Chapter 1

INTRODUCTION

Machine learning systems often succeed for the wrong reasons. A model trained to

perform a task can reach high accuracy by relying on a pattern that is merely predictive

in the training data rather than on the evidence the task is meant to use. Such a pattern

is a spurious correlation: it tracks the right answer often enough to be learned, but it is

not the relationship the task is about. A model that depends on one performs well while

the correlation holds and fails when it breaks—when the feature it has come to rely on

is absent, altered, or points the wrong way. This dissertation studies that failure across

machine learning paradigms, and how to detect, measure, and mitigate it.

The phenomenon is not unique to machine learning, and one of its clearest illustrations

predates the field by millennia. Plato is said to have defined man as a featherless biped :

a two-footed animal without feathers. The definition is not arbitrary. Among the animals

one is likely to encounter, being featherless and two-legged does pick out humans rather

well. As the story is told by Diogenes Laërtius, Diogenes the Cynic refuted the definition by

plucking a chicken, carrying it into the Academy, and announcing, “Here is Plato’s man.”

The definition was thereafter amended to add with broad flat nails.1

The plucked chicken is more than a counterexample. It illustrates the structure of a

spurious correlation precisely. Being featherless and bipedal may be predictive of being

human in ordinary cases, but it is not what makes something human. Once Diogenes

presents a chicken with the same superficial cue, the definition fails: relying on the cue

would classify the chicken as a human. The problem is not that “featherless biped” is never

predictive. The problem is that the cue is not the relationship the definition was meant to

1Diogenes Laërtius, Lives of the Eminent Philosophers, Book VI, §40.
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capture—exactly the way a spurious pattern is not the evidence a learning task is meant to

use.

To study this failure across settings, I will use the following notation throughout the

introduction. Consider a potential shortcut feature A, and the behavior of interest B: a

label prediction, a query-conditioned answer, or an action inside an agent trajectory. In

supervised learning, a model may rely on A to predict the label B. In pretrained vision-

language models, a model may rely on A to infer a queried answer B. In reinforcement

learning, an agent may rely on a prompt cue A to decide whether to invoke a tool behavior

B. In all three cases, the central question is the same: does the model’s behavior change

when A changes, even though the task-relevant features for predicting B is held fixed?

A central theme of this dissertation is that counterfactual comparisons provide a common

lens for spurious correlations. To test whether a model relies on A rather than the intended

evidence for B, one constructs or identifies examples in which the intended task stays fixed

while A is present or absent. If the model’s prediction, answer, or action changes with A,

then the model is using A as a shortcut. What differs across the three papers is not this

logic, but what must be supplied in order to apply it: the shortcut feature to vary, the

examples or groups that separate the shortcut from the intended task, and the behavior at

which the shortcut should be measured.

1.1 Spurious Correlations: A Working Definition

Because the term is used in several ways across machine learning, and because the three

studies in this dissertation extend it beyond standard classification, I fix a working definition

here.

A correlation between a feature A and a target B is spurious, relative to a task, when

it satisfies two conditions:

1. A is predictive of B in the training distribution; and

2. A is not task-inherent evidence for B under the intended solution rule of the task.

A model that relies on such a correlation—a behavior I refer to as a shortcut, following



3

Geirhos et al. [2020]—may perform well for the wrong reason: its behavior is driven by a

feature that is predictive in the data but outside the intended solution strategy.

The term spurious correlation has causal roots: Pearson [1897] used it to describe cor-

relations that arise from the construction of the measured variables rather than from a sub-

stantive relationship between them, and Pearl and Mackenzie [2018] emphasize that calling

a correlation spurious presupposes a contrast with a genuine causal relation. I take this

causal intuition as part of the definition: a spurious feature may help predict the target in

the training distribution, but it is not the basis on which the target should be determined.

At the same time, the methods in this dissertation do not attempt to recover structural

causal models. Instead, they operationalize model reliance on spurious correlations behav-

iorally: when the task-inherent content is held fixed, and changing a feature that should

not determine the target changes the model’s prediction or behavior, this provides evidence

that the model is using that feature as a shortcut.

1.2 Three Practical Questions

The counterfactual logic is simple to state: vary A while holding the intended features

regarding B fixed. In practice, however, applying this logic requires answering three ques-

tions.

First, is it known which shortcut feature A to vary? In a classic Waterbirds-style setting,

the researcher may know that background is the candidate shortcut. In a pretrained vision-

language model, by contrast, the space of possible visual correlates is open-ended. A model

may use snow to infer skiing, a lab coat to infer doctor, a kitchen to infer cooking, or many

other correlations that were not specified ahead of time.

Second, can examples with and without A be constructed or inferred? Even when

the candidate shortcut is known, group-robust evaluation and training often require labels

indicating whether A is present in each train or test example. To measure whether a classifier

uses gender presentation to predict occupation, for example, one needs both the occupation

label B and the value of the spurious attribute A for each example. Without those labels,

the counterfactual groups exist conceptually but are not directly available for evaluation or

mitigation.
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Third, which behavior B should be measured? In standard classification, the relevant

behavior is the final label prediction. In vision-language models, it is the answer to a query

that fixes the target concept for that example. In agents, however, the shortcut may appear

in an intermediate action, such as whether the agent calls a tool, even when the final answer

remains correct. Measuring the wrong behavior can therefore miss the shortcut entirely.

1.3 Counterfactual Tests Across Training Paradigms

The same counterfactual logic underlies all three studies, but a different one of the three

practical questions becomes the binding constraint as the training paradigm changes, and

the behavior B that the shortcut can affect changes with it. The three studies are organized

accordingly, one per paradigm; the methods that answer each question are developed in the

corresponding chapters, and Section 1.5 states each study’s contribution.

In supervised learning (Chapter 3), the candidate shortcut is typically known and the

relevant behavior is the final label prediction, so the binding question is the second: obtain-

ing examples with and without A when the attribute is known but unlabeled. In multimodal

pretraining (Chapter 4), the target B is fixed at evaluation time by a query, but the spuri-

ous feature is drawn from an open-ended space of web-scale co-occurrences, so the binding

question is the first: discovering A rather than assuming it. In reinforcement learning

(Chapter 5), the shortcut can reside in an intermediate action such as a tool call rather

than in the final answer, so the binding question is the third: measuring the behavior at

the level where the shortcut is expressed, since outcome-only evaluation can miss it.

1.4 Thesis Statement

The thesis of this dissertation is that counterfactual evaluation offers a common lens on

spurious correlations across training paradigms—a way of organizing how the same question

is asked, rather than a theory of where shortcuts will arise—but the evaluation must be

adapted to three practical requirements: identify the shortcut feature A to vary, construct

or infer examples that separate A from the intended task, and measure the behavior B at

the level where the shortcut is expressed. Which requirement is binding depends on the

paradigm, as the previous section described. Robustness methods must therefore hold the
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intended task fixed, vary the suspected shortcut feature, and measure whether the relevant

behavior follows that feature.

1.5 Contributions and Dissertation Overview

To support this thesis, I present three empirical studies. Each study starts from the same

counterfactual logic—hold the task-inherent features fixed, vary A, and observe whether

the relevant behavior changes—but addresses a different practical requirement for applying

that logic.

1. Concept Correction (Chapter 3): I introduce a label-efficient method for con-

structing counterfactual groups in supervised spurious-correlation settings. Concept

Correction uses out-of-distribution concept images and concept activation vectors to

infer labels of the spurious attribute A, without requiring manual group annotation.

The inferred group structure then enables group-robust evaluation and optimization

when the spurious attribute is known but unlabeled. This work was published at

CVPR 2024.

2. SpuriVerse (Chapter 4): I introduce a benchmark and counterfactual evalua-

tion method for naturally occurring image–text spurious correlations in large vision-

language models. SpuriVerse fixes the target concept B by conditioning on a multiple-

choice query, discovers candidate spurious attributes A through LVLM proposal and

human verification, and constructs counterfactual image groups with and without A.

The study shows that large vision-language models remain vulnerable to such cor-

relations, and that fine-tuning on a diverse set of spurious correlations can improve

robustness to unseen correlations while introducing a measurable accuracy–robustness

trade-off. This work was published at NeurIPS 2025 in the Datasets and Benchmarks

Track.

3. Spurious Tool Use (Chapter 5): I introduce an evaluation framework for cue-

driven tool selection in RL-trained language agents. The experiments construct coun-

terfactual prompt groups that hold the task fixed while toggling cue A, then measure
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whether the agent invokes tool B. The study shows that agents can learn to call tools

because of superficial prompt cues rather than task requirements, that this failure can

be invisible to final-answer accuracy, and that shortcut formation is strongest when

the cue and tool are semantically related and the agent has learned the tool. To mit-

igate the failure, I propose a dense tool-necessity reward that supervises individual

tool-call decisions.

The remainder of the dissertation develops this argument in detail. The next chapter

provides background on spurious correlations, group robustness, and the training paradigms

central to the dissertation. Chapters 3–5 present the three empirical studies. Chapter 6

synthesizes the results, connects the framework to AI safety and alignment, and discusses

future directions.
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Chapter 2

BACKGROUND AND RELATED WORK

This chapter provides the shared background for the three studies that follow. It is

deliberately unifying rather than exhaustive: each study chapter contains its own focused

related-work section, so the goal here is to establish the common scaffolding on which the

dissertation rests. I first define spurious correlations and shortcut learning and relate the

term to its causal origins (Section 2.1 and Section 2.2). I then review group robustness in

supervised learning, the setting in which the counterfactual probe is most fully developed

(Section 2.3). Finally, I trace how the same problem changes form as the training paradigm

shifts from supervised learning to multimodal pretraining to reinforcement learning (Sec-

tions 2.4–2.5), which motivates the counterfactual framework introduced in Chapter 1 and

revisited in Chapter 6.

2.1 Spurious Correlations and Shortcut Learning

A machine learning model can achieve high training and even high test accuracy while

relying on features that are predictive in the data but incidental to the intended task.

Geirhos et al. [2020] term this shortcut learning : the model finds a decision rule that

succeeds on the benchmark for reasons that do not transfer to the conditions the benchmark

was meant to represent. Such shortcuts are pervasive precisely because they are useful on

average. A pneumonia classifier may rely on hospital-specific markers such as chest drains

rather than on the radiographic findings of disease, so that its apparent skill collapses when

it is deployed at a different hospital [Zech et al., 2018]. A natural language inference model

may exploit annotation artifacts—lexical cues such as negation words, or syntactic overlap

between premise and hypothesis—rather than reasoning about entailment [Gururangan et

al., 2018, McCoy et al., 2019, Williams et al., 2018]. An object recognizer trained on

the Waterbirds construction may use the photographic background (water versus land) to
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predict bird species, because waterbirds are usually photographed over water [Sagawa et

al., 2019, Wah et al., 2011]. In each case the model is, in the phrase of McCoy et al. [2019],

right for the wrong reasons.

I adopt the working definition stated in Section 1.1: relative to a task and a set of

distributions of interest, a correlation between a feature A and a target B is spurious when

A is predictive of B in the training distribution but is not the task-relevant evidence for

B under the intended solution rule. A model that relies on such a correlation exhibits

a shortcut. The definition is task-relative by design: the same feature can be legitimate

evidence for one task and a shortcut for another. A chest drain is informative about a

patient but spurious for a model meant to read pathology from the image itself.

Several adjacent literatures study the same underlying failure under different names.

Work on distribution shift and domain generalization asks when a predictor trained on one

distribution degrades on another, and invariant risk minimization seeks predictors that rely

only on features whose relationship to the label is stable across environments [Arjovsky et al.,

2019, Koh et al., 2021]. Analyses of overparameterization show that larger models can fit the

spurious feature more aggressively, exacerbating rather than resolving the problem [Sagawa

et al., 2020, Izmailov et al., 2022]. A recurring and sobering observation is that shortcuts

come in multiples: suppressing one spurious feature can amplify reliance on another, so

robustness is rarely achieved by removing a single known correlate [Li et al., 2023b]. These

threads share the structure that this dissertation makes central—a model following A when

the task asks it to follow B—and differ mainly in how A is specified and at what level B is

measured.

2.2 Spurious Correlation as a Causal Notion

The term spurious correlation predates machine learning and carries a causal connotation

worth making explicit. Pearson [1897] introduced it to describe correlations that arise

from how variables are constructed or measured—for example, ratios that share a com-

mon denominator—rather than from any substantive relationship between the underlying

quantities. In the modern causal framework, calling a correlation spurious presupposes a

contrast with a genuine causal relation: A and B may be statistically associated because of
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a common cause, a selection effect, or an artifact of data collection, even when intervening

on A would not change B [Pearl, 2009, Pearl and Mackenzie, 2018].

This causal reading clarifies what a robustness method is ultimately after. The intended

solution rule for a task is, implicitly, a claim about which features carry the task-relevant

signal; a shortcut is a feature that is associated with the label through a pathway the task

does not sanction. The most direct way to expose such a feature would be to intervene on

it—to set A to a different value while holding everything task-relevant fixed—and observe

whether the model’s behavior changes. This is the logic of a counterfactual.

The methods in this dissertation take this causal intuition as motivation but do not

attempt to recover full structural causal models, which would require assumptions about

the data-generating process that are rarely available for web-scale data or for the internal

computations of large models. Instead they operationalize spuriousness behaviorally. When

the task-relevant content is held fixed and changing a feature that should be irrelevant

nonetheless changes the model’s behavior, this is evidence that the model relies on that

feature as a shortcut. The counterfactual comparison—construct or identify examples with

and without A, hold the intended task fixed, and measure whether behavior follows A—is

thus a practical surrogate for an intervention, and it is the common probe that unifies the

three studies.

2.3 Group Robustness in Supervised Learning

Supervised classification is the setting in which the counterfactual probe is most fully de-

veloped, and it supplies the vocabulary the later chapters generalize. When the spurious

attribute A and the label B are both known and labeled, examples partition into groups in-

dexed by the pair (A,B). The Waterbirds benchmark, for instance, yields four groups from

the cross of bird type and background; the CelebA hair-color benchmark crosses the target

label with gender presentation [Sagawa et al., 2019, Liu et al., 2015, Wah et al., 2011]. The

groups in which A and B disagree—a waterbird over land—are exactly the counterfactual

cases in which a shortcut is penalized.

Worst-group accuracy, the minimum accuracy over these groups, is therefore the stan-

dard test for shortcut reliance: a model that uses A performs well on aligned groups and
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poorly on the conflicting ones, so its worst-group accuracy falls even when its average accu-

racy is high [Sagawa et al., 2019]. Group distributionally robust optimization (Group DRO)

operationalizes this objective directly during training by upweighting the worst-performing

group rather than minimizing average loss [Sagawa et al., 2019]. A complementary line of

work shows that much of the benefit can be obtained by retraining only the last layer on

group-balanced data, suggesting that the representation often already contains the task-

relevant signal even when the classifier head relies on the shortcut [Kirichenko et al., 2022,

Qiu et al., 2023].

A practical obstacle runs through this entire literature: methods such as Group DRO

assume that group labels—the value of A for every training and validation example—are

available, yet labeling a spurious attribute for an entire dataset is costly and presupposes

that the attribute is already known. A substantial body of work therefore tries to relax the

group-label requirement. Some methods infer groups from the errors or training dynamics of

a reference model: Just Train Twice upweights examples that a first-pass model misclassifies

[Liu et al., 2021], Learning from Failure trains a debiased model against an intentionally

biased one [Nam et al., 2020], and clustering-based approaches such as GEORGE discover

latent subclasses in feature space [Sohoni et al., 2020]. Others estimate the spurious at-

tribute from limited supervision [Nam et al., 2022, Sohoni et al., 2021], reweight features

automatically [Qiu et al., 2023], or contrast representations across putative groups [Zhang et

al., 2022, Ye et al., 2023]. Even simple data balancing is a competitive baseline when group

information is partially available [Idrissi et al., 2022]. These methods reduce annotation

cost but generally still assume the identity of the spurious attribute is known, even when

its per-example labels are not.

Concept Correction (Chapter 3) sits in this gap. It builds on concept activation vec-

tors, which represent a human-specified concept as a direction in a model’s activation space

learned from a small set of example images [Kim et al., 2018]. By curating such concept

sets—possibly out-of-distribution with respect to the target task—it infers the missing la-

bels of A for in-distribution examples, recovering the group structure that group-robust

training requires without manual per-example annotation. A range of synthetic and natu-

ral benchmarks support this line of work, including colored-MNIST variants [Deng, 2012],
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Waterbirds and CelebA [Wah et al., 2011, Liu et al., 2015], scene-context datasets [Zhou

et al., 2014], and benchmarks designed to vary correlation strength in a controlled fashion

[Lynch et al., 2023, Joshi et al., 2023].

2.4 From Predictions to Representations: Multimodal Pretraining

Large vision-language models depart from the supervised setting in two ways that matter

for spurious correlations. First, they are not trained on a single fixed label space; they learn

from broad image–text co-occurrences scraped from the web and are later queried with

many different questions about the same image [Liu et al., 2023b, Bai et al., 2023, Wang

et al., 2024, Yang et al., 2024b]. The target concept B is therefore not fixed at training

time but is determined at evaluation time by the query. Second, the spurious correlations

a model inherits are not the product of deliberate labeling choices but reflections of how

the visual world is photographed and described online: ski poles co-occur with skiing, fire

trucks with firefighters, lab coats with doctors. No one curated these associations, and the

space of candidates is effectively open-ended.

Both departures break the supervised recipe. Worst-group accuracy is no longer directly

applicable, because the groups are not predefined: with no fixed label and an open set

of possible visual correlates, one cannot enumerate the (A,B) groups in advance. Data-

level interventions are also impractical, because the pretraining corpus is too large and

too lightly curated to audit for every exploitable co-occurrence. Detection must instead

proceed counterfactually—fix the queried concept B, construct images with and without a

suspected feature A, and measure whether the model’s answer changes—and the suspected

feature must often be discovered rather than assumed.

A growing set of benchmarks evaluates whether large vision-language models are right

for the right reasons, probing perception, hallucination, and reasoning under controlled

conditions [Fu et al., 2024, Yue et al., 2024, Liu et al., 2024, Guan et al., 2024, Li et al.,

2024a,b, 2023a, Schwenk et al., 2022]. Closest to the present work, Ye et al. [2024] study

spurious biases in multimodal models with a predefined set of correlations. SpuriVerse

(Chapter 4) differs in that it does not assume the correlations in advance: it uses a vision-

language model to propose candidate spurious attributes that may explain errors and human
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verification to confirm them, then constructs counterfactual image groups, using synthetic

image generation [Rombach et al., 2022, Podell et al., 2023] to realize controlled variants.

