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A B S T R A C T

Out-of-distribution detection represents a fundamental challenge for deploying machine learning
systems in clinical environments, where models inevitably encounter data from diverse sources that
differ from their training distribution. This study presents a comprehensive comparative analysis of
three representation learning paradigms for chest X-ray out-of-distribution detection: Joint Embedding
Predictive Architecture (JEPA), Masked Autoencoder (MAE), and traditional supervised learning.
Using the TB Chest Radiography Database as in-distribution data and the Montgomery and Shenzhen
tuberculosis datasets as out-of-distribution test sets, we systematically evaluate detection performance,
cross-dataset generalization, calibration properties, and robustness to common image corruptions. Our
experimental results demonstrate that self-supervised methods significantly outperform supervised
learning on energy-based out-of-distribution detection, achieving 77-87% AUROC compared to
58-61% for supervised approaches. Furthermore, MAE exhibits exceptional robustness to contrast
perturbations, maintaining 98.3% classification AUC under severe corruption where JEPA and
supervised methods degrade to 67-76%. Mahalanobis distance-based detection achieves near-perfect
performance across all methods, suggesting that distribution-aware scoring can compensate for
representation differences. These findings provide practical guidance for deploying medical imaging
AI systems with reliable out-of-distribution detection capabilities. The code is publicly available at
https://github.com/Nikhil-Rao20/JEPA-Med-OOD.

1. Introduction
The deployment of deep learning models in medi-

cal imaging has achieved remarkable success across var-
ious diagnostic tasks, transforming how diseases are de-
tected, classified, and monitored [17]. Deep neural networks
have demonstrated expert-level performance in applications
ranging from disease classification and lesion detection to
anatomical segmentation and treatment planning. However,
a fundamental challenge threatens the safe clinical deploy-
ment of these powerful systems: the inevitable encounter
with data that differs from the training distribution.

Out-of-distribution samples in medical imaging arise
from multiple sources. Variations in imaging equipment
across different hospitals and clinics produce subtle but
significant differences in image characteristics. Acquisition
protocol differences, including variations in patient position-
ing, exposure settings, and preprocessing pipelines, further
contribute to distribution shift. Patient demographic vari-
ations across institutions may introduce appearance differ-
ences related to age, body habitus, or disease prevalence.
Additionally, pathological presentations not represented in
the training data pose particular challenges, as models must
recognize when they lack the knowledge to make reliable
predictions.

When machine learning models encounter such distri-
butional shifts, they frequently produce overconfident yet
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incorrect predictions [7, 16]. This failure mode poses sig-
nificant risks in clinical decision-making, where incorrect
diagnoses can lead to inappropriate treatment, delayed in-
tervention, or unnecessary procedures. The consequences
of such errors extend beyond individual patient outcomes
to broader issues of trust in AI-assisted healthcare systems.
Reliable out-of-distribution detection is therefore not merely
a technical desideratum but an ethical imperative for trust-
worthy medical AI deployment.

Self-supervised learning has emerged as a promising
paradigm for learning robust visual representations without
requiring labeled data [3, 6]. By designing pretext tasks that
exploit the inherent structure of visual data, self-supervised
methods can learn features that capture semantic content
while remaining invariant to superficial variations. Recent
architectures such as the Joint Embedding Predictive Archi-
tecture and Masked Autoencoders represent two philosoph-
ically distinct approaches to representation learning [1, 5].
JEPA predicts latent representations of masked image re-
gions, hypothesized to capture high-level semantic features
relevant for downstream understanding. MAE reconstructs
pixel-level content from heavily masked inputs, potentially
learning more fine-grained visual patterns that generalize
across domains.

Despite the theoretical promise of self-supervised rep-
resentations for out-of-distribution detection, their practi-
cal effectiveness in medical imaging remains understud-
ied. Medical imaging presents unique challenges that differ
from natural image domains: datasets are typically smaller,
class imbalances are common, and the distribution shifts
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of clinical interest may be subtle compared to the dramatic
domain shifts studied in natural image benchmarks. Under-
standing how different pretraining paradigms affect out-of-
distribution detection in this specialized domain requires
systematic empirical investigation.

