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Abstract

Digital watermarks, such as diagonal text overlays, dot-grid pattern artifacts from DICOM metadata encoding, and
corner logo stamps, are often embedded in clinical medical image archives by institutions to track and control
access to the provenance of images. Such "marks" constitute a previously unexplored risk for deep learning
systems, as when training on such archives with self-supervised learning (SSL), the encoder might inadvertently
learn watermark patterns as view-invariant features, which contaminate the learned representation with non-
clinical information. Current SSL implementations, such as SimCLR and MoCo, do not provide a way to stop such
contamination. Additionally, with the rise in clinical Al regulations, there is a growing demand for inherently
interpretable models; however, SSL methods generate non-interpretable representations that can be poorly
explained after the fact. This study proposes S3EP (Self-Supervised Self-Explainable Pretraining), a framework
designed to solve both problems simultaneously. The loss function used for the Watermark-Aware Contrastive
Objective (WACO) loss and a prototype decoder inspired by ProtoPNet are embedded in the pretraining pipeline
in S3EP. WACO is an adversarial training model that entails a standard NT-Xent contrastive loss, prototype
diversity regulariser, and watermark disentanglement term. On clean chest radiographs, S3EP achieved
98.22+0.39% classification accuracy and 0.9995+0.0004 AUC-ROC, while the accuracy drop from the simulated
watermark perturbations in this study was —0.06+0.08 percentage points, which is effectively negligible, indicating
that S3EP is highly robust to the watermark perturbations considered in this study. Ablation analysis indicated that
the separate components of WACO were independent, with the sum of all components achieving a gain of 2.83
points over the base contrastive model. These results establish S3EP as a pretraining framework for medical image
analysis that is demonstrably robust to simulated watermark perturbations and provides inherent case-based
interpretability through an integrated prototype decoder.
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1. Introduction

Medical imaging is known to play a pivotal role in contrastive methods, such as BYOL [11] and DINO

the clinical diagnosis, treatment planning, and
longitudinal monitoring of diseases in a wide range
of clinical scenarios, from pulmonary infection to
oncological staging [26,16]. Although the amount of
imaging information stored in hospital picture
archiving and communication systems (PACS) is
huge, supervised deep learning models require many
annotated examples to attain competitive
performance. In clinical practice, supervised
approaches suffer from scalability limitations due to
the time-consuming, expensive, and inter-observer
variability of expert annotation of medical images
[15,8].

Self-supervised learning (SSL) has recently proven
to be a promising approach that aims to minimize
human annotation effort for learning visual
representations that can be transferred to various
tasks. The idea of learning encoders through
contrastive frameworks, such as SimCLR [6] and
MoCo [13], is to maximize the similarity between
different augmentations of a single image while
minimizing  the  similarity  between  the
augmentations of other images. Some non-
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[4], also perform well in terms of representation
quality without explicitly using negative pairs. In the
medical imaging domain, SSL has proven to be
robustly superior to random initialization across
three  broad  categories: chest  pathology
classification, digital histopathology representation
learning, and volumetric segmentation [28,30,7].

An important and previously unnoted issue is related
to the application of SSL on unfiltered clinical
archives, namely, those digital watermarks that are
embedded everywhere. Watermarking is commonly
used in institutional repositories for various reasons,
such as providing information about the repository
and its contents, preventing unauthorized access,
copying, printing, or scanning, and meeting
regulatory requirements, such as those for security
and privacy. Because the watermark is always
present in all the augmented views created from the
same source view, the contrastive objective
considers it a stable feature that can be
discriminative, thus requiring the encoder to encode
it. This leads to a representation that is polluted by
watermark data at the cost of clinical data, which is
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a particular and grave example of shortcut learning
[10]. To the best of our knowledge, this is the first
SSL framework that explicitly considers the
contamination of watermarks during medical image
pretraining. An important deployment problem
arises when models learned from real-world clinical
archives (with no watermark-related objectives)
seem to work well on curated benchmarks but
silently fail when confronted with the institutional
markings that litter clinical imaging archives.

The second independent challenge is related to the
interpretability requirements of clinical Al In high-
risk medical applications, emerging regulatory
requirements mandate transparency and auditability
of deployed Al systems [31]. Post-hoc explanation
methods are developed after training, such as Grad-
CAM [27] and SHAP [20], and have been found to
be inconsistent and unreliable, sensitive to
perturbations of the model, and cannot be used as
clinical audit tools [24]. An alternative is to have a
principled alternative, such as ProtoPNet [5], which
builds the reasoning of the model while making a
classification. Despite this, research on prototype-
based interpretability in conjunction with SSL pre-
training has not been extensive, especially for
clinical self-explanation. Related works include
Prototypical Contrastive Learning (PCL; [19]),
which uses cluster prototypes as latent variables in
unsupervised contrastive SSL using an EM
algorithm, and ProtoCLIP ([32]), which implements
prototype  discrimination in  vision-language
contrastive pretraining. In an important way, S3EP is
different from these studies; the clustering target is
decided by prototypes to represent them in a more
representative manner, whereas in S3EP, the
prototype layer is used explicitly for case-based
clinical self-explanation, where each prototype is a
known training exemplar, and decisions can be
made, such as "this image is more similar to training
image X."