This turns discovery of A into part of benchmark construction and yields a collection of

naturally occurring image–text shortcuts rather than a small preselected set.

2.5 From Outputs to Actions: Tool Use and Reinforcement Learning

The final shift is from models that emit an answer to agents that act. Tool-augmented lan-

guage models interleave reasoning with calls to external tools—web search, code execution,

database queries—before producing a final answer [Yao et al., 2022, Schick et al., 2023, Gao

et al., 2023, Paranjape et al., 2023, Patil et al., 2023]. Such agents are increasingly trained

with reinforcement learning, which optimizes the policy to maximize task reward and in

doing so shapes when each tool is invoked; modern recipes such as the group-relative policy

optimization used in DeepSeekMath are representative [Shao et al., 2024], and tooling exists

to train tool-using agents end to end [Jiang et al., 2025]. Common training tasks pair factual

question answering, which benefits from search [Kwiatkowski et al., 2019, Ho et al., 2020],

with mathematical reasoning, which benefits from code execution [Cobbe et al., 2021, He

et al., 2025].

Optimizing for outcome reward introduces a failure mode that the supervised and mul-

timodal settings do not exhibit in the same way. Because the agent is rewarded for the final

answer, any behavior that co-occurs with high-reward rollouts can be reinforced—including

an unnecessary tool call that co-occurs with a correct answer. This connects spurious tool

use to the broader phenomena of specification gaming and reward hacking, in which an

agent satisfies the measured objective without satisfying its intent [Krakovna et al., 2020,

Skalse et al., 2022]. Crucially, a shortcut at this level may live in an intermediate action

rather than in the final answer: an agent may call a tool because a prompt cue A is present,

ignore the result, and still answer correctly, so that outcome-only evaluation is blind to the

shortcut.

This observation motivates two design choices in Spurious Tool Use (Chapter 5). For

detection, the counterfactual comparison must target the trajectory: hold the task fixed,

toggle the cue A, and measure the tool-call rate rather than only answer accuracy. For



13

mitigation, supervision must reach the decision itself rather than the outcome. Process-

based feedback, which scores intermediate steps rather than only final answers, has been

shown to improve reasoning agents [Lightman et al., 2023, Uesato et al., 2022]; the dense

tool-necessity reward proposed in Chapter 5 applies the same principle to tool-selection

decisions, scoring whether each individual call was warranted independently of the final

answer.

2.6 Summary: A Counterfactual Probe Across Paradigms

The three settings reviewed above appear methodologically distinct—group reweighting

in supervised learning, benchmark curation for multimodal models, reward design for RL

agents—but they share a single underlying probe. In each case a model is suspected of

following a feature A when the task asks it to follow a targetB, and the test is counterfactual:

hold the intended task fixed, vary A, and ask whether behavior follows. What changes across

paradigms is not this logic but what must be supplied to apply it—whether the shortcut

feature A is known, whether examples with and without A can be constructed or inferred,

and at which behavioral level the target B must be measured. These are the three practical

questions developed in Chapter 1, and they organize the three studies that follow.
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Chapter 3

CONCEPT CORRECTION: LABEL-EFFICIENT GROUP
ROBUSTNESS VIA OUT-OF-DISTRIBUTION CONCEPT

CURATION

This chapter studies the supervised-learning setting, where spurious correlations appear

as input features that are predictive of labels. Because the task label is fixed, the shortcut

can be exposed through group-based evaluation, and mitigation can operate by estimating

or reweighting those groups.

3.1 Introduction

Deep learning models are prone to capture spurious correlations, patterns that are predictive

of the target class in training data but are inherently irrelevant to the classification task. For

example, consider an image classification task to distinguish doctors from nurses. Suppose

that in the training data, 95% of the doctors present as men, and 95% of the nurses present

as women. A model trained with the standard empirical risk minimization (ERM) tends

to classify images of men as doctors and images of women as nurses by learning a spurious

correlation between gender-expression features (e.g., hairstyle, clothing) and occupation.

While the model may achieve high average accuracy, it performs poorly on the minority

groups (in this example, female-presenting doctors and male-presenting nurses), thus ex-

hibiting low worst-group accuracy. Such spurious correlations happen in a wide variety of

real-world tasks, including facial recognition, medical imaging, and language tasks [McCoy

et al., 2019, Liu et al., 2020, Sagawa et al., 2019, Zech et al., 2018, Sagawa et al., 2020,

Geirhos et al., 2020].

Existing approaches typically consider the setting in which each training (or validation)

sample is explicitly assigned a group, represented as a pair (y, a) where y is a class label and

a is a value from the (potentially unknown) spurious attribute. For instance, Group DRO

assumes the availability of group labels during training, and directly minimizes the worst-
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group loss [Sagawa et al., 2019]. Recognizing that obtaining labels requires expensive human

annotation, several recent approaches avoid relying on group labels during training [Liu et

al., 2021, Kirichenko et al., 2022, Zhang et al., 2022, Sohoni et al., 2020]. These approaches

train an ERM model to infer group labels, then a second model is trained to optimize

for worst-group loss with the inferred labels. However, these approaches require validation

labels for crucial hyperparameter tuning [Liu et al., 2021], since their effectiveness depends

on the accuracy of the group inference. One exception is GEORGE [Sohoni et al., 2020],

which assumes that the feature space of a model trained for the predictive task is easily

separable by groups and learns group assignment via clustering. GEORGE then optimizes

for worst-cluster accuracy without requiring labels. However, while GEORGE is effective

when the input features are simple and cluster well (e.g., colored digits), its performance

drops significantly when the input features are more complex and clusters become less well-

defined (e.g., for human faces) [Sohoni et al., 2020].

I propose Concept Correction (Figure 3.1), a framework that instead uses a set of exam-

ple images to represent a concept involved in the spurious correlation. These examples can

be out-of-distribution and task-agnostic, as long as they contain the features representing

the spurious attribute. For example, concept sets designed to counteract a spurious attribute

of gender presentation may include a set of images of female-presenting people, but without

any reference to the task-specific class label of doctor or nurse. Since the examples need not

be selected from the training distribution, they are reusable across models and tasks, and

practitioners can retrieve them from various sources such as search engines, datasets on the

Web, or image generation models, all of which require significantly less cognitive and tech-

nical effort than manually labeling in-distribution data. In fact, by using images generated

with only two lines of prompts to the text-to-image generator Stable Diffusion [Rombach

et al., 2022], I show that an implementation of Concept Correction can achieve competitive

results to state-of-the-art methods that require manual labeling of tens of thousands of data

points [Zhang et al., 2022, Sagawa et al., 2019, Liu et al., 2021].

I demonstrate an instance of Concept Correction via Concept DRO (CDRO), an ap-

proach that leverages concepts to infer group labels, then trains with a distributively robust

optimization objective using the inferred labels. Similar to the existing two-stage methods,
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Figure 3.1: Overview of Concept Correction on the Waterbirds dataset. (a) Directly training
with ERM results in a model that spuriously correlates background type with bird type. A
practitioner can correct this by (b) finding images with land and water backgrounds and
using Concept Correction. Notably, these example images can be obtained outside of the
original Waterbirds dataset, such as using generative AI or search engines.

CDRO first trains a neural network with ERM. Then, exploiting the fact that the ERM

model learns spurious attribute labels [Kirichenko et al., 2022], I use the model to extract

features from the concept sets, the training data, and the validation data. I then train a

classifier to discriminate concepts and use the weights of this classifier to determine the

extent to which each training sample exhibits that concept. These concept similarity scores

are then used to infer a spurious attribute label for every data point in the training and

validation sets, providing the information needed by state-of-the-art methods to improve

worst-group accuracy. In the doctor–nurse example, CDRO trains a classifier on two sets of

images representing the concepts of presenting-female and presenting-male, then uses the

coefficients of this classifier to estimate the extent to which each training sample exhibits

“maleness” versus “femaleness.”

I evaluate CDRO on three image classification datasets with spurious correlations: CM-

NIST [Arjovsky et al., 2019], Waterbirds [Sagawa et al., 2019], and CelebA [Liu et al.,
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2015]. Among methods that do not assume spurious attribute labels are provided, CDRO

improves worst-group accuracy by up to 12.6% on Waterbirds and 33.1% on CelebA. CDRO

also achieves competitive performance to methods that do assume access to spurious at-

tribute labels. Finally, I show that CDRO is robust to the quality of concepts in two aspects:

size of concept and distribution distance from training data.

The contributions of this chapter are summarized as follows:

• I propose Concept Correction, a label-efficient framework that uses out-of-distribution

sets of images to correct spurious correlations.

• I present Concept DRO (CDRO), an instance of the Concept Correction framework

that uses concepts to infer labels of spurious attributes and then trains with a dis-

tributively robust optimization objective.

• I show CDRO significantly outperforms ERM and GEORGE across three benchmarks

while achieving competitive results to methods that require group labels during vali-

dation.

3.2 Preliminaries

In this section, I present the problem setting, then describe concepts and the Concept

Activation Vector (CAV) introduced by Kim et al. [Kim et al., 2018].

3.2.1 Problem Setting

I consider a classification setting, where given an input x ∈ X , the goal is to predict y ∈ Y.

Let X = {x1, ..., xn}, Y = {y1, ..., yn} be the training set of size n. Each datapoint xi has

a spurious attribute ai, which is unobserved during training. Each xi is assumed to belong

to a group gi, where gi is a pair (yi, ai), the combination of a class label yi and a spurious

attribute label ai. The spurious correlation problem occurs when accuracy across groups

varies significantly; i.e., a model trained with ERM may achieve a high average accuracy,

yet still performs poorly on some minority groups. I therefore evaluate classifiers on the

accuracy of the worst-performing group.
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I am interested in the setting where group information is not available for either the

training set nor the validation set. Instead, I assume that users curate a set of images

representing the concept without regard to any particular task. The human effort to curate

the concept depends on the user’s domain knowledge. For example, in Waterbirds, to curate

a concept for “landbird background,” one can generate images with the prompt “a photo

of land background.” However, if the user knows that land backgrounds of birds tend to be

forests, the prompt can be adjusted accordingly.

3.2.2 Concepts and Concept Activation Vectors

A concept is defined using a set of images. For example, a set of ocean and lake images can

represent the concept water background. The concept examples need not be drawn from the

training data and need not be relevant to the classification task.

Given a concept C and a layer l of the neural network, a concept activation vector (CAV)

vl
C ∈ Rm [Kim et al., 2018] is defined as the vector normal to the hyperplane separating

samples with a concept (the concept set PC) and examples without a concept (the contrastive

set N) in the model’s activations. Given layer activations of both the concept set and the

contrastive set, a CAV can be obtained by training a linear classifier distinguishing the two

sets of activations.

3.3 Method: Concept Correction

I propose Concept Correction, a framework that uses concepts to correct spurious cor-

relations, without relying on manual labeling of in-distribution data. Instead, Concept

Correction takes a set of a small number of examples as input and leverages the examples

to infer spurious attribute information. Then, a robust model is trained with the inferred

group or spurious attribute information using any worst-group loss minimization algorithm.

Concept Correction expects the concept examples to represent the spurious attribute.

These images can be out-of-distribution and irrelevant to the prediction task, de-coupling

concept curation from the model setting. In fact, using generative models, practitioners

can easily generate many examples with just a few lines of prompting. In contrast to

existing methods that require manual labeling of either training or validation samples,
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concept curation does not require access to the training data. Practitioners can reason

about potential biases the model may exhibit then curate concept sets accordingly.

Concept Correction is compatible with any method that requires spurious attribute

or group information, such as Group DRO [Sagawa et al., 2019], Just-Train-Twice [Liu

et al., 2021], Correct-n-Contrast [Zhang et al., 2022], and more. For example, a simple

way of applying Concept Correction to Correct-n-Contrast and Just-Train-Twice is simply

replacing the validation group labels with inferred labels using concepts, alleviating the need

for manual labeling of a large amount of data.

3.3.1 Concept DRO

I present Concept DRO (CDRO), an implementation of Concept Correction on Group DRO.

As illustrated in Figure 3.2, in Stage 1, I first train an ERM model and then train a linear

classifier on concepts representing the spurious attribute to infer group labels. In Stage 2,

I use Group DRO to train a robust model with the inferred group labels.

Stage 1: Inferring Labels of Spurious Attributes

I train a neural network with ERM on the training data. Given a spurious attribute A =

{a1, ..., am}, I curate two sets of examples for each concept ai: a concept set C = {c1, ..., ck},

which represents the presence of the concept, and a contrastive set N = {n1, ..., nk}, which

represents the absence of the concept. I then use the ERM model as a feature extractor,

by taking the first to the penultimate layer of the model, denoted as f , to extract features

from the two sets. I then train a linear classifier on the ERM features of the concept sets,

{f(c1), ..., f(ck)} and {f(n1), ..., f(nk)}. The resulting coefficient of the linear classifier gives

a CAV pointing in the direction of the concept ai. Then, for both training and validation

data, denoted as X = {x1, ..., xn}, I use f to extract representations, {f(x1), ..., f(xn)}.

I then compute the cosine similarity between the representations and the CAV. I use

these similarity scores to separate the data into groups—examples with the same attributes

are likely to activate similar similarity scores. To separate points by similarity scores, I use

a Gaussian Mixture Model (GMM) on the similarity scores, where the number of mixtures
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Figure 3.2: Concept DRO (CDRO), a method of training an unbiased model using a concept
set. (1) First, I train a neural network model (h ◦ f) using ERM. (2) I train a concept
activation vector (CAV) using the given concept set and the model [Kim et al., 2018]. A
CAV is a linear decision boundary between the model representations of the concepts (f(·)).
(3) I use the inferred CAV to infer pseudo-group labels over the training data. (4) Finally,
I run Group DRO [Sagawa et al., 2019] on the training data using the pseudo-labels.

is set to m, the size of the domain of the spurious attribute. Typically (but not exclusively)

m = 2, since many formulations of bias posit a binary distinction between minority and

majority populations. The mixture with the highest mean similarity to the concept is

labeled as A = ai. Intuitively, data with high similarity scores with respect to the concept

set tend to exhibit concept ai, and thus belong to groups with A = ai (see Figure 3.3). I

repeat the above steps for all ai ∈ {a1, ..., am}. Lastly, for the data points with missing

labels, I randomly assign one from {a1, ..., am}.

In the case that the spurious attribute is binary, i.e., A = {a1, a2}, I only need to curate

concepts for a1 or a2 and train one CAV. Suppose I train a CAV for a1, and label data with

the CAV, yielding Xa1 = {x ∈ X|A(x) = a1}. I can then use the negative of the CAV to

label a2, which can be considered the complement, XC
a1 .

Since Group DRO takes group labels as input, where a group label g is the pair (y, a)
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defined by the label y and spurious attribute a, I generate inferred group labels ĝ using

ground truth labels y and inferred spurious attribute labels â to use in Stage 2.

Stage 2: Optimize for Worst-Group Loss with Inferred Labels

I use Group DRO to train a classifier with inferred group labels ĝ from Stage 1. Instead of

overall loss, Group DRO optimizes for worst-group loss.

Group DRO uses ground truth group labels to select the best model checkpoint based on

validation worst-group accuracy. I instead use the inferred labels to compute the surrogate

worst-group accuracy at validation.

3.4 Experimental Results

In the experiments, I first show that CDRO substantially outperforms ERM and GEORGE,

and achieves comparable worst-group accuracy to existing methods that require group la-

bels. To explain the effectiveness of CDRO, I then demonstrate that CDRO separates data

into corresponding groups with concepts, and infers labels of spurious attributes with high

accuracy. Lastly, I show that CDRO is robust to the quality of concepts in two aspects:

concept size and distribution distance from training data.

3.4.1 Setup

Datasets

I briefly describe the three image classification benchmarks used in the evaluation. Full

dataset and training details are included in Section 3.8.

CMNIST [Arjovsky et al., 2019]: The task is to classify digits into one of the five

classes: Y = {(0,1), (2,3), (4,5), (6,7), (8,9)}. Each class is correlated with one of five colors:

A = {red, yellow, green, blue, purple}, respectively.

Waterbirds [Sagawa et al., 2019]: The task is to classify birds into one of the 2

classes: Y = {waterbird, landbird}. Each class is correlated with the backgrounds: A =

{water background, land background}.
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CelebA [Liu et al., 2015]: The task is to classify celebrities’ hair color Y = {blond, not blond},

with the spurious attribute A = {female,male}. The class blond correlates with female,

and the class not blond correlates with male.

Baselines

I consider seven baselines that train models under different assumptions regarding the avail-

ability of group labels.

Group labels available during training: Group DRO [Sagawa et al., 2019] is a

state-of-the-art method, which optimizes for the worst-group loss using group labels.

Group labels available during validation: Just Train Twice (JTT) [Liu et al., 2021]

trains a model to detect minority group examples, then upweights those examples during

training. Correct-n-Contrast (CNC) [Zhang et al., 2022] infers group information similar to

JTT, then uses contrastive learning to learn representations robust to spurious correlations.

Automatic Feature Reweighting (AFR) [Qiu et al., 2023] finetunes the last layer of the ERM

model on a reweighted training set. Spread Spurious Attribute (SSA) [Nam et al., 2022]

uses semi-supervised learning to train a predictor to infer pseudo-group labels, then trains

a robust model with worst-group loss minimization.

Group labels available during neither training nor validation: Empirical Risk

Minimization (ERM) is the standard training procedure that minimizes the average loss.

GEORGE [Sohoni et al., 2020] also follows a two-step procedure by first estimating the group

labels via unsupervised clustering and then using these estimates to train a robust classifier.

During validation, GEORGE optimizes for worst-cluster accuracy without requiring group

labels.

Concepts

In the experiments I generated 50 images per concept set. I generated synthetic data as

concepts for CMNIST, and used Stable Diffusion [Rombach et al., 2022] to generate concepts

for Waterbirds and CelebA.

CMNIST: Since the 5 target classes are correlated with 5 colors, I curate concept sets
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for each color. For each color, I sample 50 images from the original MNIST dataset [Deng,

2012], which consists of white digits 0–9 on black background, and paint the digits with the

corresponding color. I then curate the contrastive set by concatenating the concept sets of

the 4 remaining colors, and train a CAV pointing towards the color.

Waterbirds: Since land background is correlated with landbirds, and water background

is correlated with waterbirds, I curate sets of examples to represent the concepts “land

background” and “water background.” With the knowledge that land backgrounds in the

dataset are either bamboo or broadleaf trees, I used prompts “A photo of bamboo trees”

and “A photo of broadleaf trees” to generate a total of 50 (25 each) images to represent the

“land background” concept. Similarly, knowing that the water backgrounds in the dataset

are either ocean or lake, I used prompts “A photo of ocean” and “A photo of lake” to

generate a total of 50 (25 each) images to represent the “water background” concept. Since

the spurious attribute is binary, I trained a CAV in the direction of “land background,”

using the “water background” concept as the contrastive set.

