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Abstract. Reliance on spurious features that coincidentally correlate

with task labels (i.e., shortcut learning) remains a major barrier to the re-

liable deployment of machine learning models, particularly in high-stakes

domains like medical diagnostics. Moreover, in such settings retraining

models or collecting and labeling additional data is often impractical, lim-

iting the applicability of many existing shortcut mitigation methods. In

this paper we propose a lightweight framework that leverages sparse au-

toencoders to disentangle spurious from core features to mitigate shortcut

learning. Our approach requires no model retraining and works even when

group annotations are scarce or unavailable for certain classes. Results on

standard benchmarks demonstrate that, even with as few as 50 labeled

examples, reliance on spurious features can be significantly reduced.

1 Introduction

Despite strong performance on many diagnostic classification tasks, deep neural
networks (DNNs) often struggle when deployed in real diagnostic settings. For
instance, a model for detecting bone fracture in CT scans used the presence of
safety blankets, which were distributed to patients staying in the hospital, as
evidence of a fracture. This example is emblematic of shortcut learning, a phe-
nomenon in which models learn to rely on spurious features that coincidentally
correlate with the classification labels in the training data [1].

Recently, there has been considerable focus on shortcut learning mitiga-
tion [1, 2, 3, 4, 5, 6, 7]. However, many existing methods are impractical in
diagnostic settings, as they often require: i) large quantities of group annota-
tions (knowing both label of an image and if the spurious feature is present)
which demand expensive expert annotation [4, 5] ii) data editing, which is chal-
lenging for medical images and risks introducing novel artifacts [3] iii) model
retraining, often requiring new labels or new stimuli; or iv) features suppression
based solely on statistical criteria (such as low complexity [6]), which can be
problematic in medical tasks, where truthfulness and interpretability is critical.

In this paper we propose a simple intuitive shortcut mitigation framework
that avoids model retraining and does not rely on extensive group annotation.
Our approach builds on two observations from previous research. First, DNN
neurons are polysemantic, encoding both spurious and core features [3]. Sec-
ond, sparse autoencoders (SAEs) can disentangle embeddings into more inter-
pretable, feature-specific neurons [8]. Leveraging these ideas, we use a SAE to
project model embeddings into a space where spurious and core signals are more
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Fig. 1: Left: Overview of our approach. First, the activations of the finetuned model are

used to train a SAE. For each neuron in the SAE embedding, we record its activation for

each image, resulting in a vector of size M . We then calculate the correlation between this

vector and S the presence of the shortcut features in the images. The neurons with the highest

correlations are muted before projection back into the embedding space. The classifier head

and weights of the original model are not changed. Right: The impact of muting di↵erent

percentages of neurons on worst and average group accuracy for ResNet50 on WaterBirds.

easily separated. Correlation analysis over this space allows us to identify and
mute “shortcut neurons” before the SAE decoder reconstructs the embeddings
for the classifier. Our experiments show that muting a small subset of SAE neu-
rons reduces shortcut reliance, substantially improving worst and average group
accuracy. Also, we found that performance is robust to the exact amount of
muting, indicating stable separation between shortcut and core features.

Crucially, our method remains e↵ective even when access to group labels is
highly limited. We observe consistent reduction in shortcut dependence even
with as little as 50 labeled exemplars in total and when only partial annotation
is available, i.e., when there are no exemplars from a specific class. This need for
only weak supervision, combined with the minimal overhead of training a simple
two-layer sparse autoencoder, makes the framework highly practical. Moreover,
these properties are especially useful in real-world diagnostic settings, where
finding balanced classes and subgroups are particularly challenging. All code
and data necessary to reproduce our results are publicly available1.

2 Proposed Approach

Given a classifier DNN, our approach eliminates model reliance on shortcuts
by muting neurons that encode spurious features. DNN neurons are usually
polysemantic and can encode both spurious and core features [9]. Therefore,
muting model neurons directly would decrease performance catastrophically. To
overcome this, we use the training data activations of the penultimate layer
to train a SAE, which e↵ectively decorrelates model features into interpretable
semantic concepts [8]. Then, to identify which of the N SAE embedding neurons
encode spurious features, we extract the activations of every neuron for the M

1github.com/Arsu-Lab/Weakly-Supervised-Shortcut-Mitigation-Sparse-AutoEncoders
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images in the validation set {imgj}M1 , resulting in N activation vectors of size
1 ⇥M . We then construct a shortcut presence vector of length s 2 RM which
encodes whether the image contains the spurious feature or not.

sj =

(
1, if imgj contains the spurious feature

0, otherwise
(1)

We compute the Pearson correlation between s and each of the N activation
vectors. The resulting correlations {⇢i}N1 are then used to rank the neurons,
identifying those that primarily encode spurious features (highest correlation)
versus task relevant features. The neurons most correlated with the spurious
features are muted (set to zero) before the SAE decoder reconstructs the original
embeddings, enabling the – unchanged – classification head to generate new
predictions that do not rely on shortcut presence.

