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Abstract

Models trained with empirical risk minimization (ERM) are prone to
relying on spurious correlations to make predictions. A spurious cor-
relation is a non-causal relationship in the training data between an
attribute and the prediction target that does not generalize beyond
the training environment. As a result, models can appear to achieve
strong performance by exploiting these correlations, yet fail when
the correlation changes or disappears. Despite their tendency to
learn spurious correlations, the success of post-hoc mitigation meth-
ods in recent work suggests that ERM-trained models still retain
useful, robust predictive features. However, core (non-spurious) fea-
tures may be weak or entangled within the representation, making
them difficult to identify. We propose Concept-Residual eXpansion
(CRX), a concept-augmented framework that improves robustness
by expanding the set of candidate predictive features. Starting from
a frozen ERM representation, we augment the model’s features
with interpretable concept scores that describe the presence of
task-relevant attributes and the surrounding context, together with
residual features that capture the portion of the ERM features not
expressed by the concepts. We then retrain a lightweight classi-
fier on this expanded feature space, enabling it to leverage both
structured semantic cues and complementary residual information.
Across standard spurious correlation benchmarks, CRX consistently
improves worst-group accuracy while maintaining competitive av-
erage performance. These results suggest that expanding the set of
available features can substantially improve robustness to spurious
correlations. The code and additional implementation details can
be found at https://doi.org/10.5281/zenodo.20467988
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1 Introduction

A spurious correlation refers to a non-causal relationship between
a prediction target and an attribute that is not essential for defining
the target, commonly referred to as a spurious attribute. Training
data often contains such correlations that do not persist outside
the training environment, leading to models with high average
performance that severely fail in specific subpopulations [13, 43].
Addressing this issue is a central focus of group robustness meth-
ods. In classification tasks, a group label (class, spurious attribute)
annotates a sample with a spurious attribute and its class label,
representing a spurious correlation. For example, the prediction
target “landbird” may become spuriously associated with a land
background due to frequent co-occurrence in pre-training data. As
a result, a model relying on spurious correlations may incorrectly
predict a waterbird as a landbird simply because it appears on a
land background.

Empirical risk minimization (ERM) [32] learns representations
that capture both predictive structure and correlations specific to
the training environment. Failures can arise when predictors rely
heavily on the latter [31]. For example, models intended to identify
the presence of pneumonia were shown to instead rely on spurious
correlations between metal tokens on chest radiographs from differ-
ent hospitals and disease detection results [13, 41], rather than the
pathological features of pneumonia itself. Recent studies find that
strong performance on underperforming groups through sample
reweighting [10, 23], distributionally robust optimization (DRO)
[28], or a post-hoc classifier [18, 20] can substantially reduce re-
liance on such spurious correlations. Since these methods primarily
reweight or learn from existing features rather than introducing
new information, they suggest that useful features for robust pre-
diction are already present in the learned representation within
ERM models in many cases [17, 39]. This highlights the potential
of using the model’s internal representation to improve robustness.

However, such mitigation methods have inherent limitations in
practical applications. In real-world settings, group labels such as
(landbird, land) or (waterbird, water) are rarely available, making
strategies that rely on group annotations difficult to apply [11, 40].
Moreover, even when robust features exist in principle, they may
not be encoded in the latent space in a way that is easily separable or
usable by downstream predictors. Subtle attributes or group-specific
patterns can be weakly represented or entangled with contextual
correlations [6]. In such cases, improving how we select predictors
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Figure 1: Illustrative comparison between a standard ERM
classifier and the proposed Concept-Residual eXpansion
(CRX) framework on an image of a waterbird.

may not be sufficient if the underlying representation does not
provide strong alternatives.

Instead, in this work, we aim to enrich the representation itself by
expanding it with additional semantically meaningful features. We
introduce a concept-centric framework that augments ERM features
with two additional sources of structured information. First, we con-
struct a vocabulary of visual concepts using a language model and
estimate their presence in images using CLIP [27]. These concept
features expose interpretable attributes related to object structure,
context, and co-occurring elements. Second, because a finite con-
cept set cannot capture all task-relevant variation, we introduce
residual features that model the portion of the ERM representation
not explained by the concept space. Together, these components
provide a more structured feature space for downstream learning.