CelebA: Since female is correlated with blond and male is correlated with not blond,

I curate sets of examples to represent the concepts female and male. With the knowledge

that the dataset consists of celebrities’ faces, I used prompts “A photo of a female celebrity

face” and “A photo of a male celebrity face” to generate a total of 100 images (50 each) for

the female and male concepts, respectively. I trained a CAV with female as the concept set

and male as the contrastive set, such that positive similarity can be interpreted as exhibiting

female features.

3.4.2 Main Results

Table 3.1 reports the average and worst-group accuracies of all approaches. CDRO outper-

forms ERM across all tasks. Compared to GEORGE, CDRO achieves higher worst-group

accuracy on Waterbirds and CelebA. The performance of GEORGE relies on how well the

learned features can be clustered. In CMNIST, where the features (color and shape) are eas-

ily distinguishable, GEORGE easily finds clusters that correspond to groups and therefore

yields a high worst-group accuracy. However, in Waterbirds and CelebA, where the features
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are more complex, clustering is less effective and the worst-group accuracy is lower. Further,

with only 100 out-of-distribution images, CDRO achieves similar performance to methods

that require validation labels, which may require large-scale manual labeling: CelebA, for

example, has 20K validation images. Specifically, CDRO outperforms JTT by 5% on Wa-

terbirds and 6.5% on CelebA and approaches the performance of Group DRO itself. CDRO

outperforms CNC by 0.3% on Waterbirds and falls short by 0.8% on CelebA. CDRO out-

performs SSA with 5% validation labels by 1.7% on Waterbirds and 1.3% on CelebA. Lastly,

CDRO outperforms AFR with 5% validation labels by 2.2% on Waterbirds and 10.5% on

CelebA.

Method Group Info
CMNIST Waterbirds CelebA

Worst(%) Mean(%) Worst(%) Mean(%) Worst(%) Mean(%)

Group DRO Train & Val 74.7 (1.0) 90.6 (0.1) 89.9 (0.6) 92.0 (0.6) 88.9 (1.3) 93.9 (0.1)
JTT Val 74.5 (2.4) 90.2 (0.8) 83.8 (1.2) 89.3 (0.7) 81.5 (1.7) 88.1 (0.3)
CNC Val 77.4 (3.0) 90.9 (0.6) 88.5 (0.3) 90.9 (0.1) 88.8 (0.9) 89.9 (0.5)

SSA
Val - - 89.0 (0.6) 92.2 (0.9) 89.8 (1.3) 92.8 (0.1)

5% Val - - 87.1 (0.7) 92.6 (0.2) 86.7 (1.1) 92.8 (0.3)

AFR
Val - - 90.4 (1.1) 94.2 (1.2) 82.0 (0.5) 91.3 (0.3)

5% Val - - 86.6 (4.7) - 77.5 (1.3) -
GEORGE None 76.4 (2.3) 89.5 (0.3) 76.2 (2.0) 95.7 (0.5) 54.9 (1.9) 94.6 (0.2)
ERM None 0.0 (0.0) 20.1 (0.2) 62.6 (0.3) 97.3 (1.0) 47.7 (2.1) 94.9 (0.3)

CDRO (ours) Concepts 69.3 (2.7) 85.0 (1.0) 88.8 (0.2) 90.5 (0.1) 88.0 (0.7) 90.8 (0.3)

Table 3.1: Average and worst-group accuracies of models trained with CDRO and baselines
on the benchmarks. CDRO outperforms approaches that do not use group information
(GEORGE, ERM) and approaches that use 5% of validation labels (SSA, AFR). CDRO
also has comparable performance to approaches that use full validation group labels (JTT,
CNC, AFR, SSA).

3.4.3 Ablation Studies

CDRO Effectively Infers Group Labels

To examine the effectiveness of CDRO in inferring group labels, I first visualize the distribu-

tion of both train and validation data by their cosine similarity scores to the corresponding

CAV for all three datasets. As shown in Figure 3.3, for both train and validation data
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of the three datasets, data representations with high similarity scores tend to exhibit the

concept that the CAV is directed to. For example, Figure 3.3 shows that, given a CAV in

the direction of the concept red, data points with high similarity scores tend to be the red

digits. Similarly, given a CAV in the direction of the concept land background, data points

with high similarity scores tend to be images with land background. These results justify

the decision to label all data points in the highest-mean mixture with the group associated

with the concept.

Further, Table 3.2 shows that CDRO estimates group labels with high accuracy in all

three datasets.

Precision(%) Recall(%)

CMNIST 87.0 96.9
Waterbirds 76.3 83.9
CelebA 78.0 78.5

Table 3.2: Average precision and recall of the pseudo-group labels inferred by CDRO on
the training set, compared to the ground truth.

CDRO Is Robust to Quality of Concepts

From a practical perspective, since CDRO requires practitioners to curate the concepts,

the quality of concepts depends on how much time and effort the practitioners spend on

curating the concepts. I therefore evaluate the effectiveness of CDRO when the quality

of concepts varies on Waterbirds and CelebA, examining two questions: (1) Does CDRO

require that the concept images be drawn from the training distribution? (2) Does CDRO

require a large number of concept images?

Distribution distance. I first fix the size of concepts to be 100 (50 for the concept set

and 50 for the contrastive set), and examine the effect of distribution distance between

concepts and training data on CDRO. I vary the distance between training distribution and

concept distribution by varying the prompts used for Stable Diffusion.
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Figure 3.3: Distributions of similarity between the CAV trained with out-of-distribution
concepts and validation samples. Each peak is colored by the ground truth group label. The
peaks are separable, and the peak furthest to the right (highest similarity to the concept)
corresponds to the ground truth label in all cases, indicating how spurious attribute labels
can be inferred. Top row: CMNIST validation samples for each of five color concepts.
Bottom left: Waterbird validation samples with land as the concept set and water as the
contrastive set. Bottom right: CelebA validation samples with women as the concept set
and men as the contrastive set.

I design the prompts based on how much effort a hypothetical practitioner would spend

on curating the concepts. A practitioner may not have specific information about the dataset

and decide to use very general prompts, potentially resulting in a low-quality concept set.

For the Waterbirds dataset, I use the following prompts, varying the level of effort and

domain knowledge: “A photo of a [water/land] background” as the “distant” distribution,

“A photo of a [water/land]bird habitat” as the “somewhat near” distribution, and “A photo

of [bamboo trees/broadleaf trees]” and “A photo of [ocean/lake]” as the “near” distribu-

tion. For the CelebA dataset, I use: “A photo of a [female/male] person” as the “distant”

distribution, “A photo of a [female/male] celebrity” as the “somewhat near” distribution,

and “A photo of a [female/male] celebrity face” as the “near” distribution.

Tables 3.3 and 3.4 show that CDRO is effective even if the concept images are out of

distribution. In both Waterbirds and CelebA, CDRO achieves similar worst-group accuracy

to the in-distribution set even when the concept distribution is only somewhat near. This
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result suggests that practitioners need not meticulously curate the concept sets for CDRO

to be effective.

Source Worst(%)

In Distribution Waterbirds 89.3
Near Stable Diffusion 88.5
Somewhat Near Stable Diffusion 80.1
Distant Stable Diffusion 53.1

Table 3.3: Worst-group accuracy given different concept set qualities on Waterbirds. Con-
cept set quality is judged by the level of perceived effort and domain knowledge needed to
create.

Source Worst(%)

In Distribution CelebA 87.2
Near Stable Diffusion 87.9
Somewhat Near Stable Diffusion 87.2
Distant Stable Diffusion 75.6

Table 3.4: Worst-group accuracy given different concept set qualities on CelebA.

Concept set size. I then fix the concept distribution to be near training distribution,

and vary the size from the list (4, 8, 40, 100, 200), splitting equally between concept set and

contrastive set. For example, if size is 4, then the concept and contrastive sets each have

two images. Figure 3.4 shows that CDRO is robust to the size of the concepts. Even when

there are only four images, CDRO achieves higher worst-group accuracy than GEORGE on

both Waterbirds and CelebA. Further, with 40 concept images, CDRO achieves competitive

results to methods that require validation group labels, e.g., CNC. A small concept set is

sufficient in part since the input to the GMM is ERM-trained embeddings, such that training

data features are already represented.
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Figure 3.4: CDRO is robust to size of concepts. Even when there are only 4 images, CDRO
achieves higher worst-group accuracy than GEORGE on both Waterbirds and CelebA. With
40 concept images, CDRO achieves competitive results to methods that require validation
group labels, e.g., CNC.

Concept Correction Is Compatible with CNC

I demonstrate that Concept Correction is compatible with other robust training methods

via CNC. Specifically, CNC consists of two stages: first, CNC trains a model with ERM

and uses the predictions of the ERM model to identify majority and minority groups; then

CNC uses contrastive learning to maximize the similarity of examples with the same class

label but different ERM predictions, and minimize the similarity of examples with different

class labels but same ERM predictions. I replace ERM predictions with inferred labels of

spurious attributes, generated according to Stage 1 of Concept DRO. Table 3.5 shows that

models trained with concept-based pseudo-labels achieve comparable worst-group accuracy

to models trained with ground truth group labels on both train and validation sets.

Method Group Info Waterbirds Worst(%) CelebA Worst(%)

CNC Train & Val 88.7 (0.4) 88.4 (0.1)
Concept CNC Concepts 86.2 (0.7) 87.2 (0.1)

Table 3.5: Worst-group accuracy of Concept CNC compared to CNC. Concept sets achieve
comparable performance to CNC, which uses both train and validation group labels.
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3.5 Related Work

I discuss related work on improving robustness to spurious correlations, both with and

without group information available.

Improving Robustness with Group Information. Sagawa et al. proposed Group

Distributionally Robust Optimization (DRO) [Sagawa et al., 2019], which assumes access

to spurious attribute labels and optimizes for worst-group loss instead of average loss. To

demonstrate CDRO, I use the same distributionally robust objective of Group DRO but

infer group labels instead of assuming they are provided.

Several proposals to improve worst-group accuracy resample the training data to balance

classes or groups [Kirichenko et al., 2022, Menon et al., 2020, Idrissi et al., 2022, Izmailov

et al., 2022]. These approaches show that while a neural network trained via ERM may

be biased at the classification layer, it can still learn the core features for the task at the

penultimate layer. Therefore it is effective to adjust the weights of the features by fine-tuning

on a balanced hold-out set [Kirichenko et al., 2022, Izmailov et al., 2022], or re-weighting the

loss function for majority and minority groups [Idrissi et al., 2022], or processing the model

outputs post-hoc [Menon et al., 2020]. However, these methods acknowledge the expense of

obtaining spurious attribute labels for a large dataset.

Improving Robustness without Group Information. Recent proposals to improve

worst-group accuracy without access to group labels typically follow a two-stage paradigm:

first train a model with ERM, then use the predictions of the ERM model to identify

minority groups, then train another model with emphasis on the minority groups [Liu et

al., 2021, Zhang et al., 2022, Sohoni et al., 2020, Qiu et al., 2023, Nam et al., 2022, Sohoni et

al., 2021, Ye et al., 2023, Izmailov et al., 2022]. For example, JTT [Liu et al., 2021] uses the

incorrect predictions of the ERM classifier as a proxy for the minority group, then trains a

model with an upweight on the misclassified examples. Similarly, CNC [Zhang et al., 2022]

uses misclassifications as pseudo spurious attribute labels, then uses contrastive learning

to align representations for samples within the same class but different spurious attributes.

However, these methods still require a validation set with group labels for hyperparameter
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tuning and selecting the best model checkpoint, which turns out to be crucial for achieving

their results. CDRO avoids the need for validation group labels by using concepts to infer

pseudo-group labels.

In [Nam et al., 2022] and [Sohoni et al., 2021], the authors assume access to a small

number of group-labeled data and use semi-supervised learning to exploit the group in-

formation for better worst-group accuracy. Unlike SSA, CDRO does not require concepts

to represent task-specific groups, which encapsulate both the spurious attribute and target

class. Instead, concepts can be out-of-distribution examples solely representing the spurious

attribute.

GEORGE [Sohoni et al., 2020] requires group labels neither during training nor vali-

dation, instead inferring group labels by clustering the feature space learned by the ERM

model. However, while GEORGE achieves high worst-group accuracy on synthetic datasets

where clusters are well-defined, it is less effective on real-world datasets such as CelebA

where clusters are harder to distinguish.

Some approaches do not follow the two-stage paradigm. Learning from Failure (LfF) [Nam

et al., 2020] trains two models simultaneously, one intended to be biased and one intended

to be unbiased. When training the unbiased model, LfF focuses on the examples on which

the biased model tends to make mistakes, thereby learning to ignore the sources of bias.

Further, Taghanaki et al. introduced CIM [Taghanaki et al., 2021], a contrastive learn-

ing approach that learns input-space transformation of the data to preserve task-relevant

information.

3.6 Conclusion

In this chapter, I presented Concept Correction, a framework that uses out-of-distribution

concepts to improve worst-group accuracy in the presence of spurious correlations. I demon-

strated an instance of the framework via Concept DRO, which uses concepts to infer group

labels, and then uses these to train with worst-group loss minimization. Concept DRO

achieves competitive results to existing methods that assume access to group labels.
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3.7 Relation to the Counterfactual Framework

Concept Correction instantiates the counterfactual probe of Chapter 1 in the supervised

paradigm. The shortcut feature A is the photographic background, the target B is the bird

species label, and the counterfactual comparison is the standard group-based one: among

examples that share the label B, compare those in which A is present against those in

which it is absent, and check whether the prediction follows A. Of the three practical

questions in Section 1.2, supervised learning answers the first and third by construction—

the candidate shortcut is known, and the relevant behavior is the final label prediction, so

worst-group accuracy is the appropriate test. What this chapter contributes is an answer

to the second question, constructing examples with and without A when the attribute is

known but unlabeled.

Where the comparison can be run. The data is curated and the label space is fixed,

so the space of candidate shortcuts is bounded: a spurious feature is something correlated

with this label, and the counterfactual groups are defined by the cross of label and attribute.

What the shortcut is. A correlation between an input feature (background) and the

label (bird species), predictive in the training distribution but outside the intended solution

rule.

How detection works. Worst-group accuracy. Partitioning test examples by the spu-

rious attribute and measuring accuracy within each group isolates exactly the counterfactual

cases where the shortcut and the true label disagree.

How mitigation works. Group reweighting via inferred group labels. The contribution

of this chapter is that the labels of A needed to form the counterfactual groups can be

inferred from a small set of out-of-distribution concept images using CDRO, rather than

collected through manual annotation; mitigation then operates at the same level the shortcut

does—the final prediction.

This is the paradigm in which the counterfactual comparison is easiest to run: a fixed

dataset, a known label, a bounded search space. The next two chapters show how the same

comparison must be adapted when the shortcut feature is unknown and when it is expressed

not in the final answer but in an intermediate action.
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3.8 Experimental Details

3.8.1 Dataset Details

CMNIST [Arjovsky et al., 2019]. I used the same setup as [Zhang et al., 2022]. The

task is to classify MNIST digits into one of the five classes: Y = {(0,1), (2,3), (4,5), (6,7), (8,9)}.

The spurious attribute is color. In the training data, pcorr fraction of each class’s data points

are colored with a corresponding color, and the rest is colored randomly from one of the five

colors. The colors used, in the order of the classes, areA = {#ff0000, #85ff00, #00fff3, #6e00ff, #ff0018}.

The validation and test data are colored randomly with a ∈ A. The training set of MNIST

is split into training and validation according to an 80/20 split. The test set is the default

test set of MNIST. I set pcorr = 0.995 for the main result.

Waterbirds [Sagawa et al., 2019]. I used the same setup as [Sagawa et al., 2019]. The

dataset is created by taking images of birds from the CUB dataset [Wah et al., 2011], and

pasting on top of images from the Places dataset [Zhou et al., 2014]. Waterbirds are either

seabirds or waterfowl, and the rest are landbirds. Water backgrounds are either ocean

or lake, and land backgrounds are either bamboo forest or broadleaf forest. I used the

default training, validation, test splits, where in training, 95% of waterbird images co-occur

with water background images, and 95% of landbird images co-occur with land background

images. In validation and test sets, waterbird and landbird images are evenly split between

the water and land background images.

CelebA [Liu et al., 2015]. I used the same setup as [Sagawa et al., 2019]. The task is

to classify celebrities’ hair color Y = {blonde, not blonde}, correlated with the celebrities’

identified gender A = {female,male}. I used the default training, validation, test splits.

Blond men make up only 6% of the data.

3.8.2 Implementation Details

For all tasks: I used Logistic Regression from Scikit-learn (sklearn.linear model.LogisticRegression

with max iter=1000) for generating CAVs; I used Gaussian Mixture from Scikit-learn
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(sklearn.mixture.GaussianMixture) with default hyperparameters for inferring group

labels.

• CMNIST: LeNet-5 CNN.

– 1st stage: weight decay = 5e-4, learning rate = 1e-3, optimizer = SGD, momen-

tum = 0.9, number of epochs = 5, batch size = 32, early stopping = False.

– 2nd stage: weight decay = 5e-4, learning rate = 1e-3, optimizer = SGD, momen-

tum = 0.9, number of epochs = 20, batch size = 32, early stopping = True.

• Waterbirds: ResNet-50 pretrained on ImageNet.

– 1st stage: weight decay = 1e-4, learning rate = 1e-3, optimizer = SGD, mo-

mentum = 0.9, number of epochs = 300, batch size = 128, early stopping =

True.

– 2nd stage: weight decay = 1.0, learning rate = 1e-5, optimizer = SGD, mo-

mentum = 0.9, number of epochs = 300, batch size = 128, early stopping =

False.

• CelebA: ResNet-50 pretrained on ImageNet.

– 1st stage: weight decay = 1e-4, learning rate = 1e-4, optimizer = SGD, mo-

mentum = 0.9, number of epochs = 300, batch size = 128, early stopping =

True.

– 2nd stage: weight decay = 0.1, learning rate = 1e-5, optimizer = SGD, mo-

mentum = 0.9, number of epochs = 300, batch size = 128, early stopping =

False.