Therefore, this creates a gap in the research. To the
best of our knowledge, no SSL frameworks
explicitly designed for the medical image domain
have considered watermark contamination during
the pretraining phase. Current SSL techniques lack
inherent interpretability for cases in clinical
environments that meet the transparency
requirements for clinical Al deployment. Solving
one of these problems is not sufficient: the
watermark-robust model would not meet regulatory
requirements, and the interpretable model would
provide explanations based on artifacts instead of
anatomy when its representations are polluted with
watermark features.

This study makes the following contributions.

(1) We formally characterize watermark
contamination in SSL pre-training for
medical images and show that the type of
watermark is a stable representation
feature that leads to degraded downstream
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performance and reduced robustness
against test-time watermark corruption
using standard contrastive methods.

(2) We propose a novel loss function, the
Watermark-Aware Contrastive Objective
(WACO) loss function, which is a
combination of the NT-Xent contrastive
loss function and adversarial watermark
disentanglement and prototype diversity
regularization with Aadv = 0.3 and Aproto
= 0.1 values set by empirical studies.

(3) We naturally incorporate a prototype
decoder inspired by ProtoPNet into the
SSL pretraining stage for the task of self-
explanation for clinical cases, building
upon previous prototype-in-SSL studies
(PCL [19] and ProtoCLIP [32] for
representing clusters of similar cases, but
without post-hoc explanation).

(4) Experiments conducted on the COVID-19
Radiography = Dataset = with  three
independent random seeds (42, 123, 456)
show that S3EP achieves 98.22+0.39%
accuracy and 0.9995+0.0004 AUC-ROC
on clean images, with an effectively
negligible watermark-induced accuracy
drop of —0.06+0.08 percentage points,
compared to 0.72+0.61% for the
supervised baseline, confirming the
robustness and reproducibility of WACO
under the simulated conditions of this
study.

The remainder of this paper is organized as follows.
Section 2 summarizes the related works, including
SSL in medical imaging, spurious correlation,
adversarial representation learning, and interpretable
networks. The architecture and methodology, called
S3EP, are introduced in Section 3. The experimental
setup is described in Section 4. The results,
qualitative analysis, and limitations are presented in
Section 5. Section 6 concludes.

2. Related Work

2.1. Self-Supervised Learning for Medical Image
Analysis

SSL has been extensively used in medical imaging
to minimize the reliance on annotated data. Shurrab
and Duwari [28] reviewed SSL techniques in various
imaging modalities and showed that SSL
consistently outperforms supervised baselines in the
absence of labelled data. Involving three-
dimensional volumetric images, five self-supervised
proxy tasks were extended by Taleb et al. [30] and
shown to benefit brain tumor and pancreas
segmentation. Ciga et al. [7] use contrastive SSL for
digital histopathology, gaining representations with
transfer across staining protocols. Huang et al. [14]
systematically reviewed various SSL methods in
medical image classification and found that the best
performance is obtained when the number of labeled
images is less than 10%. For semi-supervised
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medical image segmentation, Basak and Yin [3]
applied pseudo-label guidance and contrastive
learning  and  demonstrated  state-of-the-art
performance on benchmark tasks. Zhou et al. [33]
show that generalisation to the downstream task of
segmentation and classification from other
unlabelled 3D medical images is effective when
learning from self-reconstruction proxy tasks using
SSL. The mutual usefulness of SSL for medical
imaging is illustrated in these studies and is not
covered by the watermark contamination problem,
which is solved by adversarial disentanglement in
S3EP.

2.2. Watermarking and Spurious Correlations in
Clinical Images

Several studies have been conducted on spurious
correlations in medical image models. Oakden-
Rayner et al. [23] showed that common machine
learning models trained from clinical radiographs
often use hidden stratification, that is, patterns that
are specific to a subpopulation that are not related to
the clinical target, which results in worse
performance on  subpopulations that are
underrepresented in the training set. Geirhos et al.
[10] theoretically and experimentally demonstrated
that when shortcut features help learn a task, deep
networks tend to use simpler features, regardless of
their absence from the intended clinical concept.
This analysis was extended to underspecification by
D'Amour et al. [8], who showed that models that
perform equally well on in-distribution examples can
perform vastly differently on samples outside of the
distribution. Digital watermarks are a systematic and
high-contrast shortcut, especially problematic in
SSL.  pretraining. Apostolidis and Mezaris [1]
demonstrated that watermarks can reduce supervised
classifier accuracy by over 50%. S3EP is, to the best
of our knowledge, the first method to extend this
finding to the SSL pretraining setting through
adversarial watermark disentanglement.