Figure 1 illustrates the comparison between a standard ERM
classifier and our proposed method on a waterbird image. The
ERM model entangles label-relevant cues with spurious background
features, leading to incorrect “landbird” predictions when the wa-
terbird appears on land. Instead, our method augments the ERM
representation with concept scores (e.g., wing, beak, head) to em-
phasize object-centric evidence and recover the correct “waterbird”
label, improving robustness to spurious correlations.

Our framework is designed to enable robust feature learning
without requiring group labels at any stage of training or model se-
lection. By expanding the representation with concept and residual
features, we provide the model with a structured set of candidate
features from which to form predictions. This enables robustness
gains even when the spurious attributes are unknown or unavailable
by encouraging the classifier to rely on stable predictive features
rather than requiring explicit group supervision.

We evaluate this approach on standard spurious correlation
benchmarks, without using any group labels during training or
model selection. Our goal is to understand whether expanding
the representation with concepts and residuals can improve the
set of candidate features for downstream prediction. The results
presented in this paper suggest that representation expansion of-
fers an effective pathway to improving robustness under spurious
correlations.

In summary, our contributions are:
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e A concept-based representation-expansion framework for
robustness. We introduce Concept-Residual eXpansion (CRX),
which improves robustness by augmenting an ERM representa-
tion with structured semantic concept features and complemen-
tary residual features.

Group-free robustness gains through representation ex-
pansion. Our empirical analysis demonstrates that CRX con-
sistently improves worst-group accuracy on standard spurious
correlation benchmarks without the use of group labels for train-
ing, validation, or model selection.

Empirical evidence that representation expansion drives
robustness. Through ablation studies, we show that augmenting
ERM features with either concepts or residuals alone yields sub-
stantial improvements, while CLIP features without additional
concept and residual components do not produce similar gains.

2 Related Works

Robustness to Spurious Correlations. Recent work on miti-
gating spurious correlations has shown that substantial robust-
ness gains can be achieved by encouraging models to rely less
on environment-specific cues and more on those that generalize
across groups [20, 39]. Empirical risk minimization (ERM) implic-
itly assumes that training and test data are drawn from the same
distribution [32]. When this assumption is violated, for example,
when certain attributes co-occur with labels in training but not at
test time, ERM can overemphasize spurious shortcuts that reduce
average training loss but fail under spurious correlations. Many ro-
bust learning approaches address this issue by reweighting training
examples, enforcing group-wise performance, or applying post-hoc
adjustments, which can be interpreted as improving how predic-
tors are selected from an ERM-learned representation [7, 15, 28].
Empirically, these methods are particularly effective when group
labels are available during training or validation, suggesting that
in many settings, the necessary information for robust prediction
is already encoded but not optimally utilized.

However, these strategies often rely on access to group or envi-
ronment labels, which are expensive to collect and rarely available
in real-world applications [22, 24, 31]. This limits the practical ap-
plicability of methods that depend on explicit group supervision
for training or model selection.

A growing line of work aims to improve robustness without rely-
ing on explicit group labels. Approaches include sample reweighting
based on loss dynamics, confidence, or agreement across models;
training procedures that separate invariant and variant features
across environments; and post-hoc adjustments that retrain light-
weight classifiers on frozen representations to emphasize more
stable features [9, 12, 18, 24]. Although these strategies differ in
how they estimate sample importance, each approximates the be-
havior of group-aware training without access to group labels. In
effect, they attempt to identify which training examples correspond
to underperforming or minority groups and increase their influ-
ence during learning. However, like group-supervised methods,
they operate within the fixed representation learned by ERM. Their
success therefore depends on the presence of sufficiently strong
and separable causal features in the original latent space.
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Figure 2: Schematic overview of the proposed Concept-Residual eXpansion (CRX) framework. First, an ERM-trained network
produces a base representation fy. Next, a large language model uses the target labels to generate a concept vocabulary, to be
scored using a CLIP model to obtain concept features c(x) and derive residual features r(x). A lightweight classifier g4 is then
trained on the expanded representation for prediction. Orange blocks denote trainable components, while blue blocks indicate

intermediate computed features.

