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Abstract. Deep neural networks are prone to shortcut bias, where mod-
els rely on features that are statistically associated with the target label
but lack causal relevance, leading to poor generalization under distribu-
tion shifts. To address this, debiasing methods aim to improve robustness
by reducing reliance on these spurious features. Unfortunately, existing
approaches typically assume unbiased test distributions, an idealized sce-
nario that rarely holds in practice. As a result, they often underperform
on the original biased distribution when compared with standard empiri-
cal risk minimization (ERM) models. We propose a novel Adaptive Model
SELection approach for expanding post hoc debiasing called AMSEL,
which maintains strong performance across test distributions with vary-
ing strength of spurious correlation. Using the fixed feature extractor of
the biased model, AMSEL trains a family of lightweight classifier heads
on simulated distributions ranging from the original biased data to a
fully balanced version. At test time, it estimates the degree of spurious
correlation in the test data and selects the most suitable classifier. We
validate AMSEL on CelebA and ChestX-rayl4, demonstrating that it
matches the performance of debiased models under unbiased conditions
while preserving the accuracy of the original biased model when spuri-
ous correlations are prevalent. AMSEL thus offers an adaptive solution to
mitigate the impact of spurious correlations when their strength is either
unknown or varies across application environments. Code and models are
publicly available at https://github.com/debiasing/AMSEL.
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1 Introduction
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Fig. 1: Expanding Post Hoc Debiasing by Adaptive Model SELection
(AMSEL): The ERM model, trained on biased data, performs well in biased
settings, whereas classical debiasing models are optimized for unbiased data and
thus perform best in unbiased settings. Our method AMSEL bridges this gap
by (i) estimating test distribution characteristics and (ii) adaptively selecting the
best classifier head, achieving strong performance across the entire spectrum.

Deep neural networks often struggle to generalize when facing shifts in test
distributions [10, 36]. One reason for this is shortcut bias, where the model re-
lies on statistical associations present in the training data that are not causally
warranted [10]. For instance, in natural image classification, models may erro-
neously associate background textures with certain classes rather than focusing
on intrinsic object properties [3,28,34] while in medical imaging, they can rely on
hospital-specific artifacts rather than clinically relevant features [7,14,37]. Con-
sequently, when these spurious correlations no longer hold, the shortcut bias
leads to significant performance drops.

To address this, a variety of debiasing methods have been proposed [2, 12,

, 18,21,25, 28, 36], with some even avoiding a complete retraining. One such
post hoc approach is Deep Feature Reweighting (DFR) [18], which observes that
models extract both meaningful and spurious features when trained via stan-
dard loss minimization for empirical risk minimization (ERM) [31]. The authors
of DFR thus argue that the classifier disproportionately relies on the spurious
features and propose freezing the feature extractor while retraining the classifier
head on unbiased data. Despite its simplicity and low computational overhead,
DFR substantially improves performance on unbiased data [17,18].

However, classical debiasing methods like DFR tend to underperform on the
original biased distribution compared to the ERM model, visualized in Figure 1.
This drawback stems from optimizing for an unbiased test distribution. This as-
sumption is particularly strong given biased training data, as it requires test data
to be free of the spurious correlations present in the training set. In real-world
applications, assuming a fized level of spurious correlation is further problematic,
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as test data often exhibits varying levels of spurious correlation due to changes
in acquisition conditions or site-specific characteristics [3,7, 14].

We reject the assumption of a fixed test distribution and instead frame the
problem of post hoc debiasing as dynamic classifier selection [1,5,6]. Specifically,
we assume a continuum of candidate test distributions, each characterized by a
different strength of spurious correlation, ranging from the original biased setting
to an ideal, unbiased scenario. Building on the observations of DFR, our method
trains a family of classifier heads, each optimized for a different candidate test
distribution while keeping the feature extractor fixed. At test time, we select the
classifier best suited to the actual conditions by comparing the predictions of the
classifiers trained on the original biased data and unbiased data. Crucially, we
assume that they primarily agree on simple, bias-aligned samples, allowing us
to select the head optimized for the corresponding level of spurious correlation.

We validate AMSEL on CelebA [20] and ChestX-rayl4 [33], a real-world
medical imaging dataset, and find that it matches DFR’s benefits on unbiased
data while avoiding the performance degradation observed with conventional
debiasing methods on biased data.

Our contributions are twofold: (i) We provide a framework for modeling
varying test environments by training a family of classifier heads optimized for
different levels of spurious correlation. (ii) We propose a test-time mechanism
to select the estimated best classifier based on the degree of bias in the input
data. Finally, we provide empirical evidence that our approach robustly adapts
to varying test conditions, bridging the gap between the original level of spurious
correlation and scenarios with minimal spurious correlation.