This work presents a systematic comparison of JEPA,
MAE, and supervised pretraining for chest X-ray out-of-
distribution detection. We provide a comprehensive evalu-
ation using standardized Vision Transformer architectures
and training protocols, enabling fair comparison across
methods. Our evaluation encompasses multiple scoring
functions including energy score and Mahalanobis distance,
applied to clinically relevant out-of-distribution datasets
from different hospital sources. We analyze cross-dataset
generalization and robustness to common image corrup-
tions, revealing significant differences between pretrain-
ing approaches that have direct implications for clinical
deployment. Based on our findings, we identify practical
recommendations for deploying medical imaging systems
with reliable out-of-distribution detection capabilities.

2. Related Work
2.1. Out-of-Distribution Detection

Out-of-distribution detection has received substantial at-
tention from the machine learning community, with methods
broadly categorized into confidence-based, density-based,
and distance-based approaches. Each approach offers dis-
tinct advantages and limitations that determine their suitabil-
ity for different application domains.

Confidence-based methods leverage the observation that
neural networks tend to produce lower confidence predic-
tions on out-of-distribution samples. The seminal work on
baseline detection proposed using the maximum softmax
probability as an out-of-distribution score, establishing a
simple yet effective approach that has since been extended
in numerous directions [7]. Temperature scaling improves
separation between in-distribution and out-of-distribution
samples by adjusting the softmax temperature during in-
ference [15]. Input perturbation techniques further enhance
detection by adding carefully crafted noise that amplifies
the confidence gap [10]. Energy-based detection represents a
theoretically grounded alternative that uses the energy func-
tion derived from the model logits, demonstrating superior
performance compared to softmax confidence across diverse
benchmarks [11].

Density-based methods attempt to model the distribution
of in-distribution data explicitly, using the learned den-
sity to identify samples that fall in low-probability regions.
Likelihood-based generative models and normalizing flows
have been explored for this purpose, though research has
demonstrated that likelihood alone is insufficient for reliable
detection [18, 20]. Samples from certain out-of-distribution
datasets may actually receive higher likelihood than typ-
ical in-distribution data, necessitating more sophisticated
approaches such as likelihood ratios or typicality measures.
Variational autoencoders with reconstruction-based scoring

offer an alternative density estimation approach that has been
applied to medical imaging with some success.

Distance-based methods measure the relationship be-
tween test samples and the training distribution in feature
space rather than output space. The Mahalanobis distance
approach fits class-conditional Gaussian distributions to fea-
tures from intermediate network layers and computes the
minimum distance to class centroids for each test sample
[9]. This approach has proven particularly effective when
combined with feature ensemble techniques that aggregate
information across multiple network layers. The explicit
modeling of feature distributions allows these methods to
detect out-of-distribution samples even when classifier con-
fidence remains inappropriately high.

In medical imaging specifically, out-of-distribution de-
tection has been studied for various modalities including
chest X-rays, fundus images, pathology slides, and der-
moscopy images. However, most prior work has focused
on supervised representations, leaving the potential of self-
supervised methods largely unexplored in this critical appli-
cation domain.

2.2. Self-Supervised Learning in Vision
Self-supervised learning has fundamentally transformed

visual representation learning by enabling training on vast
quantities of unlabeled data through carefully designed pre-
text tasks. The resulting representations have achieved re-
markable success on downstream tasks, often matching or
exceeding the performance of supervised pretraining.

Contrastive methods learn representations by maximiz-
ing agreement between differently augmented views of the
same image while minimizing agreement with views from
other images. The SimCLR framework demonstrated that
simple contrasting of augmented views, combined with large
batch sizes and appropriate projection heads, produces pow-
erful representations [3]. Momentum-based approaches like
MoCo address the computational challenges of large batch
contrastive learning by maintaining a momentum-updated
encoder and memory bank of negative examples [6]. Self-
distillation methods such as DINO extend the contrastive
framework by training student networks to match teacher
predictions without negative examples, producing represen-
tations with particularly strong properties for dense predic-
tion tasks [13, 19].

Masked image modeling represents an alternative paradigm
inspired by the success of masked language modeling in
natural language processing [14]. The Masked Autoencoder
architecture masks a large portion of image patches, typ-
ically 75%, and trains an encoder-decoder architecture to
reconstruct the missing pixel values [5]. The asymmetric
design processes only visible patches through the encoder,
enabling efficient training while learning representations
that capture both local textures and global structure. Varia-
tions on this approach have explored different reconstruction
targets including discrete visual tokens and feature maps
from pretrained networks.
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The Joint Embedding Predictive Architecture represents
a recent paradigm that predicts representations rather than
raw signals [1]. Unlike masked autoencoders which recon-
struct pixel values, JEPA predicts the latent embeddings of
target image regions from context regions. This approach
avoids the pixel-level details that may be irrelevant for
downstream understanding, instead focusing learning on
semantic features that transfer across tasks. The architecture
employs separate context and target encoders with exponen-
tial moving average updates for the target encoder, similar to
momentum-based contrastive methods.