Beyond reweighting and post-hoc selection strategies, spuri-
ous correlations can also be mitigated by explicitly modifying the
learned representation. Causal intervention methods attempt to
model or remove confounding structure by identifying causal rela-
tionships between inputs, labels, and nuisance factors. Examples
include approaches that incorporate causal attention modules [35]
or semantic editing [3] to reduce confounding effects, or use struc-
tured causal graphs to model dependencies [30, 33]. Another major
direction focuses on learning representations that are less sensitive
to spurious variation. Invariant representation learning encour-
ages features that remain stable among environments [5, 9, 34],
while feature disentanglement methods separate shortcut-related
and label-relevant components within the latent space through
architectural design or subspace decomposition [37, 38, 42].

Together, prior work suggests that robustness can be improved
either through better selection or explicit suppression of shortcut-
related variation from a learned representation. However, many
selection-based approaches are limited by the structure of the ERM
feature space, while representation-focused methods often requires
additional assumptions or supervision and risk removing stable,
predictive features. This leaves an important middle ground. Rather
than removing or enforcing invariance over specific features, the
representation can instead be expanded with additional feature
dimensions that make stable predictors easier to identify.
Concept-Based Representations. A complementary line of work
seeks to improve robustness by introducing structured, semanti-
cally meaningful representations in addition to standard learned
features. These approaches leverage concepts to provide models
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with axes of variation that are aligned with human-understandable
and potentially causal factors [14, 19, 21].

Concepts can be used to correct spurious correlations, as in-
terpretable concept axes can help expose shortcut features and
guide debiasing. For example, identifying unstable or environment-
dependent concepts and then intervening on the data or training
objective can reduce reliance on spurious attributes [26, 36].

Concepts can also be used to construct structured feature spaces
without requiring group annotations. Unsupervised or zero-shot
concept discovery methods leverage object-centric learning or lan-
guage models to define semantic subspaces that can improve robust-
ness under spurious correlations [2, 4]. These approaches demon-
strate that concept-aligned representations can mitigate spurious
correlations even in bias-unsupervised settings, highlighting the
value of semantically meaningful structure beyond standard latent
features.

However, existing concept-based approaches typically use con-
cepts as substitutes for learned representations, either by training
concept bottlenecks [21], intervening on concept predictions [36],
or reshaping embeddings through concept-aligned subspaces [19].
While this can improve interpretability and robustness, it risks
discarding predictive cues that are difficult to describe in natural
language or not included in the concept vocabulary.

Our work builds on this idea but takes a different perspective.
Rather than replacing or intervening on learned features using con-
cepts, we treat concepts as a structured augmentation to the original
representation. We combine semantically meaningful concept fea-
tures with residual features that capture information not explained
by the concept space. This expanded representation increases the
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set of candidate predictors available for robust selection, enabling
improved worst-group performance even when group labels are
unavailable during training or model selection.

3 Methodology

3.1 Overview

We propose a three-stage framework, displayed in Figure 2, that
expands an ERM-learned representation with structured semantic
features and complementary residual information, and then per-
forms group-free prediction on the resulting feature space: (1) ERM
Representation Learning: Train a standard model with ERM and
freeze its penultimate-layer representation, (2) Concept and Resid-
ual Feature Construction: Construct an expanded feature space
consisting of interpretable concept features and complementary
residual features derived from ERM features after removing concept-
explainable variation, and (3) Expanded Feature Classification:
Train a lightweight classifier on the expanded representation with
structured regularization, without using group or environment la-
bels for training or model selection. We describe each stage in detail
below.

3.2 ERM Representation Learning

We consider a supervised classification setting where each input
image x € X is associated with a label y € Y. In addition to label-
relevant information, images may contain spurious factors that
correlate with the label in the training data but do not reflect the
true causal mechanism for prediction.

We begin by training a standard neural network using ERM on
the original training data. Let fy(x) € R? denote the penultimate-
layer feature representation learned by this network with the learned
parameters 0. The model is trained with a standard cross-entropy
objective:

mgin E(x,y)'vZ)"ain [[CE(gG(fe(x))’ y)] B (l)

where gy is the final classifier and fc is the cross-entropy loss.

We preserve the ERM representation and treat fy(x) as a high-
capacity feature space that encodes a mixture of useful and mislead-
ing cues. The key challenge is then how to expose and disentangle
this information so that downstream training can more easily select
stable, predictive non-spurious features. To achieve this, we propose
two complementary components from the ERM feature represen-
tation: an interpretable concept-based component and a residual
component that captures any remaining predictive structure not
covered by concepts.