3.8.3 Concept DRO Algorithm

Algorithm 1 presents the pseudocode for Concept DRO.
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Algorithm 1 Concept DRO (CDRO)

1: Input: Training dataset (Xtrain, Ytrain), validation dataset (Xval, Yval), spurious at-
tribute A = {a1, ..., am}, for each ai, a concept set Ci = {ci1, ..., cik}, and a contrastive
set Ni = {ni1, ..., nik}

2: Stage 1: Infer group labels
3: Train an ERM model on (Xtrain, Ytrain), take the first to penultimate layer as the feature

extractor f
4: for ai ∈ A do
5: Train a linear classifier on features of the corresponding concept and contrastive set,

f(Ci) and f(Ni); the coefficient of the classifier gives the CAVi in the direction of
concept ai

6: for X ∈ {Xtrain, Xval} do
7: Compute cosine similarity between CAVi and f(X), yielding similarity scores

sCAV(X)
8: Train a GMM on sCAV(X) with m mixtures
9: Label the spurious attribute of data points in the mixture of the highest mean as

ai
10: end for
11: end for
12: For the unlabeled data points, randomly assign ai from A
13: Stage 2: Optimize for worst-group loss
14: Use Group DRO with the inferred labels to optimize for worst-group loss
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Figure 3.5: Distributions of similarity between the CAV trained with out-of-distribution
concepts and training samples. The same separability pattern observed on validation data
(Figure 3.3) holds for training data.

3.8.4 Additional Results: Effectiveness on Training Set

Figure 3.5 presents the distributions of the training data by their cosine similarity scores to

the corresponding CAV for all three datasets, complementing the validation distributions

shown in Figure 3.3. The same pattern holds: peaks are separable and the peak with highest

similarity corresponds to the ground truth group label.

Table 3.6 shows that CDRO estimates group labels with high precision and recall on the

validation set as well.

Precision(%) Recall(%)

CMNIST 98.2 98.2
Waterbirds 88.6 86.4
CelebA 85.2 82.3

Table 3.6: Average precision and recall of the pseudo-group labels inferred by CDRO on
the validation set.
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3.8.5 Concept Prompt Quality

I describe the reasoning for the choices of prompts used to generate the concept images.

I design the prompts based on how much effort a hypothetical practitioner would spend

on curating the concepts. For example, to curate the concept Land Background and the

contrastive set Water Background, a practitioner might simply use the prompt “A photo of

land background” and “A photo of water background.” If the practitioner browses through

some examples of the dataset and learns that the dataset consists of waterbird and landbird

images, they might use prompts “A photo of landbird habitat” and “A photo of waterbird

habitat.” But the practitioner may know that the land backgrounds are primarily either

bamboo or broadleaf trees and that the water backgrounds are primarily either ocean or

lake settings, so they might use the more specific prompts “A photo of bamboo trees”

and “A photo of broadleaf trees” for land backgrounds and “A photo of ocean” and “A

photo of lake” for water backgrounds. Lastly, I also drew images with land background

and water background from the training data itself as a best-case baseline. I refer to these

strategies as distant from training distribution, somewhat near training distribution, near

training distribution, and in distribution, respectively.

For CelebA, I designed the prompts in a similar manner, such that prompts with more

information about the training data correspond to concepts that are nearer or further from

the training data distribution. Specifically, ordering from distant to near, I used prompts

“A photo of a female/male person,” “A photo of a female/male celebrity,” and “A photo

of a female/male celebrity face” for concept sets female and male, respectively. I also drew

labeled male and female images from the training data as a baseline.

3.8.6 Images Used to Learn Concepts

Figure 3.6 shows sampled Stable Diffusion generated images used for the Waterbirds dataset.

The first four images are generated with prompts “A photo of bamboo trees” (images 1 and

2) and “A photo of broadleaf trees” (images 3 and 4) to represent the concept of “land

background.” The latter four images are generated with prompts “A photo of lake” (images

5 and 6) and “A photo of ocean” (images 7 and 8) to represent the concept of “water
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background.”

Figure 3.6: Sampled Stable Diffusion generated images used for the Waterbirds dataset. Top
row: “A photo of bamboo trees” (1–2) and “A photo of broadleaf trees” (3–4) representing
“land background.” Bottom row: “A photo of lake” (5–6) and “A photo of ocean” (7–8)
representing “water background.”

Figure 3.7 shows sampled Stable Diffusion generated images used for the CelebA dataset.
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Figure 3.7: Sampled Stable Diffusion generated images used for the CelebA dataset. Top
row: “A photo of a female celebrity face” representing the concept of “femaleness.” Bottom
row: “A photo of a male celebrity face” representing the concept of “maleness.”
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Chapter 4

SPURIVERSE: BENCHMARKING SPURIOUS CORRELATIONS IN
LARGE VISION-LANGUAGE MODELS

4.1 Introduction

The shift from supervised learning to large pretrained vision-language models fundamentally

changes the nature of spurious correlations. In the supervised setting studied in Chapter 3,

the practitioner knows the task, controls the dataset, and can enumerate potential short-

cuts. In the pretrained setting, the model learns from web-scale data with uncontrolled

co-occurrence statistics, and the space of possible spurious correlations is effectively un-

bounded.

Existing benchmarks often study spurious correlations by collecting a training set with

an imbalanced distribution across spurious features and target labels [Sagawa et al., 2019,

Lynch et al., 2023, Joshi et al., 2023, Li et al., 2023b, Arjovsky et al., 2019]. These bench-

marks are particularly useful for investigating whether a model learns spurious correlations

when trained on a skewed distribution. However, when evaluating pre-trained large vision-

language models (LVLMs), curating an imbalanced dataset is ineffective due to distribution

shifts. Moreover, the presence of spurious correlations in these benchmarks relies on anno-

tations of spurious features and target labels. For example, in CelebA [Liu et al., 2015], the

comprehensive list of annotated face attributes allows one to recognize a strong correlation

between gender and hair color in the training set. Observing that the trained model achieves

low accuracy on non-blond males then confirms that the spurious correlation is captured by

the model. However, this approach only applies to a specific target label identified before-

hand. While one may consider annotating an extensive list of potential spurious features,

and examining correlations among all possible pairs, it is impractical to annotate them on

an LVLM’s web-scale pre-training data.

This chapter presents SpuriVerse, to my knowledge the first large-scale benchmark de-
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Figure 4.1: Curating SpuriVerse consists of 5 steps: (1) Derive errors from GPT-4o on
multi-modal multiple choice question benchmarks. (2) Two-stage verification: (a) Prompt
GPT-4o to identify errors attributable to spurious correlation and report candidate spurious
features, and (b) Human annotators verify the attribution and refine the spurious features
if necessary. (3) Prompt GPT-4o to generate two scene descriptions based on the correct
answer, one with and one without the spurious feature. (4) Generate 10 synthetic images
for each description in pairs using Stable Diffusion, forming spurious and core groups for
each sample. (5) Evaluate multiple LVLMs on both groups, and select those samples for
which the accuracy difference is at least 30% for any model.

signed to evaluate whether pretrained vision-language models are susceptible to diverse,

naturally occurring image-text spurious correlations. Rather than guessing candidates for

spurious features, I adopt a bottom-up approach (Figure 4.1): I (1) identify errors of a

strong LVLM on real-world visual-question-answering (VQA) benchmarks; (2) derive a sub-

set of errors attributable to spurious correlations via human–LVLM collaboration; then

(3) validate these derived samples by evaluating multiple LVLMs on synthetic counterfac-

tual examples with and without the spurious features. A significant accuracy drop when

spurious feature(s) are present indicates the model’s reliance on spurious correlation.

This process yields SpuriVerse, a novel multimodal benchmark comprising 124 distinct
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Figure 4.2: SpuriVerse consists of 124 distinct spurious correlations, each comprising 1
original example and 10 synthetic images. Both original and synthetic images share the
same multiple-choice question. Each image contains a feature that is spuriously correlated
with one of the choices, causing the model to make an error.

spurious correlations extracted from real-world datasets [Li et al., 2024a, Schwenk et al.,

2022, Li et al., 2023a, 2024b], each containing 11 VQA samples—1 from the original dataset,

referred to as the anchor, and 10 synthetic examples generated as part of the validation

process, referred to as the spurious group—for a total of 1,364 multiple choice questions

involving visual understanding. SpuriVerse affords evaluation of the susceptibility of LVLMs

to diverse spurious correlations in a generalized setting. Moreover, this diversity enables

investigation of whether models can learn to ignore spurious correlations as a meta-skill

that generalizes to unseen situations.

I evaluate 15 LVLMs, finding that even state-of-the-art closed-source models struggle

significantly, achieving only 35.0% accuracy on the anchor set—below random chance. No

prompting methods, including Chain-of-Thought [Wei et al., 2022], effectively mitigate the
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vulnerability. However, fine-tuning on a subset of SpuriVerse’s spurious group and evalu-

ating on the held-out set improves accuracy from 35.20% to 78.40% on previously unseen

spurious correlations for Qwen-2.5-VL-7B-Instruct. These results suggest that models can

learn a general meta-skill to avoid being distracted by a dominant correlation and pay more

attention to the overall scene. However, I also observe a trade-off in overall performance

(14% decrease on Qwen-2.5-VL-7B-Instruct), suggesting that models rely on these shortcuts

to deliver their performance.

The contributions of this chapter are three-fold:

1. Introducing the first spurious correlation benchmark centering diverse, natural, gen-

eral Q&A settings suitable for frontier LVLMs.

2. Demonstrating that fine-tuning models on a diverse set of images emphasizing a spu-

rious correlation improves accuracy on examples with unseen spurious features.

3. Revealing a trade-off between performance on samples with and without spurious

features, suggesting a relationship between spurious features and visual understanding:

when models are penalized for taking shortcuts, performance suffers.

4.2 How the Counterfactual Comparison Changes at Web Scale

Before describing the benchmark, it is worth articulating precisely how the counterfactual

comparison of Chapter 1 must change once the model is a pretrained vision-language model

rather than a supervised classifier.

Source. Where supervised datasets are constructed by human annotators making dis-

crete labeling decisions, pretraining corpora are scraped from the open web with minimal

curation. The spurious correlations that enter the system are not artifacts of labeling choices

but reflections of how the world is photographed and described online. Fire trucks co-occur

with firefighters, ski poles co-occur with skiing, and fish co-occur with fishermen in web

images. These correlations reflect genuine statistical regularities in the visual world that

happen to be unreliable for reasoning, and no one curated them deliberately. One cannot

audit web-scale data for every co-occurrence pattern a model might exploit.
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Detectability. Worst-group accuracy is no longer sufficient because groups are not

predefined. The practitioner does not know in advance which co-occurrences will cause

failures. Detection requires counterfactual evaluation: constructing paired examples with

and without the spurious feature and measuring whether the model’s behavior changes.

Intervention. Data-level fixes are impractical because the data is too vast to curate

retroactively. Intervention must target the model rather than the data. As the results will

show, fine-tuning on diverse spurious examples can improve robustness, but at a cost to

accuracy on non-spurious examples.

4.3 Related Work

4.3.1 Benchmarks for Spurious Correlations

Benchmarks for studying spurious correlations in a classification setting are common [Ar-

jovsky et al., 2019, Joshi et al., 2023, Li et al., 2023b, Koh et al., 2021, Lynch et al., 2023, Ye

et al., 2024, Zech et al., 2018]. Two popular vision benchmarks are Waterbirds [Sagawa et

al., 2019] and CelebA [Liu et al., 2015]. Waterbirds is a dataset of water/land birds super-

imposed on either a water or land background; the model learns to rely on the background

during training and therefore makes mistakes when the background is swapped. CelebA

contains images of celebrities’ faces and is known for its strong correlation between gender

and hair color. Two popular language benchmarks are MultiNLI [Williams et al., 2018] and

CivilComments-WILDS [Koh et al., 2021]. In MultiNLI, the task is to classify whether the

second sentence is entailed by, neutral with, or contradicts the first sentence; the dataset

contains a strong correlation between negation words and contradictions. CivilComments-

WILDS is a dataset of online comments, with the goal of predicting toxicity, and the target

label is correlated with the mention of certain demographic identities. These datasets focus

on one task and contain only a few spuriously correlated attributes. Recent work introduces

several synthetic datasets with multiple spurious correlations [Lynch et al., 2023, Joshi et

al., 2023, Li et al., 2023b]. However, the number of spurious correlations and tasks in these

benchmarks remains limited. These benchmarks emphasize a narrow task with foreknowl-

edge of group and feature labels; SpuriVerse instead evaluates whether pretrained LVLMs
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are susceptible to spurious correlations in general settings.

The work most closely related to SpuriVerse is MMSpuBench [Ye et al., 2024], a VQA

benchmark that asks a model to choose which feature is best used to identify an object in an

image. The choices include three spurious and one core feature. However, the faithfulness

of the response is unclear: the model may still be using the core attribute to correctly

identify the object despite selecting a spurious feature as its response. SpuriVerse shows

that existing LVLMs make mistakes attributable to spurious correlations, achieving at best

35.0%.

4.3.2 Methods for Mitigating Spurious Correlations

Previous approaches for mitigating spurious correlations typically require foreknowledge of

correlated attributes [Sagawa et al., 2019, Sohoni et al., 2020, Zhang et al., 2022, Liu et

al., 2021, Kirichenko et al., 2022]. Group DRO explicitly optimizes model performance

on worst-case groups identified by spurious attributes [Sagawa et al., 2019]. Just-Train-

Twice [Liu et al., 2021] and variants rely on two-stage pipelines where initial models identify

errors or minority groups, which subsequently inform reweighting during retraining. Recent

methods, such as Concept Correction [Yang et al., 2024] (Chapter 3), use out-of-distribution

examples to infer spurious attributes without requiring explicit labels. However, these

methods generally assume a task-specific fine-tuning setting, limiting applicability to off-

the-shelf LVLM deployments. In contrast, SpuriVerse demonstrates that fine-tuning on

diverse examples can generalize to unseen situations.

4.3.3 Benchmarks for LVLMs

The recent proliferation of benchmarks for LVLMs [Fu et al., 2024, Yue et al., 2024, Liu et

al., 2024, Schwenk et al., 2022, Li et al., 2024b] focuses extensively on assessing capabilities

in perception, reasoning, and knowledge across diverse domains. Concurrently, specialized

benchmarks target critical LVLM shortcomings, such as hallucinations [Guan et al., 2024].

SpuriVerse uniquely investigates another fundamental vulnerability: susceptibility to gen-

eralized spurious correlations.
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4.4 Benchmark Curation

4.4.1 Motivation

In the task-oriented setting, spurious correlations arise from non-representative correlations

between features and target labels in the training data. While spurious correlations surely

exist in large-scale and diverse pre-training data, it is impractical to identify a representative

set of specific correlations and use them for mitigation. I instead adopt a data-driven

approach, using existing LVLM benchmarks that assess a variety of model capabilities, then

identifying which errors are attributable to spurious correlations.

4.4.2 Curation Pipeline

Step 1: Select a challenging set. I start with the error set of a strong model, GPT-4o,

on a collection of commonly used multi-modal multiple-choice question-answering bench-

marks, including SEEDBench [Li et al., 2023a], SEEDBench2 [Li et al., 2024b], Natural-

Bench [Li et al., 2024a], and AOKVQA [Schwenk et al., 2022]. This process produces 11,225

samples in the error set from 55,911 total samples.

Step 2: Two-stage verification. Given these challenging samples, I first prompt GPT-

4o to examine whether the error can be attributed to spurious correlation and, if so, to

propose candidate spurious features. This process results in 1,717 samples being VLM

Accepted. Human annotators then review each sample to (1) validate that the error can be

attributed to spurious correlation and (2) refine the proposed spurious features if necessary.

This process produces 194 samples being Human Accepted.

Step 3: Generate counterfactual scene descriptions. To verify that the error is

attributable to the identified spurious attribute, I generate counterfactual images based on

the question and answer that do not include the spurious feature. For example, a person

holding an umbrella may mislead the model into incorrectly guessing the weather is rainy

despite visible sunlight; I seek images for which the answer is “sunny” both with and without

an umbrella. Specifically, for each image-question-answer triple (i, q, a), I prompt an LLM
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to generate a core group description (CGD) and a spurious group description (SGD). For

both descriptions, the prompt includes the question q and the answer a, but for the SGD,

the model is instructed explicitly to include the spurious attribute. The result is that for

each sample (i, q, a) there are two associated scene descriptions dspuriousi and dcorei .

Step 4: Generate synthetic images. I use the pairs of scene descriptions from Step 3

to generate a set of 10 core images (the core group) and 10 spurious images (the spurious

group) using Stable Diffusion [Podell et al., 2023]. I employ human verification to ensure

that the generated images are faithful to the scene descriptions with the appropriate spurious

and core features, where core features means features associated with the correct answer.

I manually edit the scene descriptions to improve their faithfulness if applicable. At this

point, each sample si has two sets of images, Gspurious
i and Gcore

i , where the size of each

group is 10.

Step 5: Verify by Core vs. Spurious. Since the spurious feature was removed from

the core group, I expect that performance on the counterfactual core group should be higher

than that of the spurious group. To validate this assumption, I measure accuracy on both

groups and only retain those samples that exhibit at least a 30% difference in accuracy in

at least one of GPT-4o, Gemini 2.0 Flash, or Qwen-VL-Max.

Concretely, let Acc(f,G, s) be the accuracy of model f on a group of images G associated

with sample s. The selected samples for a particular model f are:

Sanchor,f = {si | Acc(f,Gcore
i , si)−Acc(f,Gspurious

i , si) ≥ ϵ}. (4.1)

Aggregating on the set F of strong base models yields the final anchor set:

Sanchor =
⋃
f∈F
Sanchor,f =

{
si

∣∣∣∣ max
f∈F

[
Acc(f,Gcore

i , si)−Acc(f,Gspurious
i , si)

]
≥ ϵ

}
. (4.2)
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4.4.3 Categories of Spurious Correlations

As discussed in prior work [Geirhos et al., 2020], spurious correlations can be grouped into

several high-level categories. To systematically understand the types of spurious correlations

commonly found in real-world datasets, I presented all 124 identified correlations to GPT-

4.5, requesting that it categorize each one, and manually reviewed each category label for

correctness. Table 4.1 shows the categories, and Figure 4.3 shows the proportion and per-

category accuracy.

Category Description Example

Object co-
occurrences

Model incorrectly predicts based on com-
monly associated objects appearing to-
gether.

Misclassifying a person as skiing
when they are walking with ski
poles.

Contextual cues Model mispredicts based on background
context rather than the main subject it-
self.

Misclassifying a person as wet be-
cause they are near a lake.

Visual predominance Model misclassifies due to focusing on
the most visually dominant object in the
scene.

Misclassifying someone sitting in the
corner due to a figure jumping cen-
trally.