2.3. Self-Supervised Learning in Medical Imaging
The application of self-supervised learning to medical

imaging has gained significant momentum, driven by the
chronic scarcity of labeled data in clinical domains [2].
Annotation of medical images requires expert clinicians
whose time is limited and expensive, making self-supervised
pretraining particularly valuable for leveraging large unla-
beled datasets.

Research has demonstrated that momentum contrastive
pretraining on chest X-rays improves downstream classi-
fication performance compared to ImageNet pretraining,
suggesting that domain-specific pretraining captures features
more relevant to medical imaging tasks. Contrastive pre-
training with multi-instance learning has achieved state-of-
the-art results on dermatology and chest X-ray classification,
demonstrating the broad applicability of self-supervised
approaches across medical imaging domains. More recently,
foundation models pretrained on large medical imaging
datasets have shown strong transfer learning capabilities
across diverse downstream tasks.

For echocardiography specifically, self-supervised meth-
ods have been applied to view classification, quality as-
sessment, and cardiac function estimation. Video-based ap-
proaches leverage temporal consistency as a supervisory
signal, though frame-level pretraining remains common for
segmentation tasks where dense predictions are required.

Despite this progress, systematic comparisons of differ-
ent self-supervised paradigms for medical out-of-distribution
detection remain limited. Understanding how JEPA’s seman-
tic predictions and MAE’s pixel reconstructions affect out-
of-distribution detection provides both practical guidance
for clinical deployment and theoretical insights into repre-
sentation learning.

3. Methodology
3.1. Problem Formulation

We consider the problem of training an encoder that
produces representations suitable for both downstream clas-
sification and out-of-distribution detection. Given an in-
distribution dataset containing labeled chest X-ray images
with binary classification targets indicating normal or tuber-
culosis presentation, we aim to learn an embedding func-
tion that maps images to a fixed-dimensional representation
space. The learned representations should enable both ac-
curate classification of in-distribution samples and reliable

detection of samples drawn from out-of-distribution datasets
representing different hospital sources and imaging proto-
cols.

The out-of-distribution detection task requires distin-
guishing test samples that originate from the training dis-
tribution versus external distributions not seen during train-
ing. Given an out-of-distribution scoring function applied
to learned embeddings or classifier outputs, we evaluate
detection performance by treating in-distribution samples as
positive and out-of-distribution samples as negative, mea-
suring discrimination via standard classification metrics.

3.2. Architecture
All experiments use the Vision Transformer Small archi-

tecture to ensure fair comparison across pretraining methods
[4]. The encoder consists of 12 transformer blocks with
embedding dimension 384, 6 attention heads per layer, and
MLP hidden dimension 1536, yielding approximately 21.6
million parameters. Input images are resized to 224 by 224
pixels and divided into non-overlapping 16 by 16 patches,
producing 196 patch tokens that are projected to the embed-
ding dimension and combined with a learnable classification
token.

Position embeddings are added to patch embeddings to
encode spatial location, and layer normalization is applied
at the input to each transformer block. The classification
token embedding from the final transformer block serves as
the image-level representation for downstream classification
and out-of-distribution detection.

3.3. Self-Supervised Pretraining Methods
JEPA learns representations by predicting target patch

embeddings from context patches in latent space. The ar-
chitecture consists of three components operating collab-
oratively: a context encoder that processes visible patches
to produce context representations, a target encoder im-
plemented as an exponential moving average copy of the
context encoder that processes target patches, and a predictor
network that predicts target representations from context
representations and learnable mask tokens indicating target
positions.

The training objective minimizes the L2 distance be-
tween predicted and actual target representations, with stop-
gradient applied to the target encoder outputs to prevent
representation collapse. We use aggressive context masking
of 85-100% with 4 target blocks covering 15-20% each,
following the original JEPA recipe. The predictor consists
of 6 transformer blocks matching the embedding dimension
of the main encoder.