2 Related Work

Real-world datasets often exhibit spurious correlations, which are features that
are statistically predictive in the training data but lack a causal link to the

task [22,36]. Models trained via empirical risk minimization (ERM) [31] tend to
exploit these correlations, in part due to the inherent simplicity bias of deep net-
works [29,30]. When simplicity bias aligns with spurious features, models develop

a shortcut bias [10], also sometimes referred to as Clever Hans phenomenon [19)].
Instead of relying on task-relevant features, they focus on these simple yet irrel-
evant attributes, leading to poor generalization when the spurious correlations
do not persist at test time.

To mitigate shortcut bias, various debiasing strategies have been proposed,
often requiring retraining of the entire model. These approaches are categorized
by the availability of subgroup labels that provide information about spurious

attributes [35]. Approaches leveraging subgroup labels involving full-model re-
training include reweighting and resampling techniques [2, 16] as well as worst-
case loss minimization frameworks such as GroupDRO [28]. For a comprehensive

comparison of debiasing techniques, we refer the reader to [35,30].
In contrast, post hoc debiasing techniques modify a pre-trained ERM model
with minimal adjustments [12, 18,25, 26]. For instance, Deep Feature Reweight-
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ing (DFR) [17, 18] retrains only the classifier on a group-balanced validation set
to recover robust performance on unbiased test distributions. This approach is
motivated by the observation that while ERM-trained feature extractors encode
both biased and unbiased information, the classifier tends to over-rely on spuri-
ous features [18,26]. Similarly, He et al. [12] directly adjust classifier weights to
suppress the influence of spurious correlations.

Unlike these methods, which optimize for a fixed, unbiased test setting, our
approach considers a spectrum of test distributions characterized by varying
strengths of spurious correlations. This leads us to draw connections to dynamic
classifier selection (DCS) [1,5, 6], where the classifier is chosen based on the
input data. However, unlike previous work in DCS focusing on feature space
competence estimation and ensemble generation, our approach is tailored for
debiasing. We constrain test distributions to a spectrum between the original
biased and ideal unbiased settings, enabling a competence measure based on the
estimated ratio of bias-conflicting samples.

3 Method

Preliminaries and Notation. We consider a standard supervised learning set-
ting with input space X and class labels ). The corresponding ERM model [31]
m : X — Y is decomposed as m = hoe, where e : X — F is the feature extractor
and h : F — )Y is the classifier. The training dataset D of size n € N> is given
by D = {(x;,y;)}y C X x ), and is biased due to the spurious correlations.

Following standard practice in debiasing [2, 17,18, 28], we formalize this bias
as an imbalance between subgroups, which the model may exploit to make pre-
dictions based on the subgroup rather than the label. Formally, we define a
surjective subgroup labeling function g : X x Y — G, where G = {1,2,...,1}
indexes the subgroups defined by combinations of (classlabel, biasattribute).
Probabilistically, the subgroup imbalance is equivalent to an imbalance in the
joint distribution P(Y, B) of class labels Y and bias attributes B. In line with
other post hoc debiasing approaches [12,18], we assume that subgroup labels are
available only on the validation dataset.

Method Overview. AMSEL addresses robust test-time generalization by con-
structing a family of candidate models, each optimized for a different test dis-
tribution, and by adaptively selecting the appropriate model based on the input
data. Our method consists of three main steps:

(i) Candidate Model Construction: With a fixed feature extractor e, construct a
family of classifier heads {hg }sco by training on subsets Dy, where 6 controls
the degree of spurious correlation between class label Y and bias attribute
B. Thus, we also refer to 8 as the balancing parameter.

(ii) FEstimation of Test Distribution Characteristics: Given a score function s(-)
that measures aspects of spurious correlation from an n-tuple of inputs, learn
a mapping M : s(X™) — O from these scores to the corresponding balancing
parameter 6 € O.
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(iil) Adaptive Inference: At test time, estimate the balancing parameter 05t =
M (8(Drest)) from the test data and select the corresponding model mg,,, =
he,.., © e for making predictions.

Following standard practice, we train the feature extractor e on D via ERM [31],
and then learn the candidate classifier heads {hy} and the mapping M on disjoint
validation set halves, denoted by Dcandidate ad Dapping, respectively.

Candidate Model Construction. Standard DFR [18] retrains the classifier
on a balanced validation subset, implicitly assuming an unbiased test distribu-
tion. We instead assume a parameterized family of candidate joint distributions
{Py}oco, where 0 controls the degree of spurious correlation between class label
Y and bias attribute B. In our experiments, we use the following instantiation:

Py(Y, B) = 0 Pout(Y, B) + (1 - 0) Poig (Y. B), 0 € [0,1], (1)

where P,,g is the original (biased) joint distribution and P, is the uniform (un-
biased) joint distribution. Note that due to our definition of subgroups, Equa-
tion (1) is equivalent to interpolating between subgroup distributions, thereby
allowing 6 to control the degree of subgroup balance.