2.3. Adversarial Representation Learning

In the context of representation learning, adversarial
training has been applied to make encoders invariant
to a set of specified nuisance factors. In the medical
imaging domain, gradient reversal has been used to
mitigate the distributional bias due to scanner-
induced effects in medical imaging, which are
applied to multi-site medical imaging [9]. Masked
prediction is an alternative self-supervised objective
that was explored in [12] and [2] and showed good
transfer performance without contrastive pairing but
not systematic artifact contamination. The idea of
adversarial self-supervised contrastive learning has
been investigated to deal with adversarial
perturbations [17], where it was shown that
adversarially augmented views can enhance the
quality of the contrastive representation. WACO is
not the same in intent as the above line of work;
instead of making the learned representation more
robust to adversarial examples, WACO uses gradient
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reversal to remove a specific known nuisance
variable (watermark type) from the learned
representation. The contrastive SSL term is the
natural extension of the domain adversarial principle
to the contrastive SSL setting; in this case, the
features generated by the encoder are used as input
for a watermark classification head, which is trained
to classify the watermark type. However, the
encoder is trained to confuse the classification head
or add watermark-unpredictable information to the
encoding. This is a distinction from previous domain
adaptation work, which used an artifact injected at
acquisition time as the nuisance variable but did not
specify the adversary as part of the contrastive
objective in each training batch.

2.4. Interpretable and Prototype-Based Neural
Networks

Several paradigms have been proposed to address
the question of inherent interpretability in neural
networks. Concept Bottleneck Models [18] predict
semantically defined concepts as intermediate
products that allow for intervention during inference
and do not need to explicitly annotate concepts.
However, concept annotations are difficult to realize
in large-scale clinical archives. Post-hoc saliency
maps [27, 29] can highlight salient image regions but
are sensitive to model perturbations and are not
guaranteed to highlight regions that are causally
responsible for predictions [24]. ProtoPNet [5]
proposed prototype part networks, which reason
images by comparing regions to a set of learned
prototype parts, thereby providing case-based
explanations of the form ‘this region is similar to this
other training example.” This was extended in
ProtoTree [22] to a decision tree that is differentiable
for fine-grained visual recognition. Patch-based
intuitive prototypes that more closely resemble
human visual reasoning for fine-grained recognition
tasks have been introduced more recently by PIP-Net
[21], which differs from S3EP by using a prototype-
based explanation as an application of a supervised
downstream task classifier. A survey on XAI by
researchers [24] shows that prototype-based
methods are among the most audit-worthy methods
for clinical decision support. Unlike previous
contrastive medical imaging approaches, which have
added post-hoc attribution to the SSL pipeline, S3EP
takes a different approach by incorporating
prototype-based self-explanation directly into the
SSL pipeline, which results in the generation of
inherently interpretable representations.

3. Proposed Methodology

3.1. Problem Formulation

Assume that D = {x;} is a pre-training dataset of
medical images without labels, where x; € RExWxN,
A watermark function W(x, t, o) is used to
watermark an image, where t is the type of
watermark to be applied, either text, pattern, logo, or
none, and a is the degree of transparency, ranging
from 0.25 to 0.45. Each image is encoded into a 512
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dimensional vector h using the function f8: RExWxN
— RP. To qualify as a learned representation, it must
meet three properties: (i) clinical discriminability,
meaning that the representations should be grouped
together by each pathology class; (ii) watermark
invariance, meaning that the representation space
should be such that following a slight change in x, t,
or a should not result in a significant change in the
representation; and (iii) prototype alignment,
meaning that there should be well-separated
prototype vectors in the representation space for
case-based explanation.

3.2. S3EP Architecture Overview

The S3EP consists of five components that can be
trained. The ResNet-18 encoder {9 takes 224x224x3
images and outputs 512-dimensional vectors h. The
head go maps h to a 128-dimensional contrastive
embedding z and is a two-layer MLP (512 — 512 —
128). The watermark classification head hy, formed
by two layers of MLP (512 — 256 — 4), attempts to
classify the watermark type given h and is trained
adversarially against the encoder f8. For the current
experimental setup, watermark-type labels are
provided because watermarks are injected during the
pretraining stage with known watermark types. A
lightweight watermark detector or an unsupervised
clustering step is required as a preprocessing step
prior to deploying WACO in a real clinical archive,
where the type of watermark is not known; this is a
limitation of the deployment of WACO and is
acknowledged in Section 5.5. A single linear layer
(512 — 256) was used to map h to the prototype
comparison space (proto-adapter m®). The
prototype layer is composed of 40 prototype vectors
{p1, ..., pao} learned and stored in R>*°, where each
class contains ten prototype vectors. The three
watermark types used in this study are illustrated in
Fig. 1.