MAE learns representations through masked image re-
construction using an asymmetric encoder-decoder design.
The encoder processes only visible patches, reducing com-
putational cost proportional to the masking ratio. With 75%
random masking, only one quarter of patches are encoded
during training. The decoder is a lightweight transformer
that receives encoded visible patches concatenated with
learnable mask tokens at target positions, producing recon-
structed pixel values for all patches.

N.R. Sulake et al.: Preprint submitted to Elsevier Page 3 of 11



Self-Supervised Learning for Out-of-Distribution Detection in Medical Images

Figure 1: Overall pipeline of the proposed study. A shared ViT-S encoder backbone is pretrained with JEPA, MAE, and supervised
objectives on in-distribution chest X-rays, then evaluated via linear probing, OOD detection with energy and Mahalanobis scores,
and robustness analysis under corruption shifts.

The training objective is mean squared error computed
on normalized pixel values within each patch, focusing the
loss on masked regions. We use 75% random masking with
a decoder of 4 transformer blocks and embedding dimension
256, substantially smaller than the encoder following the
original MAE design.

Supervised pretraining trains the Vision Transformer
encoder end-to-end with a classification head using cross-
entropy loss. The classification head is a single linear layer
applied to the classification token embedding, producing
logits for each class. This approach directly optimizes fea-
tures for the downstream classification task, providing a
strong baseline that achieves high in-distribution accuracy.

3.4. Downstream Evaluation Protocol
For all pretrained encoders, we freeze the encoder weights

and train only a linear classifier on extracted features. The
classification token representation from the final encoder
layer serves as the 384-dimensional image embedding. A
linear layer maps these embeddings to class logits, trained
with cross-entropy loss on the in-distribution training set
while the encoder remains fixed. This linear probing protocol
enables fair comparison of representation quality across
pretraining methods.

For out-of-distribution detection, we evaluate two com-
plementary scoring functions. The energy score uses the
energy function derived from classifier logits, where lower
energy indicates higher likelihood of being in-distribution.
This approach requires only the trained classifier without
additional distribution modeling. The Mahalanobis distance

fits class-conditional Gaussian distributions to the embed-
ding space using in-distribution training data, computing the
minimum Mahalanobis distance to class centroids as the out-
of-distribution score. Higher distance indicates likely out-of-
distribution samples. We estimate class means and shared
covariance from in-distribution training embeddings.

3.5. Robustness Evaluation Protocol
We evaluate representation robustness to common image

corruptions that may occur in clinical imaging settings.
Gaussian noise with increasing variance simulates sensor
noise from detector electronics or low-dose imaging proto-
cols. Gaussian blur with increasing kernel size simulates de-
focus or motion artifacts during image acquisition. Contrast
perturbation with multiplicative scaling simulates variations
in exposure settings, window-level adjustments, or display
calibration differences across institutions.

Each corruption is applied at six severity levels from
0 to 5, where level 0 represents clean images and level 5
represents severe corruption. We report classification area
under the ROC curve at each severity level to characterize
degradation patterns and identify which pretraining methods
maintain robust performance under distribution shift.

4. Experiments and Results
4.1. Experimental Setup

Our in-distribution dataset is the TB Chest Radiography
Database, a publicly available collection containing 4,200
chest X-ray images with binary labels [12]. The dataset
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Table 1
In-Distribution Classification Performance on TB Chest Radio-
graphy Database validation set (n=840). All methods achieve
strong classification performance, with supervised learning
showing slight advantages due to direct optimization for the
classification objective.

Method AUROC Accuracy ECE NLL

JEPA 0.939 0.917 0.029 0.206
MAE 0.993 0.971 0.013 0.085
Supervised 0.996 0.980 0.007 0.064

includes 700 normal images and 3,500 tuberculosis images,
exhibiting the class imbalance typical of clinical screening
applications. We use an 80/20 train-validation split, yielding
3,360 training and 840 validation samples for all experi-
ments.

For out-of-distribution evaluation, we use two exter-
nal tuberculosis chest X-ray datasets representing realis-
tic distribution shifts encountered when deploying models
across different healthcare institutions. The Montgomery
County dataset contains 138 chest X-rays acquired from
Montgomery County, Maryland, USA, using a Eureka sta-
tionary X-ray machine. The Shenzhen Hospital dataset con-
tains 662 chest X-rays from Shenzhen No.3 People’s Hos-
pital in Guangdong Province, China, acquired on a Philips
DR Digital Diagnost system [8]. These datasets differ from
our training data in geographic origin, patient demographics,
imaging equipment, and acquisition protocols, providing
clinically relevant out-of-distribution test cases.