3.3 Concept and Residual Feature Construction

While ERM representations encode rich visual information, their
latent spaces are not structured to expose which dimensions corre-
spond to stable, interpretable features versus spurious correlations.
In this stage, we decompose the ERM feature representation into
two complementary components: an interpretable concept-based
representation and a residual representation that captures remain-
ing predictive information.

Concept Bank Construction. We begin by constructing a task-
specific vocabulary of visual concepts with a large language model
(e.g., GPT-40-mini), where the concepts can be scored from a single
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Figure 3: An example of concept-based attribution produced
by the CRX model. For a single image (top), we visualize
the most influential concepts within two semantic channels:
Target Attributes and Environment Context (bottom). Each
bar represents the signed contribution of a concept feature
to the final logit. Positive contributions increase confidence
in the predicted class, while negative contributions decrease
it.

still image and organized into a small set of semantically mean-
ingful channels. Rather than treating all concepts as a flat set of
features, we group them into categories that reflect different sources
of predictive information:

e Target Attributes (object-centric parts and morphology),
Environment Context (scene and background cues),
Co-Occurring Objects (objects frequently appearing nearby),
Imaging Artifacts (capture and preprocessing artifacts),

Hard Negatives (visually confusable categories),

Sensitive Proxies (diagnostic-only concepts that may correlate
with sensitive attributes).

This channel structure accomplishes two tasks. First, it encour-
ages the concept vocabulary to cover multiple types of visual ev-
idence rather than focusing narrowly on task-specific attributes.
Second, they provide a mechanism for analysis and control within
a task, allowing categories of related concepts to be inspected,
reweighted, or ablated together.

To support reliable zero-shot scoring with vision-language mod-
els, we constrain the generated concepts to be visually grounded,
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concrete, and identifiable from a single image. This helps ensure
that concept scores behave as soft semantic features rather than
ambiguous textual descriptors.

Importantly, not all channels are intended to be used symmetri-

cally during prediction. Object-centric concepts (e.g., morphology
or identity cues) can provide semantically meaningful evidence for
classification. In contrast, environment context and co-occurring
object concepts may reflect correlations that are not intrinsic to the
object. We therefore include these contextual concepts explicitly
to make potential spurious features visible in the representation.
Downstream training can discourage reliance on these channels
through masking (excluding channels entirely), sparsity (encour-
aging a small set of stable concepts), or coarse block-level gating
that downweights an entire concept block when it is unreliable. In
this way, the concept bank serves both as a source of interpretable
evidence and as a structured “audit surface” for identifying and
suppressing shortcut cues.
Zero-shot scoring with vision-language models. After con-
structing the concept bank, we estimate the presence of each con-
cept in an image using a pretrained vision-language model (Open-
CLIP RN50) [8]. Each concept phrase c is encoded into a normalized
text embedding z., and each image x is encoded into a normal-
ized image embedding z,. Concept scores are then computed using
scaled cosine similarity:

@

where 7 is CLIP’s learned logit scale. Collecting these scores across
all K concepts yields a concept vector c¢(x) € RK that provides a
structured semantic description of the image.

This process is entirely zero-shot: the vision-language model is
not trained or adapted to the target dataset. As a result, concept
activations can be noisy or imperfect, particularly for fine-grained
attributes or rare visual cues. Rather than interpreting these acti-
vations as ground-truth attributes, we treat them as soft semantic
features that provide additional axes along which the classifier can
form predictions. Even when individual concept detections are im-
perfect, they introduce semantically meaningful directions that can
help disentangle object-centric evidence from contextual cues.

The concept bank metadata further allows selective control over
which features influence training. Concepts can be masked entirely,
filtered by channel, or downweighted indirectly through sparsity
and block-level gating in the downstream classifier. This design en-
ables the model to suppress unreliable or shortcut-related concepts
while retaining useful semantic structure in the representation.

To illustrate the structure of the resulting concept representation,
Figure 3 depicts concept activations for a representative image. Con-
cepts categorized as “Target Attributes” produce scores reflecting
the presence or lack of specific physical attributes, while scene-
context concepts capture surrounding environmental cues. Because
scores are contained via zero-shot vision-language similarity, they
can be noisy and are interpreted as soft semantic features rather
than ground-truth attributes. Even when imperfect, these activa-
tions introduce structured semantic directions that separate object
evidence from contextual features.