1. Qq

Fig. 1. Three clinically motivated watermark types
applied to a representative chest X-ray image. From
left to right: original image, text overlay watermark
with diagonal institutional text, pattern watermark
simulating DICOM metadata dot grid artifacts, and
logo stamp watermark with corner institutional
identifier box. Generated from the representative
run with seed 42.

3.3. Watermark-Aware Contrastive Objective
(WACO)

WACO is the sum of three loss terms, each with a
different representational goal. Suppose that a
training pair of xi, X2 is generated by a stochastic
augmentation of the same image, such that z: and z»
are the projections of xi and x», respectively, and h
and h: are the outputs of the encoder applied to x:
and x2. The first term is the NT-Xent contrastive loss.
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exp(Sim(ZI'22)>

T

Leontrast = —logm (D
T

Here, sim (u, v) = u™v / (lul - Ivl) denotes cosine
similarity, and t = 0.07 is a temperature
hyperparameter. The denominator is summed across
all the other embeddings in the batch. This term is
used to teach the encoder to make similar
representations for various viewpoints of the same
image, which is the core idea behind contrastive
representation learning.
The second term implements adversarial
watermarking disentanglement. The watermark
classification head hy is trained to predict the
watermark type from the encoder output h. The
encoder is simultaneously trained to produce
representations from which hy cannot reliably
predict the watermark type. This term is negated and
fed to the encoder:

1
Laay = —3[CE(hy(h)),t;) + CE(hy(ho),t5)]
2)
The categorical cross-entropy is denoted as CE. The
objective is adversarial, and the negative sign
changes the direction of the gradient of the encoder,
as the encoder is penalized when hy can predict the
watermark type. This effect should cause the encoder
to artificially suppress this type of information from
its output to prevent the watermark from being
predicted. The value of the coefficient A _adv was set
to 0.3, which is a compromise between suppressing
the watermark and the contrastive objective.
The third term is the prototype diversity regulariser,
which pushes prototypes of the same class to not
collapse to the same representative point:

Ly = éZc Zi#:j,class(i):class(j):c COS(Pi‘ pj) (3)
The outer sum is over all classes C = 4, and the inner
sum is over all pairs (i, j) of prototypes in the same
class, which penalizes the cosine similarity between
prototypes of the same class to ensure that each
prototype lies in a different space location. The value
of the parameter A proto = 0.1 determines the
strength of the regularization.

The total loss of WACO is equal to the sum of the
three terms listed above:

Lwaco = Leontrast + Aaav * Laav + Aproto :
Ldiv (4)

The hyperparameters A_adv = 0.3 and »_proto = 0.1
were selected through a series of preliminary
experiments. The ranges of A adv and A proto
parameters were fine-tuned by performing a grid
search over A_adv = {0.1, 0.3, 0.5} and A_proto =
{0.05, 0.1, 0.2} with the validation accuracy as the
criterion, on a particular random seed 42, where
A _adv=0.3 and A_proto = 0.1 were found to be the
most stable. The adversarial and diversity terms are
complementary: on one hand, the adversarial term
filters out spurious features from the encoder and on
the other hand, it adds to the diversity of the
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prototype space to represent the clinical diversity in
each class.
3.4. Self-Explainable Prototype Decoder
For a test image X, the encoder and proto-adapter
produce a projected representation mm(h) € R>*.
The prototype layer computes the squared Euclidean
distance to each stored prototype as follows:

di = lmy,(h) — pll’
The learned linear classifier takes the distance vector
d € R* as its input and outputs the class logits. The
classification output for each prototype px is
accompanied by a case-based explanation: “This
image most closely matches Prototype k of Class c,
which corresponds to these training examples.” This
provides natural interpretability without any post-
hoc computation. At the SSL pretraining stage, class
labels are not available, and prototype vectors are
randomly initialized, which are not class-stratified at
this stage. Class assignment (10 prototypes per class)
is set at the supervised fine-tuning stage when class
labels are available, and the prototype layer is
optimized together with the linear classifier using
cross-entropy loss. For each prototype, after fine-
tuning, the prototype is aligned to its closest similar-
class training exemplar in the proto-adapter space.
The diversity regulariser ensures that prototypes can
learn visually distinct patterns instead of clustering
on a representative image, as shown in Fig. 7.
3.5. Training Pipeline
Training occurs in two phases. All five components
were trained together for 50 epochs with 2,800
unlabelled images in the SSL pretraining stage with
WACO loss. The probability of watermark insertion
is 0.70, and the type is uniformly sampled from
{text, pattern, logo}. This rate was chosen because
preliminary experiments at 0.50 and 0.90 showed a
slight drop in the validation accuracy on seed 42,
indicating that the specified rate of 0.70 is a good
balance between these requirements. The optimizer
was AdamW, the learning rate was 3x107%, the
weight decay was 107, and the schedule was cosine
annealing; the batch size was 128. Thus, hy is
updated at each step to minimize { adv, and gradient
reversal is used to reverse the gradient of the
encoder. In the supervised fine-tuning stage, the
projection and watermark heads were discarded.
End-to-end fine-tuning of the encoder, proto-
adapter, prototype layer, and linear classifier on
1280 labelled images for 35 epochs with AdamW at
10~ and cosine annealing. Watermarks were added
with a probability of 0.50 during fine-tuning for
robustness conditioning. Fine-tuning is performed to
align each prototype with its closest training
exemplar in the proto-adapter space, and prototype
push-projection is executed after fine-tuning. The
pretraining loss trajectories for all three WACO
components across 50 epochs are shown in Fig. 2.
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Fig. 2. S3EP pretraining loss curves over 50 epochs.
Left: contrastive loss {_contrast converges rapidly
from 2.49 to near zero, confirming effective
representation  learning.  Centre:  adversarial
watermark loss € adv decreases monotonically,
indicating the encoder progressively defeats the
watermark classification head. Right: total WACO
loss  trajectory. Curves shown from  the
representative run with seed 42.