For each 6, we sample a subset Dy C Deandidate Without replacement to
approximate the distribution Py. For binary labels and bias attributes, assuming
class balance, the strength of spurious correlation in Dy decreases monotonically
with increasing 6, vanishing at § = 1 (see Appendix A2 for details).

With the fixed feature extractor e, AMSEL then trains the corresponding
classifier heads hy via logistic regression [1] on features extracted from Dy:

. 1
ho = argmin ooy @%6399 (h(e(x)),y) + R(h), (2)

where £(-, -) denotes the cross-entropy loss, H is the set of classification functions
obtainable via logistic regression, and R(h) is a regularizer. Following DFR [18],
we average the coefficients over multiple runs to reduce sensitivity to initializa-
tion. The final candidate model for parameter 6 is given by mg = hg o e. This
decoupled strategy enables efficient training of multiple candidate models using
a single, fixed feature extractor.

Adaptive Model Selection. At test time, the test data may exhibit varying
levels of spurious correlation, and the true joint distribution of class labels and
bias attributes, Piest(Y, B), is unknown. Rather than estimating the bias level
directly, AMSEL identifies which candidate test distribution from the predefined
set best approximates P;est. To this end, we define a score function s, which cap-
tures statistical properties indicative of the number of bias-conflicting samples
from a given dataset of variable size, i.e., an ordered sequence of n input samples:

s: | Jam—Rr (3)

neN
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In our implementation, we compare the predictions of the two most extreme
candidate models: mg (trained on the original distribution) and m; (trained on
an unbiased subset). Inspired by Ho et al. [13], we assume that these models
agree on simple, bias-aligned samples while diverging on more challenging, bias-
conflicting ones. For an input x € X', we define the binary consensus function:

1, if argmax(mg(x))
consensus(z) = = argmax(m1(x)) (4)

0, otherwise.

For a given n-tuple of inputs X = (z1,22,...,2,) € X™, the consensus score is
defined as the percentage of top-1 prediction agreement:

1 n
Sconsensus (X ) = - E consensus(z;). (5)
i—1

AMSEL learns a mapping M : s(X™) — © from this score to the balancing
parameter ¢ on Dyapping. Thus, we estimate the balancing parameter e, of
the test set as Oiest = M(S(Dtest)). Finally, for any test input x € X, the
prediction is generated using the corresponding candidate model: § = my,__, (z) =
he,... (e(x)). This direct model selection based on the estimated 85t avoids the
need to evaluate all candidate models at test time, enabling efficient adaptation
to varying levels of spurious correlation.

4 Experiments

We evaluate AMSEL on both a widely used debiasing benchmark (CelebA [20])
and a real-world medical imaging dataset (ChestX-rayl4 [33]) and compare it
against standard ERM [31] as well as existing post hoc debiasing methods [12,18].

4.1 Implementation Details

Datasets and ERM Models. We evaluate our approach on the following
two datasets. The CelebA dataset [20] is a popular debiasing benchmark, which
comprises celebrity face images. Following [28], we focus on the binary target
attribute blond hair, which is spuriously correlated with gender. In contrast,
ChestX-ray14 [33] is a real-world dataset containing chest X-rays of patients
with various diseases. We consider the binary classification task of detecting
pneumothoraz (diagnosed vs. not diagnosed), where the presence of chest drains
(a treatment artifact) acts as a spurious feature [23,27]. We use automatically
generated chest drain labels from [22]. For both datasets, we first train an ERM
model [31], which serves as the baseline and provides the fixed feature extractor e
for subsequent debiasing. For CelebA, we follow the training procedure of [17]
using a ResNet50 [11] pre-trained on ImageNet [8]. For ChestX-ray14, we adopt
the approach described in [22] with a DenseNet121 [15] architecture.
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Fig.2: Performance Trade-Off Across Test Distributions: We evaluate
accuracy (1, left) across test sets with varying spurious correlation (cf. Equa-
tion (1)), with ERM [31] performing best on biased data, while conventional post
hoc debiasing methods (DFR [18] and EvA [12]) outperform the ERM model on
balanced data. In contrast, AMSEL maintains competitive accuracy across all
distributions by adaptively selecting the estimated best classifier. The adaptive
nature of AMSEL is further evident in its worst-group accuracy [28] (1, right),
a proxy for model bias, demonstrating an increased model bias for biased distri-
butions. Shaded regions around each line represent standard deviations.

Conventional Debiasing and AMSEL. In practice, we implement the map-
ping M : s(X™) — O via linear regression and clip its predictions to [0, 1]. The
parameter space is discretized as © = {0.0,0.05,0.1,..., 1.0} to reduce the num-
ber of classifier heads. Following Kirichenko et al. [18], both the standard DFR,
models and our candidate classifier heads are trained via logistic regression us-
ing the 1liblinear solver [9] with an ¢; penalty (see Appendix Al). To reduce
sensitivity to initialization, each classifier head is obtained by averaging coeffi-
cients over 20 independent runs. The inverse regularization strength c is selected
by training on Deandidate and tuning based on the worst-group accuracy [28] on
Dinapping, considering ¢ € {a-10° | a € {1,3,7}, b € {-3,-2,-1,0,1,2,3,4}}.
For EvA [12], we follow the original procedure and retrain the classifier head
using SGD (see Appendix A3 for additional details). Sample-wise reweighting is
applied to all classifiers to address class imbalance. All reported results include
standard deviations computed over five independent runs.