Residual Feature Construction. Concept features cannot capture
all causal or task-relevant variation in images. Many predictive
cues are too fine-grained or abstract to be described by a finite

sc(x) = TZ;—ZL"
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set of human-readable concepts. We construct a residual feature
representation from the ERM features to capture this additional
information.

Let c(x) € RK denote the concept vector. We fit a ridge regression
model on the validation split to predict ERM features from concepts:

w* :argmv|i/n||F—CW||2+/1||W||2, (3)

where F € RVN*¢ stacks ERM features of N samples and C € RV*K
stacks concept features. For an example x, the concept-explainable
component is f(x) = c(x)TW* € R%. We define the residual

r(x) = fo(x) = f(x), ©
which captures components of the ERM representation that are not
linearly explained by the concept space.

To control dimensionality and stabilize training, we apply princi-
pal component analysis (PCA) [1] to the residual vectors computed
on the validation set. PCA is fit on the collection of residuals r(x)
across validation examples to identify directions of highest variance
in the residual feature space. We retain the top k principal compo-
nents and obtain a projection matrix P, whose columns form an
orthonormal basis for the dominant residual directions. We define
the reduced residual representation as:

r'(x) = PTr(x) € R~ (5)

This step compresses the high-dimensional residual vector while
reducing noise and redundancy. Each residual principal compo-
nent represents a recurring pattern in the ERM feature space not
explained by the concept features.

Combined Representation. The final feature representation used
for training is the concatenation of the frozen ERM features with
concept and residual features:

h(x) = [fo(x) 5 e(x) s r'(x) . (6)
The concatenation of multiple sources of information for improved
representation learning has been explored in prior work, such as
Chroma-VAE [38], which disentangles features in a similar man-
ner. h(x) preserves the full ERM feature space while adding in-
terpretable, semantically structured dimensions (concepts), while
preserving unstructured but potentially causal information not ex-
plained by the concept space (residuals). Together, these features
expand the hypothesis space available to robust training without
constraining the model to rely only on predefined attributes.

3.4 Expanded Feature Classification

Given the expanded representation h(x) = [fy(x); c(x); ' (x)], we
train a lightweight classifier while keeping the ERM backbone
frozen. Concretely, we optimize only the parameters of a multi-
layer perceptron classifier g4 consisting of two hidden layers on
top of the fixed features:

9 =94 (h(x)). )
We encourage sparse reliance on feature dimensions via an #;
penalty on the classifier weights:

L($) = Eter (94 (h(), 9)] + Acielipll1, ®)
where ¢ denotes the weights of classifier g4 associated with the
final feature representation, and Aq¢ represents the regularization
hyperparameter for the classifier, controlling the sparsity of the
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model’s weights. Intuitively, because concept features are semanti-
cally aligned and grouped into channels, sparsity encourages the
classifier to concentrate on a small subset of more stable features.
Computational Overhead. CRX adds limited trainable capacity
beyond the ERM backbone. The ERM encoder and CLIP concept
scorer are frozen, and Stage 3 trains only the classifier g4 on the
expanded representation. The main additional computation comes
from one-time feature construction: caching CLIP concept scores,
caching ERM features, fitting the ridge map from concepts to ERM
features, and projecting residuals with PCA. Once these features are
cached, training the final classifier is lightweight relative to training
the ERM backbone. At inference time, CRX requires computing the
ERM representation, concept scores, and the residual projection
before applying g4, unless these features are precomputed.

4 Experiments
4.1 Experimental Settings

Datasets. We evaluate on three spurious correlation benchmarks in
vision: Waterbirds [28], CelebA [25], and CheXpert[16]. Waterbirds
is a binary classification task where the target label is bird type,
landbird versus waterbird, and the spurious attribute is background,
land versus water. CelebA is a binary attribute classification task
where the target label is Blond Hair, and the spurious attribute is
gender. CheXpert is a chest X-ray classification task where the
target label is Finding versus No Finding, and subgroups are defined
by the intersection of race and gender metadata. Table 1 reports the
group counts for each dataset, illustrating the subgroup imbalance
present in these benchmarks. For all datasets, group labels are used
only for evaluation of worst-group accuracy and are not used during
training, validation, or model selection.