4. Experimental Setup

4.1. Dataset Description

The COVID-19 Radiography Dataset [25] was used
for all experiments, which consists of a public chest
X-ray collection with four classes: COVID-19, Lung
Opacity, Normal, and Viral Pneumonia. The images
used for SSL pretraining were 2,800 unlabelled
images, 700 for each class. The training split was a
supervised fine-tuning split, with 1280 labelled
images, and the validation split contained 320
images (80 images per class). There are two sets of
600 images: one test set with no watermarks and
another test set with all images watermarked,
directly measuring the robustness to distribution
shift due to watermarks. The size of the pretraining
corpus of 2,800 images is significantly smaller than
the datasets that are more frequently employed in the
context of contrastive SSL research and are designed
to mirror the resource-poor environment typically
found in specialized clinical imaging practice. It is
not yet clear whether the robustness advantage of
WACO grows with increasing size of the pretraining
corpora, and this is a topic for future research.

4.2. Watermark Simulation Protocol

Three types of watermarks were used during the
pretraining process and on the watermarked test set.
The type of text overlay is rendered diagonally over
the image with an opacity that is uniformly sampled
from [0.25, 0.45]. A 16x16 dot grid is overlaid by
the pattern type to give the impression of DICOM
metadata-encoding artifacts. The logo stamp type
has a rectangular box in one corner at the same
opacity range, which has the text ‘INST ID: 00247".
In the pretraining phase, each image was
watermarked with one type with a probability of 0.70
and not watermarked with a probability of 0.30.

4.3. Baseline Methods

S3EP was compared with two baselines. The
supervised ResNet-18 was trained from scratch on
the 1,280 labelled fine-tuning images using cross-
entropy loss and the same AdamW optimizer,
schedule, and augmentation scheme as for S3EP
fine-tuning. No unlabelled pre-training data were
provided. SImCLR (No WM-Aware) consists of the
same ResNet-18 encoder and 128-dim projection
head as in S3EP, which has been pretrained on the
2,800 unlabelled images with the standard NT-Xent
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contrastive objective [6] at the same batch size and
schedule, and then fine-tuned on the 1,280 labelled
images using the same fine-tuning strategy. Both
baselines used an identical downstream classifier
architecture and fine-tuning strategy for S3EP.
SimCLR was chosen as the main SSL comparison
because it represents the most commonly used and
reproducible contrastive method in the medical
imaging literature, and therefore provides a clear
isolation of the benefit from the WACO component
relative to standard contrastive pretraining. For
comparison, the accuracy of the supervised
DenseNet121 and MobileNetV2 on the COVID-19
Radiography Dataset has previously been published
at approximately 97-99% (within our supervised
ResNet-18's 98.17 + 0.82%), but S3EP is not
intended to achieve the highest possible accuracy, as
its value is in its watermark robustness.

More recent SSL frameworks, such as BYOL,
DINO, and related momentum-based and self-
distillation frameworks, were omitted because their
momentum-based and self-distillation objectives are
not directly similar to the contrastive scenario, where
watermark pollution is most accurately modeled.
Applying WACO to momentum-based objectives is
a direction for future work.

4.4. Evaluation Metrics

Four scores were presented. The classification
accuracy is the percentage of test images classified
correctly. The macro AUC-ROC is the area under the
receiver operating characteristic curve, calculated as
the average over the four classes using a one-versus-
rest approach. The macro F1-score is the harmonic
mean of precision and recall per class, weighted
equally. Watermark accuracy drop is the difference
in accuracy between clean and watermarked test
images and is a measure of susceptibility to the
watermarking shift.