4.2 Results

Trade-Offs Between ERM and Debiasing Methods. To motivate the need
for adaptive selection, Figure 2 compares the ERM model [31] with the debiased
models obtained via DFR [18] and EvA [12], reporting both overall accuracy
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Fig. 3: Comparison of Candidate Classifiers: AMSEL trains classifier heads
on a range of candidate test distributions ranging from the original, biased distri-
bution to the unbiased distribution, which corresponds to standard DFR. When
comparing their accuracy (1) on the original (biased) and the unbiased distribu-
tion, we observe that there is no single uniformly dominant candidate classifier.

and worst-group accuracy [28] across test sets with varying spurious correlation
strength (see Equation (1)). A clear trade-off emerges: the ERM model excels
on biased data by exploiting shortcuts, whereas debiased models, by ignoring
these shortcuts, outperform it on balanced sets where such correlations no longer
hold.The debiased models’ insensitivity to spurious correlations is reflected in
their higher worst-group accuracy, indicating more uniform performance across
subgroups. Since the test set’s level of spurious correlation is typically unknown,
the optimal model choice is ambiguous. AMSEL addresses this by adaptively
selecting the classifier head based on the estimated test distribution.

Candidate Classifier Heads. Figure 3 depicts the performance trade-offs
among the candidate classifier heads {hs }gc(0,1) (see Equation (2)), where § = 1.0
corresponds to the standard DFR setting [18]. The candidate models exhibit
an almost smooth transition in performance, shifting their focus from biased
to unbiased data. As no single candidate model is uniformly optimal, adaptive
model selection is essential to navigate this performance trade-off.

Estimation of Test Distribution Characteristics. The effectiveness of
AMSEL depends on accurately estimating the balancing parameter 6 to se-
lect the estimated best classifier for a given test distribution. Figure 4 shows
that our consensus-based score function Sconsensus 1 almost linearly related to
the balancing parameter 8, as confirmed by the Pearson correlation coefficients
of —0.97 + 0.00 for CelebA [20] and —0.98 & 0.01 for ChestX-rayl4 [33]. This
strong linear dependency confirms Sconsensus @S @ suitable score function and jus-
tifies our design choice of implementing the mapping M for estimating the test
distribution’s bias characteristics via linear regression.

Adaptive Model Selection (AMSEL). Finally, we combine the balancing
parameter estimation with the candidate classifier heads to evaluate the full
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Fig. 4: Informative Value of the Score Function: Our consensus-based score
function Sconsensus €xhibits a near-linear relationship with the balancing parame-
ter 6 (Pearson correlation coefficients denoted as 7), which controls the strength
of spurious correlation, making it suitable for test distribution identification.
Shaded regions around each line represent standard deviations.

AMSEL approach. For a test set Dicst, we estimate Oieqp = M(S(Dtest)) and
select the corresponding model my,, ., = hg,.., o e for prediction. As shown in
Figure 2, for CelebA [20], AMSEL nearly matches the performance of the ERM
model [31] on test distributions with strong spurious correlation (benefiting from
shortcut bias exploitation) while also capturing the improvements of debiasing
methods on balanced test distributions where spurious correlations no longer ap-
ply. For ChestX-ray14 [33], the adaptive shift from a biased to an unbiased model
is most apparent when considering worst-group accuracy [28], indicated by an
improved worst-group performance for higher balancing parameters. To capture
overall performance across the entire spectrum of considered joint distributions,
we compute the area under the accuracy curve (AuC; see Appendix A4). On
CelebA [20] AMSEL achieves an AuC of 0.925 4 0.002, outperforming DFR [18]
(0.911 £ 0.003), EvA [12] (0.917 £ 0.003), and ERM [31] (0.891 + 0.010). On
ChestX-ray14 [33], similar trends are observed with AMSEL (0.771+0.007) out-
performing the other approaches by a margin of 0.025. These results confirm that
AMSEL is highly beneficial when the strength of the spurious correlation of the
test set is unknown. When it is known, AMSEL also retains high performance.