Backbone and Implementation Details. For all methods, we
use a ResNet-50 backbone pretrained on ImageNet-1k as the ERM
feature extractor. CRX freezes this ERM encoder and trains only the
lightweight classifier on the expanded representation. Waterbirds
and CelebA metadata are derived from the official dataset releases
following the standard group definitions used in prior spurious cor-
relation benchmarks. For CelebA, the target attribute is Blond Hair,
and gender is used only to define evaluation groups. All processed
metadata files and scripts for constructing the experimental splits
are included with the released code to support reproducibility.
Baselines. We compare against representative approaches for ro-
bustness under spurious correlation, including ERM [32], Group-
DRO [28], DFR [20], CRT [18], and JTT [24]. These methods cover
reweighting, post-hoc adjustment, and group-robust optimization
strategies that operate within a fixed learned representation.
Attribute Availability. Crucially, our method and all baselines are
evaluated in the most challenging and realistic setting: group or
environment labels are not available during training or validation.
Models are trained without group supervision, and model selection
does not use worst-group validation metrics. As a result, meth-
ods that would otherwise use group information instead function
using class-based supervision. This setting prevents explicit group-
aware optimization and forces methods to rely solely on learned
representations.

Concept Bank Construction. For all experiments, CRX generates
its concept vocabulary using only the task class names, such as
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Table 1: Group counts for each dataset. Training splits exhibit
subgroup imbalance, reflecting the spurious correlations that
worst-group accuracy is designed to evaluate.

Group Train Val Test
Waterbirds

Landbird + Land 3498 467 2255
Landbird + Water 184 466 2255
Waterbird + Land 56 133 642
Waterbird + Water 1057 133 642
Total 4795 1199 5794
CelebA

Not Blonde + Female 71629 8535 9767
Not Blonde + Male 66874 8276 7535
Blonde + Female 22880 2874 2480
Blonde + Male 1387 182 180
Total 162770 19867 19962
CheXpert

Finding + White + Male 51606 6873 10420
Finding + White + Female 33676 4469 6772
Finding + Black + Male 4051 552 796
Finding + Black + Female 3877 513 783
Finding + Other + Male 33604 4484 6763
Finding + Other + Female 23407 3126 4696
No Finding + White + Male 5446 734 990
No Finding + White + Female 3490 487 661
No Finding + Black + Male 543 61 123
No Finding + Black + Female 506 71 94
No Finding + Other + Male 3912 518 740
No Finding + Other + Female 2975 392 581
Total 167093 22280 33419

“landbird” and “waterbird” for Waterbirds, rather than manually
curated concept annotations or group labels. This represents a
minimal-information setting in which the method has access to task
semantics but not explicit spurious-attribute supervision. If richer
task descriptions, metadata, or expert knowledge are available, they
can be incorporated into the same concept-generation procedure
without significant changes to the framework.

Model Selection. For each algorithm, we perform a random search
over 16 hyperparameter configurations. The best model is selected
using validation average accuracy only without any group infor-
mation. This protocol ensures that improvements in worst-group
accuracy arise from better representations and inductive biases
rather than oracle model selection.

Metrics. We report both average test accuracy (Mean) and worst-
group accuracy (WGA). WGA measures the model’s accuracy on
the lowest-performing predefined group (defined by the label y and
spurious attribute a). Formally,

©)

min

WGA =
(g¢) (ya)eYxA

E(x,y)~D(yya) []]-{g¢(x) = y}],
where Dy, 4) denotes the test distribution restricted to the group
with label y and spurious attribute a from the attribute set A, and
1{gy(x) = y} is the 0-1 loss. A high worst-group accuracy indicate
that the classifier is robust to spurious correlations and can fairly
predict samples from different groups.

More details of the implementation are provided at: https://doi.
0rg/10.5281/zenodo.20467988
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Table 2: Test performance comparison across datasets without group labels. Best run per algorithm selected by validation mean

accuracy over 16 hyperparameter trials.

Waterbirds [28]

CelebA [25]

CheXpert [16]

Algorithm  WGA (%) Mean (%) WGA (%) Mean (%) WGA (%) Mean (%)
ERM 71.03 89.45 46.67 95.54 9.80 90.76
GroupDRO 70.72 89.61 43.33 95.70 55.66 87.34
CRT 64.02 91.11 65.56 94.82 34.04 87.03
DFR 83.33 93.79 44.44 95.53 0.00 90.46
JTT 69.47 89.94 32.22 95.93 16.06 90.88
CRX 90.51 91.15 71.67 93.47 62.77 84.43

Table 3: Ablation of representation expansion components
without group labels.