4.5. Implementation Details

The ResNet-18 backbone, projection head, proto-
adapter, prototype layer, and linear classifier sum up
to 11,780,968 trainable parameters. All experiments
were executed on two NVIDIA T4 GPUs with
PyTorch 2.1.0 and CUDA 12.8. SSL augmentation
pipeline: random resized cropping (scale 0.2-1.0) +
random horizontal flip + color jitter (brightness 0.4,
contrast 0.4, saturation 0.4, hue 0.1) + random
grayscale (prob 0.2) + random Gaussian blur (kernel
size 23x23). The images were rescaled to 224 x 224
and normalized using the mean and standard
deviation of ImageNet. The pre-training batch size
was 128. All three methods were evaluated with
three different random seeds (42, 123, and 456), and
the main metrics were reported as mean + std. The
pretraining time for SSL was approximately 45 min
on the two GPUs (50 epochs with a batch size of 128
over 2,800 images), and fine-tuning took
approximately 5 min on the two GPUs (35 epochs
with a batch size of 64 over 1,280 images). The
training of S3EP added a watermark head and
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prototype layer to the baseline of SImCLR, and the
wall clock time added was less than 5% under the
same hardware configuration.

5. Results and Discussion

5.1. Downstream Classification Performance
Table 1 presents the classification performance of all
the methods on the clean test set. Figure 3 provides
a grouped bar chart visualization of the accuracy,
AUC-ROC, and F1-Score for all three methods on
the clean test set.

Table 1. Downstream classification performance
on the clean test set.

Method | Accuracy | AUC-ROC | F1-Score
(%) (%)

Supervis | 98.17+0.8 | 0.9983+0.0 | 98.17+0.8
ed 2% 012 2%
(ResNet
-18)

SimCL | 98.61+0.4 | 0.9996+0.0 | 98.61+0.4
R (No 8% 003 8%
WM-

Aware)

S3EP | 98.22+0.3 | 0.9995£0.0 | 98.22+0.4
(Ours) 9% 004 0%

Note: Results reported as mean + standard deviation
across three independent random seeds (42, 123,
and 456). Bold row indicates the proposed method
S3EP. WM-Aware = Watermark-Aware.

Figure 3: Downstream Classification Performance

00+

Supervised SImCLR S3EP (Ours)

Fig. 3. Grouped bar chart comparing Accuracy,
AUC-ROC, and F1-Score for all three methods on
the clean test set. Bar values shown from the
representative run with seed 42; Table 1 reports
three-seed mean and standard deviation.

5.2. Robustness Under Watermark Corruption
Table 2 presents model performance under full
watermark corruption.

Table 2. Model performance under full
watermark corruption.
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Method | Clean Acc | Watermar | Accuracy
(%) ked Acc Drop |
(%) (%)

Supervis | 98.17+0.8 | 97.45+0.25 | 0.72+0.61
ed 2% % %
(ResNet
-18)

SimCL | 98.6140.4 | 98.1740.29 | 0.45+0.21
R (No 8% % %
WM-

Aware)

S3EP 98.22+0.3 | 98.28+0.31 | —0.06+0.0
(OUI‘S) 9% % 8%

Note: WM = Watermarked. A negative drop value
indicates that the accuracy of the watermarked
images marginally exceeded the clean accuracy
owing to stochastic variation across random seeds;
this difference is not statistically distinguishable
from zero. Results across the three seeds (42, 123,
and 456).

Most importantly, across three random runs, S3EP
shows an induced accuracy loss of —0.06+0.08%
from watermarking, which is not statistically
different from zero, thus showing that
representations from S3EP are robust to the
simulated watermark perturbation. For comparison,
the supervised baseline shows an accuracy loss of
0.72+0.61%, and the SimCLR baseline of
0.45+0.21% over three seeds, suggesting a
substantial and reproducible watermark
disentanglement effect offered by WACO. The per-
class classification breakdown for S3EP on the clean
test set is shown in the confusion matrix in Fig. 4.

CovID

120

Lung_Opacity

- 80

True

- 60

Normal

-40

-20

Viral Pneumonia

' ' -0
Lung_Opacity Normal Viral Pneumonia

Predicted

CcoviD

Fig. 4. Confusion matrix for S3EP on the clean test
set (600 images, 150 per class). The strong diagonal
confirms high per-class accuracy. The most common
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misclassifications are 3 Lung Opacity images
predicted as COVID-19 and 4 Normal images
predicted as Lung Opacity. Confusion matrix from
the representative run with seed 42.

5.3. Ablation Study

Table 3 presents the results of the ablation study.
Ablation experiments were conducted on seed 42 as
a representative run. The three-seed stability
observed in the primary experiments, where S3EP
achieves 98.22+0.39% accuracy and a near-zero
watermark drop of —0.06+0.08% across all three
runs, provides indirect evidence that the component
contributions identified in Table 3 are unlikely to be
artifacts of a single random initialization. Extending
the ablation study to multiple seeds is a priority for
future research.