5 Conclusion

We propose a lightweight yet effective approach to spurious feature mitigation
that expands debiasing with adaptive model selection (AMSEL). Unlike classical
debiasing methods, AMSEL preserves the high accuracy of the original ERM
model in bias-dominated regimes while matching debiased models under bal-
anced conditions by adaptively selecting its classifier from a family of candidate
heads trained on simulated test distributions. This added flexibility requires
minimal extra overhead, as the additional forward passes (two for estimating
the test distribution characteristics) only involve the lightweight classifier head.
Our experiments on both CelebA [20] and ChestX-ray14 [33] demonstrate that
AMSEL outperforms ERM [31] and other debiasing approaches [12, 18] when
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evaluated across subsets with varying levels of spurious correlation. For exam-
ple, on ChestX-rayl4, AMSEL achieves an area under the accuracy curve (AuC)
of 0.771 4+ 0.007, outperforming the strongest baseline by a margin of 0.025.
Furthermore, we believe that the core idea of selecting from a set of candidate
models, each optimized for a specific strength of spurious correlation, can extend
to other debiasing strategies such as reweighting [16], resampling [16], or Group-
DRO [28]. Overall, AMSEL provides an efficient solution for robust performance
in environments where the degree of spurious correlation may vary significantly.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Appendix

In this appendix, we provide additional details on the implementation and ex-
perimental procedures used in our work. We describe the logistic regression
classifiers employed in both AMSEL and standard DFR [18], the simulation
of test distributions, the implementation of the Erasing with Activations (EvA)
method [12], and present further experimental results. Sections are organized as
follows: Section A1 details the logistic regression classifiers and the associated
hyperparameter settings; Section A2 describes formal properties of the candidate
test distributions and a procedure for simulating them; Section A3 outlines the
EvA method [12]; and Section A4 provides additional experimental results.

A1l Logistic Regression Classifiers

Both AMSEL and standard DFR replace the classifier head with a logistic re-
gression classifier whose coefficients are averaged over multiple runs. In the case
of AMSEL, we even train a set of logistic regression classifiers, with the optimal
one selected at inference time. In both approaches, the hyperparameters that
must be determined include:

number of repetitions,

— solver for logistic regression,
type of regularization,

— strength of regularization, and
strategy for class balancing.

Number of Repetitions, Solver, and Type of Regularization for Logis-
tic Regression. We follow the logistic regression setup detailed by standard
DFR [18]. For the logistic regression, we employ the LIBLINEAR solver [9] with
an ¢; penalty, using the implementation from scikit-learn [24]. To reduce
sensitivity to initialization, the classifier’s coeflicients are averaged over 20 inde-
pendent runs.

Inverse Regularization Strength. Following the protocol in [18], we deter-
mine the inverse regularization strength by training DFR models on one half
of the validation dataset (Dcandidate) and evaluating them on the other half
(Dmapping). The selection criterion is based on the worst-group accuracy. In our
experiments, the inverse regularization strength c¢ is chosen from

ce{a-10°|a € {1,3,7},b€ {-3,-2,-1,0,1,2,3,4}}. (6)

For both CelebA [20] and ChestX-rayld [33], we select ¢ = 0.7 (for detailed
results, see Table 1 and Table 2).
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Table 1: Inverse Regularization Strength for CelebA: To select the in-
verse regularization strength parameter ¢ of the logistic regression classifiers for
CelebA [20], we train DFR models [18] with varying values of ¢. The models are
trained on one half of the validation dataset and evaluated on the other. Based
on the best worst-group accuracy, we set ¢ = 0.7 in subsequent experiments.

Inverse Regularization  Accuracy (%, 1) Worst-Group

Strength ¢ Accuracy (%, 1)
7-10% 81.44 £ 0.26 7793 + 0.58
3-10* 81.46 £ 0.27 77.96 £ 0.58
1-10* 81.61 £ 0.25 78.15 £ 0.62
7103 81.69 £ 0.26 78.22 + 0.65
3-10° 82.11 £ 0.34 78.69 + 0.81
1-10° 82.93 £ 0.27 79.48 £ 0.78
7-10° 83.41 £ 0.28 79.89 + 0.85
3102 85.22 £ 0.34 81.61 £ 0.79
1-10? 86.30 £ 0.45 82.70 £ 0.89
710" 86.26 £ 0.42 82.55 £ 0.82
3-10" 86.98 £ 0.29 83.28 £ 0.70
1-10* 88.07 £ 0.25 84.44 + 0.62
7-10° 88.43 £ 0.29 84.85 £ 0.66
3-10° 89.07 £ 0.28 85.62 £ 0.59
1-10° 89.56 £ 0.29 86.11 £ 0.67
7-1071 89.69 + 0.29 86.18 + 0.58
3-107¢ 89.64 £ 0.28 85.86 £ 0.79
1-1071 88.30 £ 0.39 83.41 £ 1.00
7-1072 87.27 £ 043 81.86 £ 1.07
3-107° 80.67 £ 0.97  73.18 £ 1.52
1-1072 74.65 £ 172  63.81 £ 2.77
7.1073 62.74 £ 23.94 49.46 £+ 24.86
3.1073 14.87 = 0.00 0.00 &= 0.00
1-1073 14.87 & 0.00 0.00 &= 0.00

Class Balancing. In standard DFR [18], class balancing is implicitly achieved

when subgroups are defined as combinations of (label, biasattribute). In con-
trast, AMSEL trains logistic classifier heads on datasets with varying subgroup
balances (i.e., including 6 = 1.0). Thus, we enforce class balancing by applying
class weights inversely proportional to the class frequencies.