Waterbirds [28] CelebA [25]

Algorithm WGA (%) Mean (%) WGA (%) Mean (%)
ERM 71.03 89.45 46.67 95.54
+Concepts 88.91 90.16 70.00 94.00
+Residuals 89.10 90.78 71.11 93.67
+Both (CRX) 90.51 91.15 71.67 93.47

4.2 Main Results

As shown in Table 2, CRX substantially improves worst-group
accuracy across all three datasets while maintaining competitive
average performance. On each dataset, our method achieves the
highest worst-group accuracy among all baselines. Compared to
prior post-hoc approaches such as DFR, CRT, and JTT, which oper-
ate within a fixed ERM feature space, CRX consistently achieves
stronger worst-group performance. On Waterbirds and CelebA,
these gains are achieved with competitive average accuracy, while
on CheXpert, CRX trades some average accuracy for a substantial
improvement in worst-group accuracy.

These improvements can be understood in terms of how the ex-
panded representation changes the features available for prediction.
The ERM-trained backbone produces a high-dimensional feature
space that entangles label-relevant and spurious information. Post-
hoc methods that focus on reweighting or selecting among these
existing directions can struggle when stable features are weak or
difficult to separate from contextual features. CRX addresses this
limitation by explicitly introducing additional, structured feature di-
rections. Concepts provide semantically meaningful measurements
of object attributes, scene elements, and contextual features, mak-
ing key features more explicit and easier to isolate, while residual
features ensure that useful predictive content is not lost. The gains
in worst-group accuracy suggest that this expanded space promotes
stable decision boundaries that perform well across groups, even
without access to group labels.

Overall, the results indicate that CRX improves robustness across
both standard spurious-correlation benchmarks and a larger clini-
cal dataset. While the average-accuracy tradeoff varies by dataset,
the consistent WGA gains suggest that representation expansion
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Table 4: Ablation comparing direct vision-language represen-
tations.

Waterbirds [28] CelebA [25]

Algorithm WGA (%) Mean (%) WGA (%) Mean (%)
CLIP Direct 69.24 70.28 45.84 45.92
CLIP + Classifier 00.00 22.19 00.00 13.33
CRX 90.51 91.15 71.67 93.47

increases access to stable predictive features that are difficult to
exploit using the ERM representation alone.

4.3 Ablations

We focus the ablation analysis on Waterbirds and CelebA, the two
standard spurious-correlation benchmarks used for controlled com-
ponent analysis. CheXpert is included in the main results as a larger
clinical evaluation of the full CRX pipeline.
Concept and Residual Contribution. To isolate the contribu-
tions of different parts of the expanded representation, we compare
models trained on (1) ERM features only, (2) ERM features aug-
mented with concepts, (3) ERM features augmented with residuals,
and (4) the full expanded representation (concepts + residuals).
This ablation directly tests whether robustness gains arise from
representation expansion itself and whether concepts and resid-
uals provide complementary information. Table 3 quantifies the
contribution of each component. Augmenting ERM features with
either concepts or residuals alone yields significant gains in worst-
group accuracy, indicating that representation expansion itself is
a primary driver of robustness gains. Notably, each component
independently closes most of the gap between ERM and the full
CRX model. This suggests that both concept and residual features
introduce useful predictive structure that is not readily accessible
within the original ERM feature space. The full CRX representation
achieves the strongest worst-group accuracy overall, indicating
that these two sources of information are complementary rather
than redundant.
Robustness to Noisy Concept Scores. To evaluate whether CRX
is sensitive to noisy concept activations, we perturb the test-split
concept scores of a model trained under CRX with Gaussian noise,
shown in Table 5. The added noise is scaled by each concept’s
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Figure 5: Ablation evaluating CRX robustness to noisy con-
cept scores on Waterbirds [28]. Dashed lines indicate ERM
baseline WGA values.

empirical standard deviation on Waterbirds. Worst-group accuracy
remains stable under moderate noise, changing from 89.56% with
clean concept scores to 89.36% at ¢ = 1.0 and 88.90% at o = 2.0.
Even under severe noise (o = 5.0), CRX still retains 84.70% WGA.