Physical properties Model confuses items based on their
texture, material, or other physical at-
tributes.

Misclassifying a scarf as a stuffed
toy.

Visual resemblance Model mistakes an object for another be-
cause they look visually similar.

Misclassifying a mannequin as a real
person.

Spatial relationships Model misinterprets actions or interac-
tions based on object positions or orien-
tations.

Misclassifying someone as kicking
another due to proximity of their
legs.

Table 4.1: Categories of spurious correlations identified in SpuriVerse.

4.4.4 Final Benchmark

SpuriVerse contains 124 spurious correlations, each with 1 anchor question (from real VQA

data) and 10 synthetic questions (5 spurious, 5 non-spurious), for a total of 1,364 multiple-

choice questions with 4 answer options each. The 124 correlations span six categories,

reflecting different mechanisms by which co-occurring features mislead models: object co-

occurrences (38 correlations), contextual cues (27 correlations), visual predominance (22
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(a) Overview of SpuriVerse (b) Accuracies of LVLMs per category

Figure 4.3: Categories of spurious correlations. Visual predominance and object co-
occurrence make up 37.1% and 33.1% of SpuriVerse, respectively. Only 2 spurious cor-
relations fall under spatial relationships. LVLMs tend to do better on visual resemblance
and spatial relationships, achieving more than 50% accuracy, and achieve less than 50%
accuracy on all other categories.

correlations), physical properties (16 correlations), visual resemblance (12 correlations),

and spatial relationships (9 correlations).

4.5 Experimental Setup

I evaluate SpuriVerse on 15 recent LVLMs, including both open-source models (Llama-3.2-

11B-Vision-Instruct, Llama-3.2-90B-Vision-Instruct, Qwen-2.5-VL-7B-Instruct, Qwen-2.5-

VL-32B-Instruct, LLaVA-v1.5, LLaVA-v1.6 7B) and closed-source models (GPT-4o, GPT-

4o-mini, o4-mini, o3, Gemini 1.5 Pro, Gemini 2.0 Flash, Claude 3.7 Sonnet, Qwen-VL-Max,

Qwen-VL-Plus). Results are reported on the anchor set (124 samples), their corresponding

spurious groups (124 × 10 samples), and non-spurious samples drawn randomly from the

source benchmarks (1,240, with the same benchmark distribution as the anchor set).

I also evaluate three prompting strategies:

• Direct Prompting: The standard prompt with the question and answer options.
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• Chain of Thought [Wei et al., 2022]: The model is asked to reason step by step

before answering.

• Spurious Aware: The model is explicitly warned that the image may contain mis-

leading co-occurring features, asked to describe potential spurious features, and in-

structed to answer without relying on them.

Finally, I evaluate fine-tuning on different subsets of the data: the anchor set, the

spurious group, the non-spurious set, and a mixed set combining spurious and non-spurious

samples. For all fine-tuning experiments, both the anchor set and the spurious groups are

divided into train/val/test sets according to a 70/10/20 ratio. All fine-tuning results are

measured across 5 seeds, where each seed corresponds to a different split of the data. I fine-

tuned Llama-3.2-11B-Vision-Instruct and Qwen-2.5-VL-7B-Instruct using Unsloth [Han et

al., 2023] with LoRA (rank 16, α = 16, dropout 0), training for 10 epochs with learning

rate 2 × 10−4, AdamW optimizer with 8-bit quantization, linear learning rate scheduling,

and maximum sequence length of 2,048 tokens.

4.6 Results

4.6.1 Main Results

Table 4.2 shows that all LVLMs perform worse than random guess on the anchor set.

The best open-source model, Qwen-2.5-VL-7B, achieves 35.0% accuracy, lagging behind

random guess by 5.7%. The LVLMs perform slightly better on the spurious group, with

o4-mini achieving the highest accuracy of 50.45%, outperforming random guess by 9.75%.

The increase in accuracy is expected because the spurious group is synthesized based on

attributes extracted from the anchors, which inherently leads to a decrease in complexity.

All LVLMs perform significantly better on non-spurious samples. The accuracy gap between

the anchor set and non-spurious samples ranges from 39.65% to 64.92%. The accuracy gap

between the spurious groups and non-spurious samples (∆NS-S) ranges from 33.24% to

51.63%. These results demonstrate that (a) the spurious samples are challenging for all

models, and (b) the difficulty is attributable to the presence of the spurious attribute.
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Model Anchor (%) Spurious (%) Non-spurious (%) ∆NS-A(%) ∆NS-S(%)

Open-Source Models
Llama-3.2-11B 25.320.82 29.890.14 73.210.25 47.89 43.32
Llama-3.2-90B 31.451.25 36.740.41 79.350.15 47.90 42.61
Qwen-2.5-7B 35.000.65 41.600.52 77.870.24 42.87 36.27
Qwen-2.5-32B 33.060.72 44.970.33 80.740.49 47.68 35.77
LLaVA-1.5 28.711.09 28.180.46 68.350.73 39.65 40.18
LLaVA-1.6 29.682.99 28.611.13 71.320.75 41.65 42.71

Closed-Source Models
Qwen-VL-Max 27.100.97 43.320.45 78.900.08 51.81 35.58
Qwen-VL-Plus 28.060.94 35.920.43 71.500.06 43.44 35.58
GPT-4o 17.261.81 47.211.24 82.180.71 64.92 34.97
GPT-4o-mini 18.871.66 23.951.00 75.580.48 56.71 51.63
Gemini-1.5-Pro 21.770.00 40.190.06 78.020.06 56.24 37.82
Gemini-2.0-Flash 25.321.31 35.270.63 81.890.37 56.56 46.61
Claude-3.7-Sonnet 25.651.07 41.210.46 76.690.37 51.05 35.48
o4-mini 33.871.35 50.450.72 83.690.56 49.82 33.24
o3 31.942.08 50.340.38 85.050.78 53.11 34.71

Random 40.70 40.70 40.70 0.00 0.00

Table 4.2: Performance of 15 LVLMs on SpuriVerse. All models perform worse than random
guess (40.7%) on the anchor set. Subscripts denote standard deviation across evaluation
runs. (∆NS-A: Non-spurious − Anchor; ∆NS-S: Non-spurious − Spurious).

In addition, Figure 4.3b shows the accuracies of select models per category. Overall,

LVLMs tend to perform better on spatial relationships and visual resemblance, achieving

more than 50% accuracy. The especially high accuracy of Llama-3.2-11B and Llama-3.2-

90B on spatial relationships is likely because only 2 spurious correlations fall under this

category. For the other four categories (contextual cues, object co-occurrence, physical

properties, visual predominance), all models obtain less than 50% accuracy.

4.6.2 Prompting Strategies

Table 4.3 shows the effectiveness of different prompting strategies. Chain of Thought shows

insignificant improvements on both the anchor set and spurious groups for all three models,

while Spurious Aware shows moderate improvements. However, even the best combination

of Qwen-2.5-VL-7B-Instruct and Spurious Aware achieves only 51.61% on the anchor set,

merely 10.91% above random guess. These results suggest that prompting alone is unlikely

to provide a general solution to the problem.
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Model Prompt Strategy Anchor (%) Spurious (%) Non-spurious (%)

GPT-4o
Direct Prompting 16.13 42.90 80.48
Chain of Thought 25.00 48.39 77.74
Spurious Aware 41.94 58.06 78.55

Llama-3.2-11B
Direct Prompting 35.48 29.84 69.60
Chain of Thought 33.06 38.23 70.48
Spurious Aware 50.00 52.50 69.35

Qwen-2.5-7B
Direct Prompting 37.90 41.77 70.24
Chain of Thought 37.90 48.79 74.68
Spurious Aware 51.61 56.94 72.18

Table 4.3: Effectiveness of prompting strategies on SpuriVerse. Chain of Thought shows
insignificant improvement, while Spurious Aware moderately improves over Direct Prompt-
ing.

4.6.3 Fine-Tuning Generalizes to Unseen Spurious Correlations

Can a diverse set of spurious correlations be used to help the model generalize to unseen

spurious correlations? I explore this question by fine-tuning on subsets of SpuriVerse and

testing on held-out spurious correlations. I divided both the anchor set and the spurious

groups into train/val/test sets according to the ratio of 70/10/20. I fine-tuned Llama-

3.2-11B-Vision-Instruct and Qwen-2.5-VL-7B-Instruct on the train and val sets of anchors

and spurious groups, respectively, and evaluated on the test sets. As a baseline, I also

considered the non-spurious set, sampled randomly from the source benchmarks with the

same benchmark distribution as the anchor set. I also fine-tuned on the “Mixed set,” a

concatenation of spurious groups and the non-spurious set.

Table 4.4 shows that fine-tuning on the anchor set improves performance on held-out

anchors and spurious samples for both models. For example, fine-tuning Llama-3.2-11B-

Vision-Instruct increases accuracy from 41.60% to 59.20% on anchors, and from 39.20% to

60.48% on spurious samples. On the other hand, fine-tuning on non-spurious samples shows

only slight improvement for Llama and slight performance decline for Qwen. In particular,

Llama’s accuracy increases to 48.80% on anchors and 51.36% on spurious samples, while

Qwen’s accuracy decreases from 35.20% to 34.40% on anchors and from 41.92% to 38.24%

on spurious samples.
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While fine-tuning on the original anchor set improves performance, fine-tuning on syn-

thetically generated spurious samples produces substantially greater improvements. Llama

improves from 41.60% to 80.00% on anchors and from 39.20% to 79.12% on spurious sam-

ples. This suggests that synthetic examples, which allow increasing the training size, are

effective for generalizing to unseen spurious correlations. However, the dramatic increase in

accuracy on spurious correlations comes at the cost of accuracy on non-spurious samples.

In particular, Llama’s accuracy drops from 73.44% to 56.80% when fine-tuned on spurious

samples, and drops to 66.48% when fine-tuned on anchors.

To balance the trade-off between accuracies on spurious and non-spurious samples, I

consider fine-tuning on the Mixed set. In comparison to fine-tuning on spurious samples only,

fine-tuning on the Mixed set greatly improves models’ accuracies on non-spurious samples,

while trading off some performance on the anchor set and spurious groups. Specifically,

fine-tuning on the Mixed set improves Llama’s accuracy from 41.60% to 71.20% on anchors

and from 39.20% to 68.88% on spurious groups, lagging behind fine-tuning on spurious

groups by 8.80% on anchors and 10.24% on spurious groups, while improving from 56.80%

to 64.72% on non-spurious samples.

Fine-tune Setup
Anchor Spurious Non-spurious

Llama Qwen Llama Qwen Llama Qwen

Anchor 59.207.76 45.606.97 60.483.02 45.126.79 66.483.69 81.362.91

Spurious 80.009.12 78.403.20 79.125.52 75.606.20 56.802.10 67.203.65
Non-spurious 48.806.40 34.404.08 51.362.70 38.246.95 71.202.16 79.842.38
Mixed 71.203.92 64.806.40 68.887.75 64.649.54 64.721.09 74.482.56
No fine-tuning 41.606.50 35.202.99 39.203.29 41.926.00 73.443.36 81.201.84

Table 4.4: Fine-tuning generalizes to unseen spurious correlations. Fine-tuning on spurious
examples produces the largest improvement on held-out spurious correlations, but trades
off non-spurious accuracy. Fine-tuning on the Mixed set balances this trade-off. Subscripts
denote standard deviation across 5 seeds.

4.6.4 Trade-off Between Accuracies on Spurious and Non-Spurious Samples

I investigate the trade-off between accuracies on spurious and non-spurious samples further

by controlling the proportion of spurious samples in the fine-tuning set. I focus on the
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spurious group as it demonstrates significant improvement as well as a significant trade-off

in Table 4.4. I split the spurious group into train/test with a ratio of 80/20. Then, for the

train set, I keep a fraction of the set and replace the others with random samples from the

source benchmarks. I vary the fraction from {0%, 20%, 40%, 60%, 80%, 100%}. The train set

is further split into 87.5/12.5, so that the final train/val/test follows the ratio of 70/10/20

while keeping the distribution of train and val set the same. All splits and removals are

performed on the type of spurious correlation rather than individual samples to ensure I

am measuring generalization to unseen cases.

Figure 4.4 shows that, as the number of spurious correlations increases, both Llama-3.2-

11B-Vision-Instruct and Qwen-2.5-VL-7B-Instruct’s accuracies increase on both the anchor

set and the spurious groups, suggesting that diversity of spurious correlations can indeed

improve generalization. Further, both models’ accuracy decreases on the non-spurious sam-

ples, suggesting that the models may rely on shortcuts to achieve high performance. This

trade-off between robustness and accuracy has a precise analog in the supervised setting,

where Group DRO and related methods improve worst-group accuracy at a cost to aver-

age accuracy. The difference is that here the trade-off operates across types of spurious

correlations rather than within a single known correlation.

(a) Qwen-2.5-VL-7B-Instruct (b) Llama-3.2-11B-Vision-Instruct

Figure 4.4: Accuracy–robustness trade-off. As the number of spurious correlations in the
fine-tuning set increases, both models’ accuracies increase on the anchor set and spurious
groups, and decrease on non-spurious samples. Error bars represent standard deviation
across runs.
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4.7 Analysis

4.7.1 Model Size and Robustness

Larger models do not uniformly improve robustness to spurious correlations. While larger

models achieve higher non-spurious accuracy (e.g., o3 achieves 85.05% on non-spurious

samples, the highest among all models), the gap between spurious and non-spurious per-

formance (∆NS-S) remains substantial across all model sizes. Comparing within the Llama

family, Llama-3.2-90B achieves 79.35% non-spurious accuracy versus 36.74% spurious ac-

curacy (∆NS-S = 42.61%), while the smaller Llama-3.2-11B achieves 73.21% non-spurious

versus 29.89% spurious (∆NS-S = 43.32%). The gap is comparable despite the 8× size differ-

ence. This suggests that scaling alone does not address the underlying tendency to exploit

co-occurrence statistics.

4.7.2 Reasoning Models

The reasoning models o3 and o4-mini represent an interesting case. They achieve the

highest spurious-group accuracies among all models (50.34% and 50.45%, respectively) and

the highest non-spurious accuracies (85.05% and 83.69%). Their ∆NS-S values (34.71%

and 33.24%) are among the lowest, suggesting that explicit reasoning chains may partially

help resist spurious correlations. However, even these models remain far below non-spurious

performance on spurious examples, and their anchor accuracy (31.94% and 33.87%) remains

below random chance.

4.7.3 The Meta-Skill Hypothesis

The fine-tuning results in Table 4.4 suggest that avoiding spurious correlations can be

learned as a transferable meta-skill. Fine-tuning on spurious examples from a training

subset of spurious correlations generalizes to a held-out subset of spurious correlations that

the model has never seen. This generalization is remarkable: the training and test sets

contain entirely different types of spurious correlations (e.g., training may include object

co-occurrences while testing includes visual resemblance). The model appears to learn a
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general strategy—attending to broader scene context rather than dominant features—that

transfers across correlation types.

The scaling analysis in Figure 4.4 further supports this hypothesis: more diverse train-

ing correlations lead to better generalization. However, the associated drop in non-spurious

accuracy reveals that this meta-skill has a cost. Models may fundamentally rely on dom-

inant co-occurrences to achieve strong performance, and learning to ignore them degrades

performance when those co-occurrences are genuinely informative.

4.8 Relation to the Counterfactual Framework

SpuriVerse instantiates the counterfactual probe of Chapter 1 in the multimodal-pretraining

paradigm. The target B is fixed not by a training label but by the query: for a given image

and multiple-choice question, the correct answer defines the concept the model should use.

The shortcut feature A is an incidental visual correlate, and the comparison is the same

as before—hold B fixed, vary A, and check whether the answer follows A. Of the three

practical questions in Section 1.2, this chapter answers the first : which feature A to vary is

not given in advance and must be discovered.

Where the comparison can be run. The model learns from (image, caption) pairs

scraped from the web at scale, with no fixed task or label. The (image, text) co-occurrences

reflect how the world is photographed and described online, so the space of candidate

shortcuts is open-ended and the relevant A depends on what the model is queried about.

What the shortcut is. A correlation between an image feature and a text feature—fire

trucks raise the likelihood of “firefighter,” ski poles raise the likelihood of “skiing,” fish raise

the likelihood of “fisherman”—that is predictive but not what the query asks the model to

use.

How detection works. Counterfactual image pairs. Worst-group accuracy is no longer

applicable because the space of potential shortcuts is not bounded by a label, so the can-

didate A must first be surfaced. The bottom-up curation pipeline in this chapter discovers

and verifies 124 such correlations and builds paired examples, each holding the queried con-

cept fixed and toggling the suspected feature, then measures whether the model’s response

shifts across the pair.
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How mitigation works. Fine-tuning on diverse counterfactual examples. Data-level

rebalancing is impractical at web scale, so the correction operates on the model’s representa-

tions directly—the level at which the shortcut now resides. Fine-tuning on a held-out subset

of SpuriVerse improves accuracy on unseen spurious correlations from 35.2% to 78.4% on

Qwen-2.5-VL-7B-Instruct, indicating that resistance to spurious correlations can be learned

as a transferable skill.

One observation from this chapter sits outside what the counterfactual lens addresses:

scaling model size does not resolve the problem, as even the largest models show substantial

gaps between spurious and non-spurious accuracy. The accuracy–robustness trade-off that

accompanies fine-tuning is documented with the results in Section 4.6.4.

4.9 Experimental Details

4.9.1 Prompts Used for Dataset Curation

Step 1: Select a challenging set. The following template was used to prompt GPT-4o

to find the error set on each source benchmark:

System Prompt: You will be given an image, and a multiple choice question regarding

the image. You will provide your answer as one of the options (A), (B), (C), or (D).

You will answer correctly. You will not use any fullstops or punctuation. You will not

explain your answer or write words before or after the answer. Only the answer itself

will you respond with.

User Prompt: [Image] Question: {question} Options: (A) {A} (B) {B} (C) {C} (D)

{D}. Please select the correct answer from the options above.

Step 2: Two-stage verification. The following prompt was used to determine whether

a sample falls into the VLM Accepted subset:

System Prompt: You are a helpful assistant to determine if a model’s error is caused

primarily by spurious correlations, patterns that can often be used to predict the target,

but are not actually causal.
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User Prompt: [Image] Given this image, a Large Multi-modal Model was asked,

{question}, and given the choices: (A) {A} (B) {B} (C) {C} (D) {D}. The model

chose {prediction} and the correct answer is {answer}. The error is most likely due to

spurious correlation. List the top two spurious attributes that the model may have used

to predict the wrong answer {prediction}.