A2 Candidate Test Distributions

In this section, we provide additional details on the construction and theoretical
properties of the candidate test distributions used in our evaluation. In par-
ticular, we analyze the statistical behavior of the parameterized family of joint
distributions defined by the interpolation parameter €, which controls the degree
of spurious correlation between the class label and the bias attribute. We also
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Table 2: Inverse Regularization Strength for ChestX-ray14: To select the
inverse regularization strength parameter c¢ of the logistic regression classifiers
for ChestX-rayl4 [33], we train DFR models [18] with varying values of ¢. The
models are trained on one half of the validation dataset and evaluated on the
other. Based on the best worst-group accuracy, we set ¢ = 0.7 in subsequent
experiments.

Inverse Regularization  Accuracy (%, 1) Worst-Group

Strength ¢ Accuracy (%, 1)
7-10* 66.77 + 0.53 54.26 + 3.31
3-10% 66.78 + 0.53 54.26 + 3.31
1-10% 66.80 + 0.51 54.15 + 3.12
7-10% 66.84 + 0.50 54.36 + 3.32
3.10° 66.96 + 0.58 54.36 + 3.32
1-10° 67.20 + 0.54 54.56 + 3.43
7102 67.44 + 0.52 54.46 + 3.20
3.10? 68.16 + 0.65 55.08 + 3.33
1-10? 70.28 + 0.75 55.90 + 2.90
710t 70.92 + 0.83 55.79 + 3.20
3-10! 71.57 + 0.84 56.51 + 3.01
1-10" 72.25 + 0.94 56.72 + 3.22
7-10° 72.45 + 0.99 57.23 + 3.22
3-10° 72.91 + 1.02 57.54 + 2.94
1-10° 73.46 + 1.14 57.85 + 2.62
7-1071 73.74 + 1.12 58.05 + 2.33
3.107¢ 74.41 + 1.33 57.33 + 3.03
1-107! 72.74 + 1.13 51.49 + 1.47
7-1072 68.37 + 2.51 46.97 + 3.29
3.1072 66.26 + 1.18 36.31 + 6.01
1-1072 4.96 £+ 0.00 0.00 + 0.00
7.-1073 4.96 + 0.00 0.00 + 0.00
3.1073 4.96 + 0.00 0.00 £+ 0.00
1-1073 4.96 £+ 0.00 0.00 + 0.00

describe the procedure by which we generate test distributions corresponding to
a specific value of 6.

A2.1 Properties of Candidate Test Distributions

We generate our candidate test distributions based on the joint distribution
P(Y, B) of the ground truth label Y and the bias attribute B. In our experiments,
both Y and B are binary variables, and subgroups are defined as combinations of
(label, bias attribute); hence, the empirical joint distribution of P(Y, B) coincides
with the empirical distribution of the dataset subgroups.

Our candidate test distributions are generated via a linear interpolation be-
tween the joint distribution from the training data and a balanced (unbiased)
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joint distribution (see Equation (1)):
Py=0P,.,+ (1 - 9) Porig, S [0, 1], (7)

where Py denotes the original (biased) joint distribution and Py, is perfectly
balanced.

In this section, we demonstrate that this interpolation is a sound method
for generating candidate test distributions. In particular, we prove that (i) the
covariance between Y and B is linear in 6, with Covy(Y,B) =0 (i.e. Y and B
are independent in the balanced distribution), and (ii) the spurious correlation
|Corrg(Y, B)| decreases monotonically with increasing 6, vanishing when 6 = 1.
In other words, as we transition from the original training distribution to the
balanced distribution, the level of spurious correlation decreases continuously.

Note that our proofs assume that the marginal distribution of Y is held fixed.
This is a valid assumption since we perform class balancing when training our
classifier heads, which effectively fixes the marginal distribution of the labels
P(Y) across all candidate distributions.

Covariance. Let Y and B be binary random variables taking values in {0, 1}.
Define the following probabilities:

Pl = Porig(Y =1, B =1), (8)
pii=Poa(Y =1,B=1), 9)
PYe = Porig(Y = 1), (10)
ple = Boa(Y = 1), (11)
P = Porig(B = 1), (12)
per = Poal(B = 1). (13)

As described above, we assume that the marginal distribution of Y is fixed
across 6 € [0,1] (e.g., due to class balancing):

p(l)o = p%o = Ple- (14)
Then, following Equation (1), the candidate distribution P, satisfies:
Pl =0pli 4+ (1—0)ply, (15)
p?o :ep%o—i_(l_e)p?o = D1, (16)
Per = 0y + (1 —0)pl;. (17)
The covariance between Y and B under Py is given by:
Cov(Y, B) = pfy — plapls- (18)