All models use identical Vision Transformer Small ar-
chitecture and training hyperparameters to ensure fair com-
parison. Pretraining runs for 50 epochs with batch size 32
using the AdamW optimizer with learning rate 5e-4 and
cosine annealing. Data augmentation is limited to random
resized cropping with scale 0.3 to 1.0 without horizontal
flipping to preserve anatomical consistency. Linear probes
train for 100 epochs with learning rate 1e-3. All experiments
run on a single GPU with mixed-precision training enabled.

4.2. In-Distribution Classification Performance
Table 1 presents classification performance on the in-

distribution validation set across all three pretraining meth-
ods.

All three pretraining methods achieve strong in-distribution
classification performance, demonstrating that the learned
representations successfully capture features relevant for
tuberculosis detection. Supervised learning achieves the
highest AUROC of 99.6%, which is expected given the direct
optimization for the classification objective. MAE follows
closely at 99.3% AUROC, indicating that pixel recon-
struction pretraining learns highly discriminative features
despite never directly optimizing for classification during
pretraining. JEPA shows somewhat lower in-distribution
performance at 93.9% AUROC, suggesting that its emphasis
on predicting semantic features may miss some fine-grained
visual patterns relevant for tuberculosis detection.

Table 2
Out-of-Distribution Detection with Energy Score. Self-
supervised methods substantially outperform supervised learn-
ing, particularly on the Shenzhen dataset where MAE achieves
86.6% AUROC compared to 58.2% for supervised.

Montgomery Shenzhen

Method AUROC FPR@95 AUROC FPR@95

JEPA 0.771 0.540 0.718 0.633
MAE 0.769 0.577 0.866 0.358
Supervised 0.607 0.814 0.582 0.931

Calibration metrics paint a consistent picture. Expected
calibration error measures the difference between predicted
confidence and actual accuracy, with lower values indicating
better calibration. Supervised learning achieves the lowest
ECE at 0.007, followed by MAE at 0.013 and JEPA at 0.029.
Negative log-likelihood follows the same ordering, confirm-
ing that supervised learning produces the best-calibrated
probability estimates on in-distribution data. These strong
in-distribution results across all methods establish that the
learned representations are suitable for downstream analysis
of out-of-distribution detection capabilities.

4.3. Out-of-Distribution Detection Performance
Table 2 presents out-of-distribution detection results us-

ing the energy score, while Table 3 shows results using
Mahalanobis distance.

Energy-based out-of-distribution detection reveals strik-
ing differences between self-supervised and supervised pre-
training paradigms. Self-supervised methods substantially
outperform supervised learning on both out-of-distribution
datasets, with the performance gap being particularly pro-
nounced on the Shenzhen dataset. On Montgomery, both
JEPA and MAE achieve approximately 77% AUROC com-
pared to 61% for supervised learning, representing a 16 per-
centage point advantage for self-supervised approaches. The
difference becomes even more dramatic on Shenzhen, where
MAE achieves 86.6% AUROC while supervised learning
achieves only 58.2%, barely better than random guessing.

The false positive rate at 95% true positive rate reveals
the practical implications of these performance differences.
The supervised model’s FPR@95 of 93.1% on Shenzhen
indicates that when requiring 95% of in-distribution sam-
ples to be correctly identified, nearly all out-of-distribution
samples are incorrectly classified as in-distribution. This
failure mode is particularly dangerous for clinical deploy-
ment, where the system would confidently process out-of-
distribution samples that should trigger human review.

This performance gap suggests that supervised repre-
sentations overfit to discriminative features specific to the
training distribution, resulting in unreliable confidence esti-
mates when encountering distribution shift. The supervised
model has learned to distinguish normal from tuberculosis
presentations within the training distribution but has not
learned features that capture the broader structure of chest
X-ray imaging. In contrast, self-supervised methods, by
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Table 3
Out-of-Distribution Detection with Mahalanobis Distance.
Distribution-aware scoring achieves excellent performance
across all methods, with AUROC exceeding 95% in most cases.

Montgomery Shenzhen

Method AUROC FPR@95 AUROC FPR@95

JEPA 0.956 0.186 0.985 0.077
MAE 0.994 0.030 0.984 0.085
Supervised 0.991 0.024 0.997 0.000

solving pretext tasks that do not depend on class labels, learn
representations that better capture distributional differences
between in-distribution and out-of-distribution data.