Table 3. Ablation study on the contribution of
individual WACO components.

Configuration | Accuracy | AUC- F1-
(%) ROC | Score
(%)
w/o £_adv and 95.67 0.9974 | 95.68
£_div (base
contrastive)
w/o £_div only 97.17 0.9984 | 97.17
(add €_adv)
w/o £_adv only 97.50 0.9982 | 97.51
(add €_div)
S3EP (Ours) — 98.50 0.9992 | 98.50
full WACO

Note:All ablation variants evaluated using seed 42
as the representative experimental run. Each
component contributes independently to the final
performance.

Starting from the base contrastive configuration
(NT-Xent only), which achieves 95.67% accuracy,
adding the adversarial loss ¢ adv alone raises the
accuracy to 97.17%, a gain of 1.50 pp. Adding the
diversity regulariser £ div alone raises accuracy to
97.50%, a gain of 1.83 percentage points. The full
S3EP configuration achieved 98.50% (seed 42,
representative run), a total gain of 2.83 pp over the
base model. The complementary contributions
confirm that € adv removes spurious watermark
features, whereas {_div enriches the prototype space
to capture the full clinical diversity within each class.
The fine-tuning convergence curves for all three
methods are shown in Fig. 5.
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Ed

Fig. 5. Fine-tuning convergence comparison across
all three methods over 35 epochs. Left: training loss
versus epoch. Right: validation accuracy versus
epoch. S3EP (green) achieves the highest final
validation accuracy and maintains it consistently in
later epochs. Convergence curves from the
representative run with seed 42.

5.4. Qualitative Analysis

5.4.1. Grad-CAM Analysis

Fig. 6 illustrates the Grad-CAM [27] activation maps
for both SimCLR and S3EP on four example chest
X-ray test images under watermarked conditions.
From top to bottom: original image, watermarked
image, and Grad-CAM maps of SimCLR and S3EP.
Warmer colors represent a greater magnitude of
gradient activation. The SimCLR activation maps
are somewhat widespread, appearing at both image
borders and regions where the watermark overlay is
present, supporting our hypothesis that watermark-
relevant features have been encoded by the encoder
to aid in classification. The S3EP activation maps
were concentrated in the central pulmonary fields
(clinically important regions for chest X-ray
analysis) and had minimal activation on the
periphery and borders, where watermarks tended to
occur. This provides qualitative confirmation of the
quantitative robustness findings and indicates that
adversarial disentanglement shifted the attention of
the encoder back to the anatomically relevant
regions. Grad-CAM is a post-hoc attribution method,
and while it has faithfulness limitations, as discussed
in Sections 1 and 2.4, we include it as a corroborating
diagnostic visualization that does not offer a formal
measure of interpretability, which is given by the
prototype layer.

WD ENIWEL
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Fig. 6. Grad-CAM [27] activation maps on
watermarked chest X-ray images comparing
SimCLR (column 3) and S3EP (column 4) across
four test samples (rows). Warmer colours indicate
higher gradient activation. SimCLR activations are
diffuse and occasionally highlight image border
regions, while S3EP activations concentrate on the
anatomically relevant pulmonary fields. Activation
maps generated from the representative run with
seed 42.

5.4.2. Prototype Visualisation

In Fig. 7, the learned prototypes for class COVID-19
(top) and Lung Opacity (bottom) are presented. For
each prototype, the 3 training images that most
strongly activate the shown prototype are also
presented. The 3 prototypes for class COVID-19
represent typical radiographic abnormalities of
COVID-19 (bilateral peripheral consolidation,
central distribution of GGO, patchy unilateral
infiltrates) whereas the 3 prototypes for class Lung
Opacity are suggestive of dense unilateral
opacification, diffuse bilateral haze and lobar lower-
lobe opacification. The spatial separation between
same-class prototypes is evidence of the diversity
regulariser £ div, as prototypes learn to map to a
distinct region of the representation space thereby
enabling fine-grained and spatially distributed self-
explanations. It should be noted that it is outside the
scope of this study to have these prototypes and their
corresponding exemplars formally validated by
clinicians, but the visual coherence between
prototype-related image features and medically
understood radiological phenomena is promising for
the notion that these prototypes capture meaningful
concepts, as opposed to spurious correlations.
Formal clinical validation using a formal radiologist
evaluation and interpretability measures such as
prototype purity metrics should be performed.

nnnnnnnnnn
Prota 2 Prota 3

Fig. 7. Learned prototype visualisation for the
COVID-19 class (top row) and Lung Opacity class
(bottom row), showing the three training images
most closely activating each prototype. Each
prototype captures a distinct visual pattern within its
class, confirming the effect of the diversity
regulariser €_div. Prototype visualisations from the
representative run with seed 42.