3 Methodology

Models: Following standard practice for diagnostic tasks, we employed popu-
lar computer vision models –AlexNet and ResNet50– pretrained on ImageNet-1K
and adjusted to each dataset through end-to-end finetuning on the target task.

Sparse Autoencoders: Sparse Autoencoders (SAEs) reconstruct activations
in a higher-dimensional space to disentangle and separate overlapping neural
representations into distinct and interpretable concepts [8]. We utilize a sim-
ple two-layer sparse autoencoder setup. The weights of the auto-encoder were
trained with the loss function combining the Mean Squared Error for input re-
constructing and an L1 sparsity penalty applied to the hidden layer activations:

Ltotal =
1

M

MX

i=1

||xi � x̂i||2 + �
1

M

MX

i=1

HX

j=1

|hij | (2)

Where M is the number of images, xi and x̂i are the original and reconstructed
input vector, H is the number of neurons in the hidden layer (we always use the
penultimate layer), hi,j is the activation of the jth hidden neuron for the ith
sample, and � is a sparsity regularization parameter that controls the strength
of L1 penalty (in our experiments � = 0.7). To ensure our approach is robust
we repeat the experiments, including SAE training, with three random seeds.

Datasets: Following previous work [1, 7], we used two common shortcut mit-
igation benchmarks: International Skin Imaging Collaboration (ISIC) and Wa-
terBirds. We report all results when using only 25, 50, 100, or 200 annotated
images from each of the four groups in the datasets for shortcut mitigation.
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We also explore a weak-supervision scenario, when only partial access to two
groups is available (data from only a single label). Specifically, we report per-
formance when all annotated exemplars are benign tumors (with/out bandages)
for ISIC, and waterbirds (on land/water backgrounds) for WaterBirds.

ISIC includes images of malignant and benign tumors, where 50% of the
benign examples contain colored bandages (the spurious feature) compared to
only 0.5% of the malignant samples. Therefore, in ISIC worst-group accuracy
refers to the classification accuracy on malignant samples with bandages. The
Waterbirds datasets comprises of water and land birds overlaid on water and land
backgrounds. A spurious correlation is introduced through the co-occurrence of
bird and background types - in the training set 95% of waterbirds are shown
on water backgrounds, and 95% of landbirds on land backgrounds - making
background a confounding factor. For both datasets we used a held-out balanced
annotated validation set with 200 exemplars from each of the 4 groups. Finally,
for testing we used another held out set with 100 exemplars from each group.
For further details regarding the datasets we refer the reader to [1].

4 Experiments and Results

We benchmark our framework against popular shortcut mitigation methods that
require group annotations: subsampling groups (SUBG) [4] and Deep Feature
Reweighting [5]. Following standard practice, we report worst and average
group accuracy. The results of our experiments demonstrate that, in low data-
annotation regimes, our framework significantly improves both worst and average
group classification performance compared to the baseline and other supervised
shortcut mitigation approaches, (Table 1). Results are largely consistent across
models and datasets, indicating that – even with as few as 25 examples from
only two groups – it is possible to identify which neurons in the sparse space
encode the shortcuts, and muting them does not degrade the task’s relevant
information.

Results with Partially Labeled Data We also observe significant improve-
ment in worst and average group performance even when annotation from only
two groups was available (benign tumors with/out bandages for ISIC, and land-
bird on land/water backgrounds for WaterBirds, see the “ours (partial)” results
in Table 1). Partial annotations could be especially useful in the context of med-
ical diagnostics, as it greatly simplifies annotation collection. To our knowledge,
no prior work tackled shortcut mitigation in a partial supervision scenario.

Robustness to Muting Percentage To identify the optimal number of sparse
space neurons to be muted for maximum accuracy gain we plotted the worst and
average group accuracy against the percentage of muted neurons. We calculate
the correlation between M (neuron activations) and S (shortcut feature presence)
vectors, then neurons with highest correlations are muted as described in Fig. 1.
Overall, accuracy values show a sharp initial increase before reaching a plateau
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(Fig. 1 right, additional values in project repository1) that lasts until over 70%
of the neurons are muted. This further simplifies the proposed method as we
can eliminate the need for a separate validation set for identifying the optimal
muting percentage.

5 Discussion and Conclusion

Shortcut learning remains a pervasive challenge with implications for domain
adaptation, fairness, and bias mitigation. Although these issues often surface
most critically during deployment, many existing mitigation approaches are un-
suited for real-world settings, where annotation, model retraining, and data
editing are costly. We introduced a lightweight shortcut mitigation method
that improves both worst and average group accuracy without modifying model
weights and while requiring only weak supervision. Our results demonstrate
that sparse autoencoders o↵er an e↵ective mechanism for attenuating short-
cut reliance, even when annotations are limited or available for only a subset
of groups. Overall, our framework highlights the potential of simple, targeted
interventions to enhance model robustness under real-world constraints.
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