Substituting the expressions from above, we obtain:
Covy(Y, B) = 0ply + (1= 0)py — pra (0ph + (1= 0)p%,)  (19)

= e(ph - pl.ph) +(1-0) (p(fl - p1.p91>- (20)
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Since P, is balanced, Y and B are independent under it, and hence:
Pi1 = PleDar- (21)
Thus, the term multiplying 6 vanishes:
9(ph - pl.ph) =0. (22)
Therefore, we obtain the final expression:
Covy(Y, B) = (1= 0) (b1 — pre sy ). (23)

This shows that, assuming a fixed marginal distribution of the labels Y, the
covariance is linear with respect to 6.
Note that when 6 = 0, we recover the covariance of the original distribution,

Covo(Y, B) = pY; — p1e P31, (24)

and when 6 = 1, we have
Cov1(Y,B) =0, (25)

which confirms that Y and B are independent in the balanced distribution.
Correlation. Under the assumption of a fixed marginal distribution of Y, we

now analyze the Pearson correlation between Y and B for the candidate distri-
bution. Recall that we have:

Cove(Y, B) = (1—6)C,  with C = pl; — p1a ply. (26)

The variances are given by

Varg(Y) = p1e(1 — p1e), and (27)
Varg(B) = A(0)(1 — A(0)), (28)
where
A(f) = p€1 = 91911 +(1-0) P91- (29)
Since P, is balanced, we have pl, = %, so that
A#)=a+6 (; - a> ,  with a:=p;. (30)
The Pearson correlation is then given by:
Corrg(Y, B) = ——veB) 1-96¢ . (31)

B \/Varg(Y) Vary(B) B VP1e(1 — p1a) A(0)(1 — A(9))
Taking absolute values, we define
IC](1—9)

JO) = Com. Bl = = L A A0
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Since |C| and p1e(1 — p1e) are constant, it suffices to study the function

1-6
RO O] o

To study the monotonicity of g(#), we consider the numerator and denomi-
nator separately:

— Numerator: The term 1 — @ is monotonically decreasing in 6.

— Denominator: The function A(#) defined in Equation (30) linearly inter-
polates between a = pJ; and % Thus, A(f) monotonically approaches % as 6
increases.

Now, consider the product A(#)(1 — A(0)), which represents the variance
of a Bernoulli variable with mean A(6). This product is maximized when
A(f) = 1. Taking the derivative with respect to 6:

T TAB)(1— AB))] = A'(0)(1 — A()) — A)A'(9) (34)

do
— A(6)(1 - 24(6)) (35)

_ (; _ a> (1—24(8)). (36)

If a < %, then for 6 € [0,1] we have A(6) € [a, 3], ensuring both § —a >0
and 1—2A(0) > 0. Conversely, if a > %, then A(0) € (3,a] and thus 2 —a <0
and 1 —2A(0) < 0. In either case, the product remains nonnegative:

<; _ a) (1—24(0)) > 0. (37)

That is, the denominator \/A(6)(1 — A(6)) is monotonically increasing in 6.

Since the numerator of ¢g(#) is monotonically decreasing and its denominator
is monotonically increasing, it follows that g(f) is monotonically decreasing in
6. Therefore, from Equation (32),

|Corrg(Y, B)| decreases monotonically with 6. (38)

In particular, when 6 = 1, Equation (26) implies Covy (Y, B) = 0, so that
Corr, (Y, B) = 0. (39)
This completes the proof that the absolute correlation |Corry (Y, B)| decreases
monotonically with 6. Consequently, as 8 increases, the spurious correlation be-

tween class labels and bias attributes decreases continuously until it vanishes for
the balanced distribution.
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A2.2 Simulation of Test Distributions

We simulate candidate test distributions conforming to Py for 6 € [0,1] (see
Equation (1)) for both training candidate classifiers and evaluation. For a given
dataset D, we achieve this by subsampling subsets Dy C D whose joint distribu-
tion approximates Py.

Given that we define subgroups as combinations of (class label, bias attribute),
interpolating between joint distributions is equivalent to interpolating between
subgroups. Thus, we can rephrase Equation (1) as:

Py =0P5, +(1—0)PS,, 0€]0,1], (40)

orig»

where PS,, € [0, 1]'9! denotes the original (biased) subgroup distribution and

ori

P&, € [0,1]!9! represents the balanced (uniform) distribution across the |G|
subgroups.
For a target total of N € N5 samples in Dy, the number of samples drawn

from subgroup ¢ € N is:
ni=N-Pg, i=1,...,|G| (41)