Mahalanobis distance-based detection presents a strik-
ingly different picture. All methods achieve excellent per-
formance, with AUROC exceeding 95% across all method-
dataset combinations. This contrasts sharply with energy-
based detection, where supervised learning performed poorly.
The Mahalanobis approach models the distribution of em-
beddings explicitly using class-conditional Gaussians rather
than relying on classifier confidence, effectively compensat-
ing for the limitations of discriminatively-trained represen-
tations.

Notably, supervised learning achieves the best Mahalanobis-
based detection on Shenzhen with 99.7% AUROC and 0%
FPR@95, despite its poor energy-based performance on the
same data. This finding suggests that supervised representa-
tions do capture information about distribution differences
in the embedding space, but this information is not reflected
in classifier confidence. The learned decision boundary
separates in-distribution classes effectively but does not
provide meaningful confidence estimates for samples lying
in different regions of the input space.

These results have important practical implications for
clinical deployment. Systems using supervised represen-
tations should strongly consider Mahalanobis-based scor-
ing rather than confidence-based detection. Self-supervised
methods offer more consistent performance across both scor-
ing approaches, providing flexibility in detection methodol-
ogy. The choice between energy and Mahalanobis scoring
depends on computational constraints and the availability of
in-distribution feature statistics for Mahalanobis estimation.

4.4. Cross-Dataset Generalization
Table 4 presents classification performance when linear

probes trained on the in-distribution dataset are directly
applied to out-of-distribution datasets, measuring the gen-
eralization of learned features across distribution shift.

Cross-dataset transfer reveals pronounced differences
in how well learned representations generalize beyond the
training distribution. While all methods achieve similar in-
distribution performance between 99.2% and 99.6% AUC,
their out-of-distribution classification performance varies
dramatically. MAE significantly outperforms both alterna-
tives on out-of-distribution classification, achieving 60.7%

Table 4
Cross-Dataset Classification Generalization. MAE demon-
strates superior transfer to out-of-distribution datasets, sug-
gesting reconstruction-based pretraining learns more general-
izable features.

Method ID (AUC) Montgomery (AUC) Shenzhen (AUC)

JEPA 0.992 0.554 0.430
MAE 0.995 0.607 0.695
Supervised 0.996 0.471 0.592

Table 5
Robustness to Image Corruptions (AUC at Severity Level
5). MAE demonstrates exceptional robustness to contrast
perturbations, maintaining 98.3% AUC where other methods
degrade to 67-76%.

Method Clean Gaussian Noise Blur Contrast

JEPA 0.990 0.983 0.981 0.672
MAE 0.992 0.984 0.992 0.983
Supervised 0.996 0.992 0.994 0.758

AUC on Montgomery and 69.5% AUC on Shenzhen. These
results represent 10 to 26 percentage point advantages over
JEPA and 14 to 10 percentage point advantages over super-
vised learning.

JEPA shows unexpectedly poor transfer despite strong
in-distribution performance. Its out-of-distribution classi-
fication of 43.0-55.4% AUC approaches random chance,
suggesting that the features learned through latent predic-
tion do not capture disease-relevant patterns that generalize
across domains. The masked prediction task may encourage
learning context-target relationships specific to the training
distribution’s structure, encoding patterns that break down
under distribution shift. This finding reveals a potential
limitation of JEPA for medical imaging applications where
deployment must handle domain shift.

MAE’s superior transfer likely stems from its recon-
struction objective, which requires learning features that
capture the intrinsic visual structure of chest X-ray im-
ages rather than discriminative boundaries or distribution-
specific patterns. By reconstructing masked pixel regions,
the model must learn what chest radiographs look like in
general, including anatomical structures, tissue densities,
and pathological patterns. These general features transfer
more readily to new domains where the fundamental image
characteristics remain consistent despite differences in ac-
quisition protocols.

4.5. Robustness to Image Corruptions
Table 5 presents classification AUC at maximum cor-

ruption severity, revealing how different pretraining meth-
ods handle realistic image degradations that may occur in
clinical imaging pipelines.

All pretraining methods maintain near-baseline perfor-
mance under Gaussian noise and blur corruptions, with less
than 2% degradation in classification AUC at maximum
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Figure 2: Energy score distributions for in-distribution and out-of-distribution samples across all pretraining methods. Self-
supervised methods show better separation between distributions, enabling more reliable detection.