Step 3: Generate counterfactual scene descriptions. The following prompt was

used to generate the pairs of counterfactual scene descriptions:

[Image] You are given the following: question: {question}, answer: {answer}, spurious

attribute: {attributes}. Based on the question and the answer, generate a description

of a scene such that when the question is asked, the answer is {answer}. Keep the

description to one short sentence. Write another one sentence description that includes

the spurious attribute while maintaining the same context. Return the response in

JSON format with the two keys: “positive” and “negative” where “positive” describes

the scene with the spurious attribute and “negative” describes the scene without the

spurious attribute.

4.9.2 Prompts Used for Evaluation

For the main evaluation, I used the same prompt template as Step 1 above. For Chain

of Thought, the system prompt was: “You will be given an image, and a multiple choice

question regarding the image. Think step by step and give a final answer. You will include

one of the choices (A), (B), (C), or (D) in your final answer.” For Spurious Aware, the

system prompt was: “You will be given an image, and a multiple choice question regarding

the image. Be aware that there may be some spurious features in the image that associate

with some of the options. Describe the potential spurious features. Then give an answer

without using the spurious features. You will include one of the choices (A), (B), (C), or

(D) in your final answer.”

4.9.3 Fine-Tuning Details

I fine-tuned both Llama-3.2-11B-Vision-Instruct and Qwen-2.5-VL-7B-Instruct using Un-

sloth [Han et al., 2023]. Both models were 4-bit quantized. The LoRA configuration used
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rank 16, α = 16, dropout 0, with no bias, fine-tuning both vision and language layers as

well as attention and MLP modules. The SFT configuration used per-device train batch

size 2, gradient accumulation steps 4, warmup steps 5, 10 training epochs, learning rate

2 × 10−4, AdamW 8-bit optimizer, linear learning rate scheduling, weight decay 0.01, and

maximum sequence length 2,048. Model selection was performed using validation loss with

early stopping.

The instruction format during fine-tuning was:

[Image] Question: {question} Options: (A) {A} (B) {B} (C) {C} (D) {D}. Please select

the correct answer from the options above.

4.9.4 Robustness–Accuracy Trade-off Sampling Procedure

The procedure for replacing spurious samples with non-spurious samples in the scaling

experiment uses the anchor set Sanchor as the reference to determine the distribution of

source benchmarks in the training set. If a sample si in Sanchor is determined to use non-

spurious samples, then 10 images are randomly sampled from the source benchmark si

originates from. Otherwise, the original spurious group images Gi of size 10 are used. The

full procedure is detailed in Algorithm 2.

Algorithm 2 Sampling procedure to replace spurious samples with non-spurious samples

Input: anchor set Sanchor, spurious fraction r, spurious group samples G, benchmark
samples B
Let b(s) be the source benchmark of a sample s
Strain,Stest ← random split(Sanchor, [0.8, 0.2])
Strain, spur,Strain, non ← random split(Strain, [r, 1−r])
S ′train ← {}
for si ∈ Strain, spur do

Add Gi to S ′train
end for
for si ∈ Strain, non do

j ← b(si); sample 10 random examples from Bj ; add to S ′train
end for
S ′′train,S ′′val ← random split(S ′train, [0.875, 0.125])
Output: S ′′train,S ′′val,Stest
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4.9.5 Compute Resources

The experiments were conducted on 4×NVIDIA H100 GPUs (4×95,830 MB). Since both

models are 4-bit quantized and optimized with Unsloth, approximately 12 GB of GPU mem-

ory is sufficient for fine-tuning. Fine-tuning each model on spurious/non-spurious groups

for 10 epochs takes about 3 hours on a single H100. The total compute time for the main

fine-tuning experiments is approximately 90 hours (3 setups×2 models×5 seeds×3 hours).

The robustness–accuracy trade-off experiment required approximately 180 hours (6 setups×

2 models× 5 seeds× 3 hours).

4.9.6 Dataset Cost

I used Stable Diffusion to generate the synthetic images for verifying the spurious correla-

tions. In the curation pipeline, 194 samples were selected after the human–VLM verification

step. I thus generated 194× 2× 10 = 3,880 images using Stable Diffusion Ultra. Since gen-

erating each image costs 8 credits and each credit costs $0.01, the total cost is $310.40.

4.9.7 Limitations

Curation bias. Two forms of bias can exist in the curation pipeline. First, I use GPT-4o

as the single strong model in the early steps of the pipeline, which can limit the discovered

correlations to those closer to its training distribution. However, the final counterfactual

verification step mitigates this potential bias. Second, the human annotations were per-

formed by two contributors on the team with agreement; there can be annotation variance

with other annotators.

Sample format. In the collection of existing benchmarks, I use only multiple-choice

question-answering benchmarks because they limit the output space compared to open-

generation format, allowing easier investigation into why a model makes an incorrect pre-

diction. Extending to open-generation format would require another layer of evaluation

that captures the concepts in generated outputs, either through LLM-as-a-judge or human

annotations.
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Chapter 5

SPURIOUS TOOL USE IN RL-TRAINED LANGUAGE AGENTS

5.1 Introduction

The first two studies of this dissertation examine spurious correlations in the final output

of a model: an incorrect class label (Concept Correction) or an incorrect answer choice

(SpuriVerse). The counterfactual logic of the dissertation extends to a third level. Modern

LLM agents trained with reinforcement learning interleave reasoning with external tool

calls—invoking web search, executing code, querying databases—before producing a final

answer. These tool-selection decisions are themselves a site where spurious correlations can

take hold.

The integration of external tools has transformed large language models from static text

generators into interactive agents capable of sequential decision-making [Yao et al., 2022,

Schick et al., 2023, Gao et al., 2023]. Agent behavior is predominantly optimized through

reinforcement learning (RL), which trains agents to maximize task reward by learning when

to invoke each tool. However, this optimization process introduces a subtle vulnerability:

rather than learning the intrinsic task requirements that necessitate a tool, agents may

instead exploit superficial prompt features that spuriously correlate with high reward during

training.

This failure mode is distinct from the more commonly studied problem of inefficient

or excessive tool use. I instead focus on cue-driven spurious tool selection, where an

agent invokes a tool not because the task requires it, but because a superficial prompt

feature—such as a formatting tag—has become spuriously associated with that tool during

training. Crucially, this shortcut operates at the level of intermediate policy decisions

(which tool to call), rather than at the level of final predictions (what answer to produce).

In supervised settings, shortcut learning typically manifests as incorrect predictions on

individual examples [Geirhos et al., 2020, Gururangan et al., 2018]. In contrast, for RL-
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Figure 5.1: Overview of shortcut formation in tool-using RL agents.
(A) During training, factual questions (NQ) are paired with a search-semantic cue
(<answer></answer>) and typically solved via web search, while math questions (Deep-
Math) require a Python interpreter. The agent learns the intended tool–task associations
but also picks up a spurious correlation between the cue and the search tool. (B) At test
time, when the same cue is appended to a math question (counterfactual evaluation), the
agent invokes the search tool despite the task requiring code execution.

trained agents, the effects can be harder to detect: an unnecessary tool call does not always

degrade the final answer. For example, an agent may invoke search, ignore the result, and

still produce a correct response. As a result, these spurious behaviors can persist undetected

under standard evaluation protocols that focus solely on final-answer correctness.

I study this problem and uncover a troubling asymmetry: shortcut vulnerability

is strongly associated with task competence. In my experiments, spurious cue–tool

associations form only for tools the agent has already learned to use reliably, suggesting that

improving agent capability may simultaneously increase susceptibility to shortcut learning.

The contributions of this chapter are:

1. I formalize and operationalize spurious tool use, defining tool spurious correlation

as cue-driven inflation of tool-selection probability for a functionally inappropriate

tool (Definition 1), and operationalizing it via counterfactual evaluation groups that

measure the causal effect of cue presence on tool-call rates (∆ToolY -N ).

2. I show that shortcut formation is strongly coupled with task competence, not just

group imbalance. Search-semantic cues induce spurious search calls on math tasks
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(up to +39.2%), but code-semantic cues produce no analogous effect despite identical

group imbalance. The asymmetry tracks a difference in learning progress: the agent

learns the search task but not the code task.

3. I demonstrate that semantic alignment between cue and tool amplifies the effect. A

swapped-cue experiment shows that code-semantic cues paired with the well-learned

factual task produce only marginal spurious tool use (∆Search ≤ 3.5%), far below the

up to 39.2% with semantically aligned cues.

4. I propose a dense tool-necessity reward that mitigates shortcuts. An LLM judge eval-

uates whether each tool call is necessary, providing per-decision feedback independent

of surface cues. This reward substantially suppresses cue-driven tool use in the tested

settings without reducing task accuracy.

5.2 Problem Formalization

5.2.1 Spurious Correlations in Tool Selection

I extend the group-robustness framework of Sagawa et al. [2019] to tool-using agents, where

the spurious correlation manifests in an intermediate decision—tool selection—rather than

in the final prediction.

Given an input query x = (xc, a), where xc denotes causal features (the question content)

and a ∈ A is a spurious attribute (a formatting cue), the agent selects a tool T ∈ T according

to its policy πθ(T | x) and receives a binary reward R ∈ {0, 1} after execution. The expected

reward decomposes as:

P (R=1 | x) =
∑
T∈T

πθ(T | x) P (R=1 | x, T ),

where P (R=1 | x, T ) is the functional utility of tool T for the task.

A key property of tool-use shortcuts is that the spurious tool call need not cause task

failure: an agent may invoke an unnecessary search, ignore the result, and still produce the

correct answer. This means shortcuts can persist even under reward signals that evaluate
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only final-answer correctness. I capture this with the following definition.

Definition 1 (Tool Spurious Correlation). A policy πθ exhibits spurious correlation with

attribute a for tool Ts if the presence of a inflates the probability of selecting Ts beyond what

the task-relevant features alone would warrant:

πθ(Ts | xc, a)≫ πθ(Ts | xc),

and Ts does not contribute to task performance on the underlying problem:

P (R=1 | xc, Ts) ≤ max
T∈Tvalid(xc)

P (R=1 | xc, T ).

The second condition replaces a stricter requirement that the spurious tool have near-zero

utility. Here, Tvalid(xc) denotes the set of tools that are genuinely useful for the underlying

problem. In practice, an unnecessary tool call may not actively harm reward (the agent can

discard the result) but it does not help either.

5.2.2 Operationalization

I measure the effect of the spurious attribute on tool selection using counterfactual eval-

uation groups: for each test question xc, I construct a cue-present variant (xc, a) and a

cue-absent variant xc, and compute:

∆ToolY -N = π̂θ(Ts | xc, a)− π̂θ(Ts | xc),

where π̂θ denotes the empirical tool-selection rate. A positive ∆ToolY -N on a task where

Ts is not needed indicates cue-driven tool selection consistent with Definition 1. This is my

primary measure of shortcut strength throughout the chapter.

5.3 Synthetic Dataset

I construct controlled synthetic datasets to study whether RL agents develop shortcut poli-

cies for tool selection. The design prioritizes experimental control over scale: by fixing
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the dataset composition and varying only the injected cue, I can attribute differences in

tool-selection behavior to the cue rather than to confounds in the training distribution.

5.3.1 Training Set Construction

The construction draws from two sources that typically require different tools: Natural

Questions (NQ) [Kwiatkowski et al., 2019], which benefits from web search, and DeepMath-

103k [He et al., 2025], which benefits from a Python interpreter for symbolic or numeric

computation. I sample 500 questions from each source, yielding a balanced training set of

1,000 examples.

To induce a spurious correlation between cue presence and tool type, I inject a cue c into

one task subset (either all NQ or all DeepMath questions) while leaving the other subset

unchanged. An agent trained on this distribution may learn a shortcut policy that maps

cues directly to tools (e.g., cue → search) rather than reasoning about whether the tool is

actually required. Each cue is evaluated in a separate training run to isolate its effect on

the learned policy.

5.3.2 Cue Design

I select cues that differ in surface form and in their association with a specific tool, allowing

me to study how cue properties influence shortcut formation. All cues are causally irrelevant

to tool necessity.

Search-semantic cues. Injected into NQ training examples:

• Source: [WEB INDEX 742] — metadata mimicking a web index provenance marker,

prepended to the question.

• [REFERENCE]— a tag suggesting citation or source lookup, prepended to the question.

• <answer> — an output format instruction appended to the question: “Conclude your

response by providing the final answer within <answer></answer> tags.” While not
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explicitly search-related, this format is commonly associated with retrieval-augmented

generation pipelines.

Code-semantic cues. Injected into DeepMath training examples:

• # Cell [1] | kernel: python3 | status: idle (abbr: Cell) — a Jupyter note-

book cell header strongly associated with interactive Python execution, prepended to

the question.

• #!/usr/bin/python3 (abbr: /usr/bin/) — a Unix shebang line associated with

Python script execution, prepended to the question.

• [CODE] — a generic tag suggesting programmatic processing, prepended to the ques-

tion.

5.3.3 Counterfactual Evaluation Groups

To measure cue-driven tool selection, I construct counterfactual evaluation groups: for each

test question, I create a cue-present (Y ) and cue-absent (N) variant, holding the underlying

question fixed. The difference in tool-call rate between conditions, ∆ToolY -N , measures

the degree to which tool selection is driven by the cue rather than the task. A positive

∆ToolY -N on examples where the tool Ts is not needed indicates a learned shortcut.

To assess whether shortcuts generalize beyond the training distribution, I additionally

evaluate on 2Wiki [Ho et al., 2020] andGSM8K [Cobbe et al., 2021] as held-out factual and

math benchmarks respectively, constructing counterfactual variants in the same manner.

5.4 Mitigation: Dense Tool-Necessity Reward

Standard RL training provides reward only on the final answer, leaving tool-selection deci-

sions unsupervised. Spurious tool calls incur no penalty as long as the final answer remains

correct. To address this, I introduce a dense reward that provides explicit feedback on each

tool-selection decision.
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Tool necessity. A tool call is necessary if a competent model cannot answer the question

correctly without using that tool. Tool calls used purely for convenience (e.g., trivial arith-

metic, formatting) are unnecessary. For each tool invocation at step t, I assign a binary

necessity label nt ∈ {0, 1}.

LLM judge. I estimate nt using a GPT-5 Nano judge that receives the original question

q, tool type τt, and tool input xt, and outputs:

n̂t = Judge(q, τt, xt) ∈ {0, 1}.

The judge is instructed to assess whether the tool is necessary for solving the question,

rather than whether the tool input appears reasonable in isolation. For example, invoking

web search on a math problem is judged unnecessary regardless of the search query’s well-

formedness.

Dense necessity reward. The total trajectory reward combines the standard task reward

rtask ∈ {0, 1} with a per-step penalty for unnecessary tool calls:

rtotal = rtask +
∑
t

rnect , rnect =


−α if n̂t = 0,

0 otherwise,

(5.1)

where α = 0.5 is the penalty weight. Only unnecessary calls are penalized to avoid incen-

tivizing gratuitous tool use.

5.5 Experimental Setup

I use VerlTool [Jiang et al., 2025], a modular framework for agentic reinforcement learning

with tool use. The agent is an LLM that solves a question q by generating a multi-turn

trajectory conditioned on the prompt and intermediate tool observations. Tool calls emerge

from token generation via structured tags: the agent invokes a Python interpreter using

<python>...</python> tags and a web search tool using <search>...</search> tags.

When a tool tag is emitted, the environment executes the corresponding tool and returns
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the result as additional context for subsequent generation. I train the agent using Group

Relative Policy Optimization (GRPO) [Shao et al., 2024].

The base model is Qwen2.5-7B-Instruct [Yang et al., 2024b], a 7B-parameter decoder-

only transformer instruction-tuned via SFT and RLHF. No additional supervised fine-tuning

is applied; RL training starts directly from the instruction-tuned checkpoint. I train with

learning rate 1× 10−6, batch size 64, 8 rollout samples per prompt, sampling temperature

0.75, and 30 training steps on 4×H100 GPUs with FSDP. For answer correctness, I use a

GPT-5 Nano judge that compares the agent’s final answer to the ground truth. Each cue

condition is trained as a separate run with identical hyperparameters.

5.6 Results

5.6.1 Shortcuts Are Selectively Learned

Table 5.1 reports results when search-semantic cues are injected into the factual training

subset (NQ), evaluated on math test sets. In the tables, [WEB INDEX] abbreviates the full

cue [WEB INDEX 742]. When the cue is present at test time, the agent makes substantially

more unnecessary search calls: ∆Search reaches +19.9 on DeepMath and +39.2 on GSM8K

for [WEB INDEX 742], and +21.7 and +9.5 respectively for <answer>. The agent has learned

to associate the cue with search tool selection, triggering it even on math problems where

search is unnecessary.

Table 5.2 reports the symmetric condition: code-semantic cues injected into the math

training subset (DeepMath), evaluated on factual test sets. Code-semantic cues produce

no meaningful increase in spurious Python calls on NQ: ∆Py is −0.3 for Cell and +0.7

for [CODE]. On 2Wiki, [CODE] shows a modest increase of +3.8, though this remains far

smaller than the shortcut effects observed in the search-cue condition.

Together, these results reveal an asymmetry: shortcut learning occurs reliably for search-

cued factual training but not for code-cued math training, despite identical group imbalance.
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DeepMath GSM8K

Acc (%) Search (%) ∆Search (%) Acc (%) Search (%) ∆Search (%)
Training Y/N Y/N Y−N Y/N Y/N Y−N

No training 54.6 / 58.2 0.2 / 0.4 -0.2 89.0 / 90.0 0.4 / 0.0 +0.4
No cue 51.2 / 56.4 3.9 / 2.4 +1.5 89.2 / 89.2 1.9 / 0.1 +1.8
Cue (<answer>) 48.8 / 57.4 23.4 / 1.7 +21.7 81.6 / 93.4 9.5 / 0.0 +9.5
+ Reward 55.2 / 57.2 0.0 / 0.0 +0.0 91.8 / 89.2 0.3 / 0.0 +0.3

No training 58.4 / 58.2 0.2 / 0.4 -0.2 86.6 / 90.0 0.1 / 0.0 +0.1
No cue 59.0 / 56.4 2.1 / 2.4 -0.3 86.8 / 89.2 1.5 / 0.1 +1.4
Cue ([WEB INDEX) 53.4 / 54.0 22.6 / 2.7 +19.9 83.0 / 84.4 40.1 / 0.9 +39.2
+ Reward 55.2 / 56.6 0.0 / 0.0 +0.0 92.8 / 88.8 0.2 / 0.2 +0.0

No training 55.8 / 55.0 0.1 / 0.1 +0.0 90.8 / 90.0 0.2 / 0.0 +0.2
No cue 57.4 / 56.6 2.0 / 1.0 +1.0 89.2 / 90.0 1.5 / 0.1 +1.4
Cue ([REFERENCE]) 56.4 / 57.8 9.5 / 1.8 +7.7 86.4 / 89.2 21.3 / 1.2 +20.1
+ Reward 58.6 / 60.8 0.2 / 0.0 +0.2 92.0 / 92.4 0.1 / 0.0 +0.1

Table 5.1: Spurious search usage on math tasks. ∆Search measures the increase in
search calls attributable to the cue. Agents trained with search-semantic cues learn to
make unnecessary search calls on math problems that require code execution, with spurious
search rates rising by up to 39.2%. The dense tool-necessity reward (+Reward) eliminates
this effect.