Vision-language Baselines. We further assess whether the gains
from CRX arise simply from using vision-language representations
from CLIP models. Table 4 compares CRX against two baselines
that rely directly on CLIP features: the first uses zero-shot CLIP
predictions obtained via similarity between image embeddings
and class text prompts. The second trains a simple classifier on
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frozen CLIP image embeddings using the same group-free training
protocol as our method.

Zero-shot CLIP produces similar worst-group and average accu-
racies, indicating relatively balanced performance across groups.
However, overall accuracy remains substantially lower than ERM
and CRX. This behavior is consistent with the fact that zero-shot
CLIP is not adapted to the training distribution and is therefore
less sensitive to dataset-specific shortcuts, although it is also less
aligned with the task. Training a classifier directly on frozen CLIP
embeddings further results in collapse to predicting a single label,
yielding zero worst-group accuracy. Together, these results sug-
gest that CLIP features alone are insufficient for stable supervised
learning in this setting.

4.4 Qualitative Analysis

Case Study. We examine a failure case to understand how represen-
tation expansion affects predictions. Figure 4 shows predictions on
a Waterbirds dataset example in which a waterbird appears on land,
a minority-group setting. Under ERM, the Grad-CAM [29] localiza-
tion map highlights a few regions of the bird, suggesting the model
attends to object-relevant structure. However, it also highlights a
distant background region, indicating sensitivity to contextual cues.
The model ultimately incorrectly predicts “Landbird,” consistent
with reliance on the surrounding scene for predictive cues.
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Positive Projection along Residual PC 1

Figure 6: Examples with high activations along the first residual principal component (PC 1). The top row shows samples with
large positive projections into this direction, while the bottom row shows samples with large negative projections, illustrating

contrasting visual patterns captured by this residual space.

When concept features are introduced, the prediction changes to
the correct label, “Waterbird” The concept features provide seman-
tic evidence aligned with object identity. Morphology-related con-
cepts such as “webbed feet” or “slender body” receive strong positive
activations, supplying explicit features tied to the bird’s physical
characteristics rather than the environment. These concept-based
cues help shift the decision away from background context and
toward object-centered evidence. This expanded representation pro-
vides additional predictive structure that allows the classifier to rely
less on contextual shortcuts and more on features that generalize
across environments, resulting in the correct classification.
Residual Principal Components. To analyze what information
is captured beyond the concept space, we inspect examples with
strong positive and negative projections along the first principal
component direction in the residual feature space (PC 1), shown in
Figure 6. Images with strong positive projections along PC 1 contain
large, monochrome birds, often in dynamic poses. In contrast, im-
ages with strong negative projections contain small, perched, bright
yellow birds. This clear distinction supports that residual compo-
nents capture meaningful, predictive visual structure, which can
improve performance by providing additional information beyond
the predefined concept space. However, because these directions are
learned without semantic constraints, they may also encode spuri-
ous attributes, such as background trees in the positively projected
examples, or clouds and water in the negatively projected ones.
This highlights the complementary roles of the two components in
the expanded representation: residual features provide additional
predictive information that may be entangled with contextual cues,
while concept features include structured, semantically grounded
attributes that help anchor the decision.
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5 Conclusion

We presented Concept-Residual eXpansion (CRX), a representation-
centric framework for improving robustness to spurious correla-
tions without group annotations. Rather than modifying the train-
ing objective alone, CRX augments an ERM-learned representation
with structured concept features derived using CLIP, and also ex-
tracts complementary residual features that preserve visual infor-
mation not captured by the concept space. A lightweight classifier
trained on this expanded feature space will then provide robust
model predictions given the instance-agnostic concept features,
which can generalize reliably across groups. In experiments, CRX
consistently improves worst-group accuracy while maintaining
competitive average performance. Ablation results demonstrate
that both concepts and residuals independently contribute to robust-
ness, and that CRX remains stable under noisy concept activations.
Additionally, comparisons with direct vision-language baselines
indicate that CLIP-derived features are most effective when used to
augment, rather than replace, strong ERM representations. Together,
these findings highlight the potential of representation expansion
as a promising and underexplored axis for improving robustness to
spurious correlations.
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