Figure 3: Cross-dataset classification performance across pretraining methods. MAE demonstrates consistent performance
advantages when transferring to out-of-distribution datasets from different hospital sources.

severity. This resilience suggests that the learned representa-
tions are naturally robust to additive noise and defocus arti-
facts, likely because these corruptions do not fundamentally
alter the spatial structure or diagnostic content of chest X-ray
images.

However, contrast perturbations reveal a dramatic vul-
nerability in JEPA and supervised representations. Under
severe contrast shifts at severity level 5, JEPA degrades
from 99.0% to 67.2% AUC, representing a 22 percentage
point performance collapse. Supervised learning similarly
degrades from 99.6% to 75.8% AUC. These substantial per-
formance drops indicate that these representations encode
contrast-sensitive features that become unreliable when the
intensity distribution shifts.

In stark contrast, MAE maintains 98.3% AUC under
the same severe contrast perturbation, representing less than
one percentage point decline from clean image performance.
This exceptional contrast robustness represents a significant
practical advantage for clinical deployment, where imaging

protocol variations across institutions commonly manifest as
differences in exposure, window-level settings, and display
calibration.

The contrast robustness advantage likely stems directly
from MAE’s reconstruction objective. Reconstructing masked
image regions requires learning the intensity distributions
and appearance statistics of training images across all bright-
ness levels. The model must predict pixel values in both
bright and dark regions, implicitly learning features that
are robust to global intensity transformations. JEPA’s latent
prediction and supervised learning’s discriminative training
do not impose such constraints, allowing the learned features
to encode contrast-sensitive patterns that provide discrimi-
native value on in-distribution data but break down under
contrast shift.
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Figure 4: Classification AUC versus corruption severity for all corruption types. MAE maintains stable performance across all
severity levels, while JEPA and Supervised methods show progressive degradation under contrast perturbations.

(a) JEPA (b) MAE (c) Supervised

Figure 5: Three-dimensional t-SNE visualizations of embedding spaces for each pretraining method. Points are colored by dataset
source and disease label, revealing different geometric organizations learned by each approach.

4.6. Embedding Space Analysis
Figure 5 visualizes the learned embedding spaces using

t-SNE dimensionality reduction, revealing qualitative differ-
ences in how each pretraining method organizes representa-
tions.

The embedding visualizations reveal qualitatively dif-
ferent representations learned by each pretraining method.
Supervised learning produces the most compact and well-
separated clusters for in-distribution data, consistent with
its superior in-distribution classification accuracy. However,
the out-of-distribution samples from Montgomery and Shen-
zhen datasets do not form distinct clusters in the super-
vised embedding space. Instead, they appear mixed with in-
distribution samples, explaining the poor energy-based out-
of-distribution detection: the classifier cannot distinguish

between in-distribution and shifted samples because they
occupy similar regions of embedding space.

MAE’s embedding space shows more complex structure.
While class separation exists for in-distribution data, out-
of-distribution samples tend to occupy systematically dif-
ferent regions of the space. This geometric organization en-
ables effective Mahalanobis-based detection, as the centroid-
based distance metric captures the displacement of out-
of-distribution points from in-distribution clusters. The re-
construction objective appears to encode information about
image source and acquisition characteristics that manifests
as geometric separation in embedding space.
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Figure 6: Detailed embedding visualization showing the distribution of samples from in-distribution and out-of-distribution datasets
across the learned representation spaces.

Figure 7: Reliability diagram showing calibration of probability estimates. Perfect calibration would follow the diagonal line.
Supervised learning shows the best calibration on in-distribution data.

JEPA’s embeddings show intermediate characteristics
with reasonable class separation but less distinct organiza-
tion of out-of-distribution samples. The embedding geome-
try provides some discrimination but lacks the clear struc-
tural separation seen in MAE, which may explain JEPA’s
moderate out-of-distribution detection performance between
self-supervised MAE and supervised learning.

5. Limitations
While this study provides comprehensive insights into

self-supervised learning for medical out-of-distribution de-
tection, several limitations should be acknowledged when
interpreting the results and considering their applicability to
clinical deployment.