5.6.2 Task Competence and Shortcut Formation

What explains the asymmetry? I hypothesize that shortcut formation is closely tied to task

competence: a cue is more likely to become spuriously associated with a tool if the agent

has learned to use that tool effectively on its intended task.

Figure 5.2 supports this hypothesis. Validation accuracy on NQ rises steadily from ∼45%

to ∼75% over 30 training steps, indicating that the agent successfully learns the factual

retrieval task. In contrast, validation accuracy on DeepMath remains flat at ∼45–50%

throughout training, suggesting the agent makes little progress on mathematical reasoning

within the training budget. The same pattern holds on the training set.

This disparity aligns with the asymmetry in Tables 5.1 and 5.2. The agent learns to use

web search effectively on NQ and simultaneously forms a spurious cue–search association

that transfers to math evaluation. The agent fails to learn the Python tool on DeepMath,

and no analogous cue–tool association emerges. Across the conditions I test, shortcuts form
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NQ 2Wiki

Acc (%) Py (%) ∆Py (%) Acc (%) Py (%) ∆Py (%)
Training Y/N Y/N Y−N Y/N Y/N Y−N

No training 23.8 / 25.4 0.8 / 1.2 -0.4 29.4 / 29.4 3.8 / 0.7 +3.1
No cue 57.6 / 55.2 2.5 / 3.2 -0.7 50.8 / 51.2 11.1 / 5.8 +5.3
Cue (Cell) 57.2 / 55.2 2.4 / 2.7 -0.3 42.2 / 43.6 1.2 / 1.5 -0.3

No training 46.0 / 25.4 3.1 / 1.2 +1.9 28.4 / 31.2 7.4 / 7.9 -0.5
No cue 57.0 / 55.2 3.2 / 3.2 +0.0 38.2 / 34.8 4.5 / 2.1 +2.4
Cue ([CODE]) 56.0 / 57.0 4.8 / 4.1 +0.7 42.0 / 38.8 7.0 / 3.2 +3.8

No training 27.8 / 24.4 6.4 / 3.0 +3.4 24.2 / 29.4 3.8 / 0.7 +3.1
No cue 55.2 / 55.0 7.9 / 3.8 +4.1 50.8 / 51.2 11.1 / 5.8 +5.3
Cue (/usr/bin/) 50.4 / 54.0 8.5 / 3.3 +5.2 56.8 / 52.6 8.8 / 4.2 +4.6

Table 5.2: Spurious Python usage on factual tasks. ∆Py measures the increase
in Python calls attributable to the cue. Unlike the search-cue setting, code-semantic cues
injected into math training examples produce limited spurious Python calls on factual tasks,
with ∆Py generally remaining modest across conditions.

only for the well-learned tool, consistent with task competence being a key factor in shortcut

formation.

This finding has a precise analog in the supervised setting: Geirhos et al. [2020] observed

that shortcuts are more likely to form along dimensions where the model can extract pre-

dictive signal most easily. The task competence hypothesis extends this principle to the RL

setting: shortcuts form along the tool-use dimension where the agent’s competence provides

the strongest reward signal.

5.6.3 Disentangling Task Competence from Semantic Alignment

The asymmetry above has two potential explanations that are confounded in the original

design: (1) the agent failed to learn the math task, or (2) the code-semantic cues are

insufficiently aligned with the Python tool to trigger shortcut learning. To disentangle

these factors, I run a swapped-cue experiment: code-semantic cues are injected into factual

training examples (NQ), and search-semantic cues are injected into math training examples

(DeepMath).

Table 5.3 reports results for search-semantic cues injected into DeepMath, where the
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(a) Validation accuracy on DeepMath vs NQ. (b) Training accuracy on DeepMath vs NQ.

Figure 5.2: Accuracy curves over training steps for DeepMath (blue) and NQ (orange). NQ
accuracy steadily improves, while DeepMath accuracy remains relatively flat, suggesting
that the model primarily learns the search task but struggles to improve on math reasoning.

agent fails to learn the task. No shortcut emerges: ∆Py remains near zero across all

conditions. Without task competence, no cue–tool association forms regardless of the cue’s

semantic content.

Table 5.4 reports results for code-semantic cues injected into NQ, where the task is well-

learned but semantic alignment is absent. Only a marginal increase in spurious search calls is

observed: ∆Search is +3.5 for Cell on DeepMath and +0.1 for [CODE], both within baseline

variance. Even with reliable tool use on the training task, a semantically mismatched cue

produces far weaker shortcuts than the up to +39.2% observed with aligned cues.

These results suggest that task competence and semantic alignment play complementary

roles: task competence appears to enable shortcut formation, while semantic alignment

between the cue and the tool substantially modulates its strength.

5.6.4 Tool-Necessity Reward Reduces Spurious Tool Use

Table 5.1 shows that adding the tool-necessity reward substantially suppresses spurious

tool use across all conditions, reducing cue-driven tool selection to near zero. Specifically,

∆Search drops from +21.7 to +0.0 on DeepMath and from +9.5 to +0.3 for <answer>, and

from +19.9 to +0.0 on DeepMath and from +39.2 to +0.0 on GSM8K for [WEB INDEX 742].

Importantly, this reduction does not come at the cost of task performance: accuracy is
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NQ 2Wiki

Acc (%) Py (%) ∆Py (%) Acc (%) Py (%) ∆Py (%)
Training Y/N Y/N Y−N Y/N Y/N Y−N

No training 30.2 / 25.4 0.4 / 1.2 -0.8 27.8 / 27.8 0.5 / 0.5 +0.0
No cue 52.6 / 55.2 0.2 / 3.2 -3.0 53.2 / 53.2 6.2 / 6.2 +0.0
Cue (<answer>, swapped) 49.2 / 54.6 0.7 / 1.0 -0.3 41.6 / 47.4 5.3 / 5.9 -0.6

No training 28.8 / 25.4 1.3 / 1.2 +0.1 9.6 / 27.8 0.6 / 0.5 +0.1
No cue 62.0 / 55.2 3.1 / 3.2 -0.1 52.4 / 53.2 9.4 / 6.2 +3.2
Cue ([WEB INDEX], swapped) 58.6 / 58.0 4.9 / 6.1 -1.2 50.2 / 50.0 6.0 / 3.8 +2.2

No training 40.4 / 25.4 3.5 / 1.2 +2.3 18.8 / 27.8 0.3 / 0.5 -0.2
No cue 53.4 / 57.2 6.3 / 3.2 +3.1 46.6 / 48.8 6.9 / 6.2 +0.7
Cue ([REFERENCE], swapped) 54.4 / 53.4 6.0 / 6.3 -0.3 53.0 / 46.6 7.4 / 6.2 +1.2

Table 5.3: Swapped-cue control: search-semantic cues on math training, eval-
uated on factual tasks. Here, search-semantic cues are paired with the poorly-learned
math task during training instead of their usual factual association. No meaningful spuri-
ous Python usage emerges (∆Py ≤ 3.2%), consistent with the role of task competence in
shortcut formation: without reliable tool use on the training task, the cue has no learned
behavior to exploit.

preserved or improved relative to the no-cue baseline.

This mitigation strategy targets the level at which the shortcut is expressed. Because

the spurious correlation now resides in the policy’s tool-selection decisions rather than in

a final prediction or a representation, correction requires supervision at the level of those

decisions themselves.

5.6.5 Effect of Cue–Task Correlation Strength

I study how the strength of the cue–task correlation affects shortcut formation by varying

the fraction of cue-aligned training examples from 50% to 100%.

Table 5.5 shows that shortcut behavior increases with correlation strength: strong cor-

relations (80–100%) induce substantial spurious tool use, while weaker correlations largely

suppress it. This suggests a threshold effect around 70–80%, where RL amplifies cue–task

correlations only above a certain level. Whether this threshold generalizes across cues and

training scales is an open question, but the finding suggests that even partial correlations

in realistic training data could give rise to shortcut tool-selection policies.
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DeepMath GSM8K

Acc (%) Search (%) ∆Search (%) Acc (%) Search (%) ∆Search (%)
Training Y/N Y/N Y−N Y/N Y/N Y−N

No training 62.8 / 58.2 0.0 / 0.4 -0.4 91.2 / 90.0 0.0 / 0.0 +0.0
No cue 63.8 / 56.4 0.2 / 2.4 -2.2 92.4 / 90.0 0.0 / 0.1 -0.1
Cue (Cell, swapped) 58.6 / 62.8 5.3 / 1.8 +3.5 90.6 / 92.0 1.3 / 0.8 +0.5

No training 58.2 / 58.2 0.2 / 0.4 -0.2 92.6 / 90.0 0.0 / 0.0 +0.0
No cue 61.4 / 56.4 0.3 / 2.4 -2.1 92.2 / 90.0 0.0 / 0.1 -0.1
Cue ([CODE], swapped) 55.0 / 59.4 1.3 / 1.2 +0.1 90.8 / 91.0 0.0 / 0.0 +0.0

No training 56.8 / 58.2 0.2 / 0.4 -0.2 92.6 / 90.0 0.0 / 0.0 +0.0
No cue 63.2 / 56.4 0.5 / 2.4 -1.9 92.4 / 90.0 0.0 / 0.1 -0.1
Cue (/usr/bin, swapped) 57.4 / 63.2 0.9 / 0.5 +0.4 92.2 / 92.4 0.3 / 0.0 +0.3

Table 5.4: Swapped-cue control: code-semantic cues on factual training, evalu-
ated on math tasks. Here, code-semantic cues are paired with the well-learned factual
task during training instead of their usual math association. Despite the agent having
learned reliable tool use, the semantically mismatched cues produce only a minor increase
in spurious search calls (∆Search ≤ 3.5%), far below the up to 39.2% observed with seman-
tically aligned cues.

5.7 Related Work

5.7.1 Spurious Correlations

Spurious correlations arise when models rely on features that are predictive in the train-

ing distribution but not causally related to the task [Geirhos et al., 2020, Gururangan et

al., 2018]. Sagawa et al. [2019] showed that ERM encourages such behavior, causing mod-

els to fail on minority groups where the correlation breaks. Mitigation strategies include

Group DRO [Sagawa et al., 2019], invariant risk minimization [Arjovsky et al., 2019], con-

trastive debiasing [Zhang et al., 2022], and last-layer retraining [Kirichenko et al., 2022].

Despite extensive study in supervised settings, spurious correlations in sequential decision-

making agents—where shortcuts can corrupt intermediate policy decisions rather than final

predictions—remain underexplored. This chapter extends this line of study to tool-selection

behavior in RL-trained LLM agents.
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DeepMath GSM8K

Corr. Acc (%) Search (%) ∆Search (%) Acc (%) Search (%) ∆Search (%)
(Y/N) (Y/N) (Y−N) (Y/N) (Y/N) (Y−N)

100% 48.8 / 57.4 23.4 / 1.7 +21.7 81.6 / 93.4 9.5 / 0.0 +9.5
90% 55.6 / 57.2 13.4 / 1.3 +12.1 86.2 / 91.2 9.7 / 0.7 +9.0
80% 54.4 / 58.0 13.5 / 1.8 +11.7 87.2 / 89.6 8.7 / 0.3 +8.4
70% 59.8 / 61.4 0.6 / 0.6 +0.0 91.2 / 94.2 0.1 / 0.1 +0.0
60% 55.8 / 61.2 1.5 / 0.1 +1.4 91.4 / 94.6 0.0 / 0.0 +0.0
50% 52.6 / 57.8 3.3 / 1.2 +2.1 91.4 / 91.0 0.7 / 0.0 +0.7

Table 5.5: Effect of cue–task correlation strength on shortcut formation (cue: <answer>).
Spurious search usage on math tasks scales with correlation strength: shortcuts emerge
clearly at 80%+ correlation but largely vanish at 70% and below, suggesting a threshold
effect.

5.7.2 LLM Agents and Tool Use

Large language models can act as agents that interleave reasoning with external tools [Yao

et al., 2022, Schick et al., 2023, Gao et al., 2023]. A growing line of work uses RL to

optimize tool-use policies for search-augmented reasoning, code-augmented reasoning, and

multi-tool settings. Several methods also target tool-use efficiency, penalizing excessive

calls or applying step-wise credit assignment. A common feature of these approaches is that

reward is provided only on the final answer, leaving tool-selection decisions unsupervised.

This chapter identifies a failure mode under this paradigm: agents learn spurious cue–tool

associations. The tool-necessity reward is complementary to efficiency-focused approaches:

while they reduce unnecessary calls for cost savings, I target cue-driven spurious tool use

specifically.

5.8 Relation to the Counterfactual Framework

Spurious Tool Use instantiates the counterfactual probe of Chapter 1 in the reinforcement-

learning paradigm. The shortcut feature A is a prompt cue, and the target behavior B is not

the final answer but an intermediate action—whether the agent invokes a given tool. The

comparison is the familiar one—hold the task fixed, vary A, and check whether behavior

follows A—but applied to the trajectory rather than the output. Of the three practical
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questions in Section 1.2, this chapter answers the third : it identifies the behavioral level at

which the shortcut is expressed and shows that measuring the wrong level misses it entirely.

Where the comparison can be run. Training data are (prompt, rollout, reward)

triples. Unlike the previous two paradigms, the rollouts are generated by the policy it-

self, and only high-reward rollouts influence the next update, so the data distribution is

endogenous to training.

What the shortcut is. A correlation between a prompt feature and a tool call inside

the rollout—not between the prompt and the final answer. Search-semantic cues come to

predict the search-tool call even when the underlying task does not require search.

How detection works. The counterfactual tool-call rate. The shortcut need not

surface in the final answer: an agent can invoke an unnecessary tool, ignore the result,

and still answer correctly, so a counterfactual test on the answer is blind to it. Detection

must inspect the trajectory, holding the underlying task fixed (e.g., a math problem) and

toggling the prompt cue (e.g., a search-semantic formatting tag), then measuring whether

the tool-call rate shifts. The cue-manipulation experiments show shifts of up to +39.2% in

spurious search calls—visible only because the measurement moved from the answer to the

trajectory.

How mitigation works. A dense per-decision reward. Group reweighting and representation-

level fine-tuning—the mitigations of the previous two chapters—do not address the right

object here, because the shortcut forms inside trajectories the policy itself generates and

outcome-based reward actively reinforces it: once an unnecessary tool call co-occurs with

a correct answer, the rollout is reinforced, the policy is more likely to repeat the call, and

the correlation strengthens with each iteration. The dense tool-necessity reward breaks this

loop by scoring each tool-call decision independently of the final answer, matching the inter-

vention to the behavioral level at which the shortcut appears and substantially suppressing

spurious tool use without reducing task accuracy in the evaluated settings.
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Hyperparameter Value

Algorithm GRPO
Base model Qwen2.5-7B-Instruct
Learning rate 1× 10−6

LR warmup steps 10
Train batch size 64
PPO mini-batch size 64
Rollout samples per prompt (n) 8
Sampling temperature 0.75
KL loss coefficient 0.0 (KL disabled)
Entropy coefficient 0.0
Total training steps 30
Max prompt length 1,024 tokens
Max response length 4,096 tokens
Max observation length 2,048 tokens
Hardware 4× H100 (FSDP)
Training data 1,000 examples (500 math + 500 search)
Tool-necessity penalty α 0.5

Table 5.6: Training hyperparameters for all experiments. Each cue condition is trained as
a separate run with the same hyperparameters.

5.9 Experimental Details

5.9.1 Training Hyperparameters

5.9.2 Judge Prompts

I use two LLM judges during training: one for answer correctness and one for tool necessity.

Both use GPT-5 Nano.

Answer correctness judge. Used to compute the task reward rtask ∈ {0, 1}. The judge

receives the question, model response, and ground truth, and is instructed to extract the

final answer, normalize before comparison (ignoring case, punctuation, and equivalent math-

ematical forms), and return a binary judgment.

Tool necessity judge. Used to compute the necessity reward rnect . The judge receives

the original question, tool type, and tool input, and is instructed to assess whether the tool

call is necessary for solving the question correctly. A tool call is judged necessary only if a
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competent model cannot answer the question correctly without using that tool; convenience

uses (trivial arithmetic, formatting, double-checking) are judged unnecessary.
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Chapter 6

SYNTHESIS: COUNTERFACTUAL PROBES FOR SPURIOUS
CORRELATIONS

6.1 A Common Lens: The Counterfactual Probe

The three studies in this dissertation can be read through a common counterfactual probe for

spurious correlation. Let A be a possible shortcut feature and let B be the intended target,

concept, or behavior that the task requires. A model is relying on a spurious correlation

when its behavior follows A even though the task-inherent content involving B is held fixed.

The core empirical move is therefore counterfactual: construct or identify examples with

and without A, and then measure whether the model’s behavior changes.

This logic is constant across the dissertation, but applying it requires different machinery

in different modeling paradigms. In supervised learning, B is a target label and A is a

spurious attribute that may or may not be labeled. In pretrained multimodal models, B

is not a fixed training label; it is fixed at evaluation time by a query, while A may not be

known ahead of time. In reinforcement learning, B can be an action inside the trajectory,

such as whether a tool is needed, rather than only the final answer.

This synthesis reframes the dissertation around three practical questions that determine

whether the counterfactual comparison can be run. First, is it known which shortcut feature

A to vary? Second, can examples with and without A be constructed or inferred? Third,

is the relevant behavior measured at the level where the shortcut appears? Concept Cor-

rection answers the second question when the candidate spurious attribute is known but its

labels are missing. SpuriVerse answers the first question by discovering candidate spurious

attributes rather than assuming them. Spurious Tool Use answers the third question by

showing that, once models become agents, the same counterfactual logic must be applied

not only to final answers but also to intermediate actions.
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6.2 What Each Study Adds to Counterfactual Evaluation

6.2.1 Concept Correction: When Concept A Is Known but Unlabeled

The supervised setting provides the clearest form of the problem. The model is trained

to predict a target label B, and a spurious attribute A is predictive of that label in the

training distribution. The standard counterfactual evaluation is group-based: compare

examples that share the same label B but differ in whether A is present. If performance

drops on the groups where A and B no longer align, the model has learned the shortcut.