In practice, to determine a feasible N without oversampling any subgroup, we
identify the minority subgroup. Formally, let j € N represent the index of the
minority subgroup

j= argmin [{(z,y) € D|g((z,y)) = i} (42)
i€{1.....101}

and denote the number of available samples in this subgroup as

n; = min x,y) €D x =1f|. 43
j= o mins W@y €D () =) (43)
Since subsampling is performed without replacement and all samples from the
minority subgroup are utilized, we must have n; = N - Pecj , which implies
N
N=_-L. 44
B (14
J
Subsequently, for each subgroup ¢, we randomly select n; samples without re-
placement from D to form Dy. This procedure ensures that the resulting dataset
Dy adheres to the desired subgroup distribution Py’

A3 Erasing with Activations (EvA)

In this section, we provide implementation details for the Erasing with Acti-
vations (EvA) approach [12], which we use as a baseline in our experimental
evaluation. EvA is designed to mitigate the influence of spurious features in
deep neural networks by first identifying such features and then retraining the
classifier head with the corresponding weights erased.
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In the initial phase, spurious features are identified by comparing activation
distributions obtained from a biased dataset, denoted by Dypjiascd, and an unbiased
dataset, denoted by Dynpiased- 1he intuition is that if the activation distributions
differ significantly, the corresponding feature is likely to be spurious, as it is
sensitive to the bias. In practice, we construct these datasets from the two halves
of the validation set used in our other experiments. In our experiments, we form
Dhjiased using the candidate training set Deandidate, While Dynbiased is derived from
Diapping Via subsampling based on subgroup labels. In cases where an unbiased
dataset is not available, He et al. [12] propose an alternative procedure; however,
our experiments are conducted in the setting where Dynpiased is accessible.

For each feature dimension i, let ¢(*) denote the distribution of activation
values e(x); over samples 2 € X, and let ¢(**) denote the distribution restricted

to samples from class k. Following [12], we define the consistency measure for
feature dimension 4 and class k as:
i ik ik
C( ") ~—d ( gialed’ (bflznkziased) ’ (45)

where the Wasserstein distance [32] is used as the metric d. A lower value of C(**)
indicates a larger discrepancy between the biased and unbiased distributions,
suggesting that the corresponding feature is more likely to be spurious.

To formally select spurious features, an indicator function is introduced:

; 1, if CctR) <
g =4 = (46)
0, otherwise,

where € € R is a threshold hyperparameter. The set of spurious feature indices
for class k is then defined as:

P), = {¢/ € BIUF) =1}, (47)

In the second phase, the classifier head is retrained as a linear layer using
stochastic gradient descent (SGD) with a learning rate of 0.001. The weights cor-
responding to the spurious features identified in @, are set to zero during retrain-
ing. We implement this using the SGDClassifier provided by scikit-learn [24].
For selecting the threshold €, we follow the procedure described by He et al. [12]:
classifier heads are trained on Dyjaseq With different threshold values, and the
model achieving the best accuracy on Dyphiased iS selected.

A4 Additional Experimental Results

To provide a single, comprehensive measure of a model’s robustness to varying
degrees of spurious correlation, we define the Area under the Accuracy Curve
(AuC). It aggregates the performance across the considered spectrum of test
distributions {Dg}gco,1), ranging from the original training distribution (6 = 0)
to an unbiased one (6 = 1):

AuC(m) = /0 " ace,, (Dy) do, (48)
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Table 3: Area Under the Accuracy Curve (AuC): As an aggregated mea-
sure of model performance, we evaluate the area under the accuracy curve (7).
For both CelebA [20] and ChestX-ray14 [33], AMSEL achieves a higher AuC than
both ERM [31] and the considered debiasing methods [12, 18], demonstrating a
more robust performance across the considered candidate test distributions.

Model CelebA [20]  ChestX-ray14 [33]
ERM Model [31] 0.891 £ 0.010 0.746 £ 0.028
DFR Model [18]  0.911 £ 0.003 0.702 £ 0.008
EvA Model [12] 0.917 £ 0.003 0.743 £0.031

AMSEL (Ours) 0.925 £ 0.002 0.771 £ 0.008

where acc,,, (Dyp) is the accuracy of model m on the subset Dy simulated with bal-
ancing parameter 6. In practice, we estimate this integral using the trapezoidal
rule based on the considered discrete set of 6 € 6.

The AuC metric has a direct probabilistic justification. Since the true level
of spurious correlation at test time is unknown, we can model the balancing
parameter 6 as a random variable. Assuming a uniform prior, 8 ~ (0, 1), reflects
maximal uncertainty over the test condition. The AuC is then the expected
accuracy under this prior:

AuC(m) = Egusyo) [acen (Do) (49)

Consequently, the AuC provides a robust measure of generalization. It rewards
models that perform consistently well across the entire range of potential strengths
of spurious correlation, rather than only at the distributional extremes.

Table 3 reports the AuC for all evaluated methods on the CelebA [20] and
ChestX-rayl4 [33] datasets. As justified above, a higher AuC indicates superior
and more robust performance across the full spectrum of spurious correlation
strengths.
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