Our experiments focus on a single medical imaging
modality with a specific clinical task, namely chest X-ray
imaging for tuberculosis detection. The relative performance
of JEPA, MAE, and supervised learning may differ for other
medical imaging domains such as CT, MRI, ultrasound, or
pathology, where image characteristics and relevant features
differ substantially. The TB Chest Radiography Database
exhibits severe class imbalance with 700 normal samples
versus 3,500 tuberculosis samples, which may affect classi-
fier calibration and performance estimates. Additionally, the
out-of-distribution test datasets are relatively small with 138

and 662 samples respectively, limiting statistical power for
detecting subtle performance differences between methods.

The distribution shifts we evaluate represent a specific
type of domain shift arising from differences in hospi-
tal source and imaging equipment. Other clinically rele-
vant distribution shifts including the appearance of novel
pathologies not seen during training, protocol variations
within the same institution, and demographic differences
in patient populations may exhibit different detection char-
acteristics. The relationship between method performance
on equipment-based domain shift versus other shift types
remains unexplored.

All experiments use Vision Transformer Small architec-
ture to enable fair comparison, but the effects of model scale
on representation learning and out-of-distribution detection
are not investigated. Larger architectures such as ViT-Base
and ViT-Large may exhibit different dynamics, potentially
amplifying or mitigating the performance differences we
observe. Foundation models pretrained on millions of di-
verse medical images may also show different behavior than
models pretrained on our limited in-distribution dataset.

The self-supervised models in our study are pretrained
on the same data used for downstream evaluation, reflecting
a realistic scenario where out-of-distribution data is unavail-
able during training. However, larger pretraining datasets
from diverse sources could improve representation quality
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and potentially change the relative performance ordering
of methods. Access to more diverse pretraining data might
particularly benefit methods like JEPA that appear to learn
distribution-specific features.

6. Conclusion
This work presents a systematic comparison of self-

supervised learning methods for chest X-ray out-of-distribution
detection, evaluating JEPA, MAE, and supervised pre-
training across multiple dimensions relevant to clinical
deployment. Our comprehensive evaluation across out-of-
distribution datasets, scoring methods, generalization tests,
and robustness analysis yields several findings with direct
practical implications.

Self-supervised pretraining provides substantial advan-
tages for confidence-based out-of-distribution detection. Us-
ing energy scoring, JEPA and MAE outperform supervised
learning by 15 to 25 percentage points in AUROC, achieving
detection rates of 77-87% compared to 58-61% for super-
vised approaches. This advantage stems from representa-
tions that capture distributional characteristics beyond dis-
criminative class boundaries. For clinical deployments re-
quiring confidence-based out-of-distribution flagging, self-
supervised pretraining should be strongly preferred over
supervised learning.

Mahalanobis distance-based detection achieves excel-
lent performance regardless of pretraining paradigm, with
all methods exceeding 95% AUROC. This finding suggests
that explicit distribution modeling in embedding space can
compensate for representation limitations, providing a reli-
able detection path even for supervised models. The practical
implication is that appropriate detection methodology may
be as important as representation choice for reliable deploy-
ment.

MAE demonstrates exceptional robustness advantages
over both JEPA and supervised learning. Under severe con-
trast perturbations, MAE maintains 98% classification AUC
while other methods degrade to 67-76%. MAE also shows
superior cross-dataset generalization, outperforming alter-
natives by 10-26 percentage points when classifying out-of-
distribution samples. These robustness properties are partic-
ularly valuable for medical imaging, where protocol vari-
ations across institutions commonly involve contrast and
exposure differences.

Based on these findings, we recommend MAE pretrain-
ing combined with Mahalanobis-based out-of-distribution
detection as a robust baseline for medical imaging de-
ployment when distribution shift is expected. JEPA shows
promise for energy-based detection but exhibits sensitivity
to distribution-specific features that limits its transfer ca-
pabilities. Supervised learning achieves the strongest in-
distribution performance but requires careful attention to
detection methodology to avoid overconfident predictions
on shifted data.

Our immediate next step extends this framework to
echocardiogram segmentation using EchoNet-Dynamic for

in-distribution training and EchoNet-Pediatric for out-of-
distribution evaluation. This extension will test whether the
patterns observed in chest X-ray classification generalize to
video-based medical imaging and dense prediction tasks.
Additional future directions include scaling to larger Vi-
sion Transformer architectures, investigating temporal self-
supervised methods for video understanding, combining
multiple scoring methods for improved detection, and val-
idation on larger multi-site clinical datasets with diverse
distribution shifts.
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