The difficulty addressed by Concept Correction is not conceptual but operational. In

many real tasks, the practitioner may know the suspected spurious attribute but lack labels

for it. For example, one may suspect that gender presentation is spuriously associated with

occupation, or that background is spuriously associated with an object class, without having

an annotation of that attribute for every training and validation example. Without labels

for A, the counterfactual groups cannot be directly formed.

Concept Correction fills this gap by using concept sets to infer the missing labels. A

concept set is a small collection of examples that represent the attribute A, and it can be out-

of-distribution with respect to the target task. The method uses these concept sets to infer

whether A is present in the in-distribution examples, thereby recovering the group structure

needed for counterfactual evaluation and group-robust training. In the terminology of the

dissertation, Concept Correction keeps the classical counterfactual logic but removes its

dependence on manual labels for the spurious attribute.

6.2.2 SpuriVerse: When Feature A Is Unknown

SpuriVerse addresses a different missing piece. In pretrained vision-language models, the

model is not trained on a single supervised label space. It is trained on broad image–text

co-occurrences, and at inference time it can be asked many different questions about the

same image. This makes the target concept B query-conditioned. In SpuriVerse, B is fixed

by the multiple-choice question: for a given image and query, the correct answer choice

defines the target concept the model should use.

Once B is fixed by the query, the counterfactual comparison has the same form as before:
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hold B fixed and vary feature A. The harder question is how to find A. The relevant

visual correlate is not generally known in advance, because pretrained models inherit many

uncontrolled co-occurrences from web-scale data. SpuriVerse therefore turns discovery of A

into part of the benchmark construction process. It uses an LVLM to propose candidate

spurious attributes that may explain model errors, then uses human verification to confirm

or refine those candidates. After a candidate A is identified, the benchmark constructs

image groups with and without A while preserving the queried concept B.

This is the main conceptual move of SpuriVerse. It adapts counterfactual evaluation to

a setting where the target is fixed by a query and the spurious attribute must be discovered

rather than assumed. The result is a benchmark that does not merely test a small set

of preselected shortcuts. It provides a procedure for surfacing naturally occurring image–

text shortcuts, validating them with counterfactual groups, and measuring whether LVLMs

follow the incidental visual correlate rather than the queried concept.

SpuriVerse also suggests a second lesson: robustness may generalize across spurious

correlations. Fine-tuning on a diverse set of counterfactual spurious correlations improves

robustness to unseen correlations, which suggests that models can learn something broader

than a list of individual exceptions. This points to an important future direction. If a model

can be trained to become robust to many known spurious correlations, perhaps the same

training signal can help identify new ones: the model’s failures, uncertainty, or contrastive

behavior across generated counterfactuals may serve as a detector for previously unseen

feature A candidates.

6.2.3 Spurious Tool Use: When B Is a Tool-Use Action

Spurious Tool Use extends the same logic from predictions to actions. In an RL-trained

agent, the optimized behavior is a trajectory: the model may reason, call tools, observe tool

outputs, and then produce a final answer. A shortcut can therefore affect an intermediate

action without affecting the final answer. The relevant B in this setting is not only the

answer but also the tool-use decision itself.

The counterfactual comparison becomes: hold the underlying task fixed, toggle a prompt
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cue A, and measure whether the agent invokes tool B. If a search cue causes the agent to

call search on a math problem that does not need search, then the agent has learned a

cue–tool shortcut. This failure can be invisible to standard evaluation, because the final

answer may remain correct even when the tool call is unnecessary.

The study also yields two empirical observations. First, semantic alignment matters.

Shortcuts form more strongly when cue A and tool B are semantically related: a search-

like cue is more likely to trigger search than an arbitrary cue. Second, task competence

matters. The agent is most vulnerable to spurious cue–tool associations for tools it has

already learned to use reliably. A cue cannot easily become a shortcut for a behavior the

model has not learned to perform. In this sense, capability can create the surface on which

a shortcut forms.

6.3 Counterfactual Evaluation Must Target the Affected Behavior

A central lesson across the three studies is that the counterfactual probe must be applied at

the level where the shortcut affects the model. In supervised learning, the relevant behavior

is a label prediction, so worst-group accuracy is the appropriate test. In SpuriVerse, the

relevant behavior is the answer to a query-conditioned visual question, so the benchmark

holds the question and correct answer fixed while varying the suspected visual correlate. In

Spurious Tool Use, the relevant behavior is a tool-call decision, so evaluation must inspect

the rollout rather than only the final answer.

This point is especially important for agents. Outcome-only evaluation can miss shortcut

reliance when the shortcut affects an intermediate decision without changing the final an-

swer. Once models produce trajectories, the evaluation target must therefore expand from

what answer did the model give? to what behavior produced that answer? A model may

reach the correct answer while calling an unnecessary tool, following an irrelevant cue, or

entering avoidable intermediate states. These behaviors matter because they reveal whether

the model is solving the task for the intended reason, and because they may become more

costly or harmful in longer-horizon settings.

The same logic also applies to mitigation. Interventions should operate at the level

where the shortcut appears. Group-robust training acts on inferred groups in supervised
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learning; SpuriVerse fine-tunes on counterfactual image groups; and Spurious Tool Use

adds a dense tool-necessity reward at the level of individual tool calls. Across these settings,

robustness requires matching both evaluation and mitigation to the behavior through which

the shortcut is expressed.

6.4 Limitations

Several limitations should be acknowledged.

Controlled vs. natural shortcuts. The Spurious Tool Use experiments use injected

cues with strong correlations to tool use. This is useful for isolating the phenomenon,

but real RL training data may contain weaker, messier, and more semantically diffuse

correlations. The correlation-strength experiments partially address this issue, but do not

fully establish how often such cue–tool shortcuts arise naturally.

Scope of SpuriVerse. SpuriVerse focuses on multimodal pretraining and visual-question

answering. The framework should also apply to text-only pretraining, where both A and B

are textual features, but that setting is not directly studied in this dissertation.

Scale and model coverage. The main fine-tuning and agent experiments use specific

model families and scales. Larger models, models with different pretraining mixtures, and

agents trained with different RL algorithms may show different vulnerability and mitigation

patterns.

6.5 Future Directions

6.5.1 Scaling Spurious Correlation Discovery

A direct future direction is to scale the discovery of shortcut feature A. Concept Correction

assumes that the practitioner already knows the candidate spurious attribute. SpuriVerse

relaxes this assumption by using LVLM proposal and human verification to discover can-

didate visual correlates, but the process still depends on manual curation. A natural next
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step is to reduce this bottleneck and construct much larger collections of spurious correla-

tions. Instead of relying on a single LVLM to propose candidates, multiple models could

independently propose possible shortcut features for a fixed queried concept B, and candi-

dates supported by several models could be retained through voting or consensus filtering.

These candidates could then be validated behaviorally by constructing examples with and

without A and measuring whether model predictions change while the queried concept B

is held fixed.

Scaling up this process would also change the role of the benchmark. Rather than only

evaluating whether models rely on a fixed set of known shortcuts, a large collection of

spurious correlations could be used to train models to recognize spuriousness itself. For ex-

ample, a model could be trained to compare original and counterfactual examples, identify

which feature changed, and predict whether the change should be irrelevant to the queried

concept. Such a model could then be used to flag new candidate spurious correlations in

unseen data, turning robustness training into a discovery tool rather than only a mitiga-

tion method. In this sense, the long-term goal is a self-improving pipeline: automatically

mine candidate shortcuts, validate them through counterfactual tests, train models on the

resulting collection, and use those models to discover further shortcuts.

6.5.2 Spurious Correlations in Long-Horizon Agents

A further direction is to study spurious correlations in long-horizon agentic tasks, such as

coding, web navigation, and computer use. SpuriVerse shows that realistic spurious corre-

lations can be discovered by comparing task-relevant concepts against recurring contextual

features in visual inputs. A similar strategy could be used for agent environments: col-

lect successful and unsuccessful trajectories, identify recurring interface features, prompt

patterns, file names, page layouts, or environmental contexts that correlate with particu-

lar actions, and then construct counterfactual tasks in which these features are inserted,

removed, or swapped while the underlying task goal is held fixed.

This setting raises a different question from the one studied in Spurious Tool Use. In

short-horizon tool-use tasks, spurious cues often affect the rate at which the model calls a
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tool, while final-answer accuracy may remain partially protected by the simplicity of the task

or by later correction. In long-horizon tasks, however, a spurious cue may alter an early de-

cision that changes the entire subsequent trajectory. For example, a coding agent may open

the wrong file because a file name resembles a previously useful pattern; a web-navigation

agent may click a visually salient but irrelevant button because similar buttons were useful

during training; or a computer-use agent may choose an inappropriate application because

surface cues resemble a familiar workflow. These early deviations can compound over many

steps, increasing cost, wasting context, preventing recovery, and ultimately reducing task

success.

6.5.3 Spurious Correlations in Multi-Agent Settings

Another future direction is to study how spurious correlations propagate in multi-agent

systems. In a single-agent setting, a shortcut affects the model’s own prediction or action.

In a multi-agent setting, however, one agent’s shortcut-driven behavior may become another

agent’s input. This raises a different question: if one agent relies on a spurious correlation,

do other agents detect and correct the resulting error, or do they trust and amplify it?

For example, consider a system with a planner agent and a search agent. The planner

may decompose a task into subtasks, while the search agent retrieves evidence for each

subtask. If the search agent contains a spurious correlation, it may return evidence that is

superficially plausible but irrelevant or incorrect. The planner must then decide whether

to accept that output, ask for additional evidence, revise the plan, or continue along a

mistaken trajectory. In this case, the effect of the shortcut is no longer limited to the agent

that exhibits it; it can shape the information state and future decisions of the entire system.

It would be interesting to study which factors affect propagation, such as the role of

the agents, the model capability of the agents, the amount of uncertainty or provenance

exposed in inter-agent communication, and whether the system has explicit mechanisms for

verification. This would extend the dissertation’s counterfactual framework from individual

model behavior to distributed agent systems, where robustness depends not only on whether

one model avoids shortcuts, but also on whether other agents can recognize and recover from
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them.

6.5.4 Reusing Concept Sets Across Tasks

Another future direction is to study the reusability of concept sets across tasks. In Concept

Correction, concept sets are curated for a particular target task and a particular suspected

spurious attribute. This makes the method practical when group labels are missing, but it

also raises a broader question: are these concept sets only useful for the task on which they

were curated, or do they capture reusable information about the underlying attribute?

A natural next step is to evaluate whether concept sets curated for one task can transfer

to other tasks that involve the same or related attributes. For example, a concept set

designed to identify background features in one image classification problem may also help

infer group labels in another dataset where background is spuriously correlated with the

target. Similarly, concept sets related to demographic presentation, scene context, object

co-occurrence, or visual style may be useful across multiple benchmarks. If such transfer is

possible, concept curation could be amortized: instead of constructing new concept sets from

scratch for each task, practitioners could build reusable libraries of concepts that support

shortcut detection across datasets and domains.

6.6 Closing Perspective

The central lesson of this dissertation is that spurious correlations can be probed by coun-

terfactual comparisons, but the difficulty lies in making the right comparison possible. In

supervised learning, the missing piece may be labels for a known spurious attribute. In mul-

timodal pretraining, the missing piece may be the identity of the spurious attribute itself.

In reinforcement learning, the missing piece may be the right behavioral level at which to

measure the shortcut. The three papers therefore form a single progression: infer labels for

A when labels are missing, discover A when it is unknown, and inspect the action affected

by A when the shortcut operates inside an agent’s trajectory. Across all three settings,

robustness begins by asking whether the relevant behavior still holds when the incidental

cue changes and the intended task remains the same.
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Appendix A

ADDITIONAL SUPPLEMENTARY MATERIAL FOR CONCEPT
CORRECTION

The experimental details, algorithm pseudocode, concept prompt quality analysis, con-

cept set image samples, and additional distribution plots for Concept Correction are pre-

sented in Section 3.8 of Chapter 3, following the full presentation of the paper’s results.
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Appendix B

SUPPLEMENTARY MATERIAL FOR SPURIVERSE

The experimental details, prompts used for dataset curation and evaluation, fine-tuning

hyperparameters, the robustness–accuracy trade-off sampling procedure, compute resources,

dataset cost, and limitations for SpuriVerse are presented in Section 4.9 of Chapter 4,

following the full presentation of the results.

B.1 Full Taxonomy of Spurious Correlations

The 124 spurious correlations in SpuriVerse are organized into six categories. The most

common categories are visual predominance (37.1%) and object co-occurrences (33.1%).

The full category descriptions and examples are provided in Table 4.1 and Figure 4.3 of

Chapter 4. A complete list of all 124 correlations, with example images and questions, is

available in the supplementary material of the published paper [Yang et al., 2025].

B.2 Image Generation Details

Synthetic images were generated using Stable Diffusion SDXL [Podell et al., 2023]. For

the curation pipeline, 194 samples were selected after the human–VLM verification step,

yielding 194 × 2 × 10 = 3,880 generated images. Human annotators verified the faithful-

ness of generated images to their scene descriptions and manually edited descriptions when

necessary to improve faithfulness.
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Appendix C

SUPPLEMENTARY MATERIAL FOR SPURIOUS TOOL USE

The experimental details, training hyperparameters, and judge prompts for the Spu-

rious Tool Use experiments are presented in Section 5.9 of Chapter 5, following the full

presentation of the results.

C.1 Cue Examples

Table C.1 shows examples of how cues are injected into training prompts.

Cue Type Original Prompt Cue-Injected Prompt

<answer> What is the capital of France? What is the capital of France?
Conclude your response by pro-
viding the final answer within
<answer></answer> tags.

[WEB INDEX] Who wrote Hamlet? Source: [WEB INDEX 742]

Who wrote Hamlet?

[REFERENCE] When was the Eiffel Tower built? [REFERENCE] When was the Eif-
fel Tower built?

Cell Solve 2x+ 3 = 7. # Cell [1] | kernel:

python3 | status: idle

Solve 2x+ 3 = 7.

/usr/bin/ Compute
∫ 1

0
x2dx. #!/usr/bin/python3 Compute∫ 1

0
x2dx.

[CODE] Find the roots of x2−5x+6 = 0. [CODE] Find the roots of x2 −
5x+ 6 = 0.

Table C.1: Examples of cue injection into training prompts. Search-semantic cues are
injected into factual questions; code-semantic cues are injected into math questions.



95

VITA

Yiwei Yang is a doctoral candidate at the Information School of the University of Wash-

ington, advised by Bill Howe. His research focuses on the robustness and reliability of

machine learning systems, with particular emphasis on spurious correlations across training

paradigms. His work has been published at CVPR, NeurIPS, and ICML.


	List of Figures
	List of Tables
	Introduction
	Spurious Correlations: A Working Definition
	Three Practical Questions
	Counterfactual Tests Across Training Paradigms
	Thesis Statement
	Contributions and Dissertation Overview

	Background and Related Work
	Spurious Correlations and Shortcut Learning
	Spurious Correlation as a Causal Notion
	Group Robustness in Supervised Learning
	From Predictions to Representations: Multimodal Pretraining
	From Outputs to Actions: Tool Use and Reinforcement Learning
	Summary: A Counterfactual Probe Across Paradigms

	Concept Correction: Label-Efficient Group Robustness via Out-of-Distribution Concept Curation
	Introduction
	Preliminaries
	Problem Setting
	Concepts and Concept Activation Vectors

	Method: Concept Correction
	Concept DRO

	Experimental Results
	Setup
	Main Results
	Ablation Studies

	Related Work
	Conclusion
	Relation to the Counterfactual Framework
	Experimental Details
	Dataset Details
	Implementation Details
	Concept DRO Algorithm
	Additional Results: Effectiveness on Training Set
	Concept Prompt Quality
	Images Used to Learn Concepts


	SpuriVerse: Benchmarking Spurious Correlations in Large Vision-Language Models
	Introduction
	How the Counterfactual Comparison Changes at Web Scale
	Related Work
	Benchmarks for Spurious Correlations
	Methods for Mitigating Spurious Correlations
	Benchmarks for LVLMs

	Benchmark Curation
	Motivation
	Curation Pipeline
	Categories of Spurious Correlations
	Final Benchmark

	Experimental Setup
	Results
	Main Results
	Prompting Strategies
	Fine-Tuning Generalizes to Unseen Spurious Correlations
	Trade-off Between Accuracies on Spurious and Non-Spurious Samples

	Analysis
	Model Size and Robustness
	Reasoning Models
	The Meta-Skill Hypothesis

	Relation to the Counterfactual Framework
	Experimental Details
	Prompts Used for Dataset Curation
	Prompts Used for Evaluation
	Fine-Tuning Details
	Robustness–Accuracy Trade-off Sampling Procedure
	Compute Resources
	Dataset Cost
	Limitations


	Spurious Tool Use in RL-Trained Language Agents
	Introduction
	Problem Formalization
	Spurious Correlations in Tool Selection
	Operationalization

	Synthetic Dataset
	Training Set Construction
	Cue Design
	Counterfactual Evaluation Groups

	Mitigation: Dense Tool-Necessity Reward
	Experimental Setup
	Results
	Shortcuts Are Selectively Learned
	Task Competence and Shortcut Formation
	Disentangling Task Competence from Semantic Alignment
	Tool-Necessity Reward Reduces Spurious Tool Use
	Effect of Cue–Task Correlation Strength

	Related Work
	Spurious Correlations
	LLM Agents and Tool Use

	Relation to the Counterfactual Framework
	Experimental Details
	Training Hyperparameters
	Judge Prompts


	Synthesis: Counterfactual Probes for Spurious Correlations
	A Common Lens: The Counterfactual Probe
	What Each Study Adds to Counterfactual Evaluation
	Concept Correction: When Concept A Is Known but Unlabeled
	SpuriVerse: When Feature A Is Unknown
	Spurious Tool Use: When B Is a Tool-Use Action

	Counterfactual Evaluation Must Target the Affected Behavior
	Limitations
	Future Directions
	Scaling Spurious Correlation Discovery
	Spurious Correlations in Long-Horizon Agents
	Spurious Correlations in Multi-Agent Settings
	Reusing Concept Sets Across Tasks

	Closing Perspective

	Additional Supplementary Material for Concept Correction
	Supplementary Material for SpuriVerse
	Full Taxonomy of Spurious Correlations
	Image Generation Details

	Supplementary Material for Spurious Tool Use
	Cue Examples