5.5. Limitations
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The following three limitations should be
acknowledged. (1) All watermarks used in this paper
are programmatically generated with a small and
fixed set of overlay templates and this design does
not consider the broad variety of watermarking
schemes implemented in different hospital systems,
archiving vendors, and jurisdictions. The style of
watermarks in a real clinical archive may vary
widely from one archive to another and a study such
as the current one cannot hope to examine every
type; WACO'’s resilience to an arbitrary set of out-
of-distribution watermarks has not been determined.
(2) The current study is confined to a 2D modality,
chest radiography. Translation of the methodology
to 3D CT or MRI volumes will require adaptation of
the ResNet-18 encoder, prototype distance
calculation and augmentation strategy. (3) In this
work we used an adversarial training approach.
Adversarial training often depends heavily on an
additional hyperparameter: the A_adv coefficient. If
it is set higher than around 0.5, unstable training
results that are characterized by unbounded growth
of the adversarial loss function in the initial
pretraining epochs will arise, due to the lack of a
gradient norm bound on the adversarial reversal.
The above three points indicate an agenda for future
work. A comparative study of the proposed approach
to existing SSL techniques such as BYOL and DINO
on a larger dataset containing clinical watermark
objects rather than synthesized overlays.
Examination across additional chest X-ray
benchmarks such as NIH ChestX-rayl4 and cross-
modal validation will be necessary to demonstrate
the  general  applicability of  adversarial
disentanglement in the clinical setting and extend the
methodology for use with CT and MRI modalities
respectively. The interplay between momentum-
based SSL approaches, such as BYOL, and
watermark interference is currently unexplored. All
presented results are generated with the randomly
selected experiment configuration.

5.6. Internal Validity Threats

Here, we report three threats to the internal validity
inherent in the experimental setup. First, the test of
watermark robustness is closed-loop; WACO is
optimized on the same three watermarks (text,
pattern, logo) to which robustness is measured. The
reported (near) zero accuracy drop is thus a result of
this closed-loop test setup, not necessarily an
invariance to out-of-distribution watermark classes.
Second, the results from the ablation study shown in
Table 3 are run on a single random seed (seed 42);
component importance figures reported will likely
vary across different seeds as evidenced by the
observed variance in the three-seed results for the
main experiments. Third, assignment to the
prototypes happens only during fine-tuning, not SSL
pre-training; the explanation is thus conditioned on
the supervised label structure of the supervised
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classifier and implies a possible label-dependency
within an otherwise self-supervised representation.
6. Conclusion

This work identifies watermark corruption as a
largely overlooked failure mode for self-supervised
learning when applied to clinical medical imaging
archives and presents S3EP as a unified solution for
this problem while also addressing the
interpretability needs for clinical Al S3EP
introduces the Watermark-Aware Contrastive
Objective, a method that combines NT-Xent
contrastive learning with adversarial watermark
disentanglement and prototype diversity
regularisation, and a ProtoPNet-style prototype
decoder that is built directly into the pretraining
process for intrinsic case-based self-explanations.
Experiments on the COVID-19 Radiography Dataset
demonstrate that S3EP achieves 98.22+0.39%
classification accuracy, 0.9995+0.0004 AUC-ROC,
and 98.22+0.40% macro F1 on clean test images.
This outperforms the supervised ResNet-18 baseline
on clean accuracy and significantly increases
watermark robustness compared to SImCLR, which
achieves marginally higher clean accuracy
(98.61+0.48%) at the cost of a 0.45+0.21%
watermark-induced accuracy drop — a trade-off that
confirms WACO's adversarial disentanglement
mechanism redirects encoder capacity toward
watermark invariance rather than raw discriminative
sharpness. When all test images were watermarked,
S3EP exhibited a statistically indistinguishable
average —0.06+0.08 percentage point drop in
accuracy across three independent experimental runs
compared to the supervised baseline (0.72+0.61%).
An ablation analysis of WACO suggests that each of
its components contributes independently to
performance gains; the full S3EP model was able to
achieve 2.83 percentage point accuracy gain
compared to the base contrastive model.

The implications of this work are clear for SSL
models used in clinical medical imaging analysis
when trained on unfiltered clinical archives.
Watermark contamination is a known phenomenon
present on a variety of institutional PACS systems.
If trained on such archives without watermark aware
objectives, SSL models could be vulnerable to the
representation contamination observed in this work,
which was simulated as part of the experimental
protocol. The WACO loss is architecture agnostic
and does not require changes to the backbone
encoder, which makes it relatively straightforward to
integrate into existing SimCLR, MoCo, or BYOL
architectures. The integration of self-explanation
directly into the pretraining phase ensures that the
interpretability has the same source of knowledge as
the model's prediction. Post-hoc explanations have
already been shown to exhibit lack of faithfulness
under specific scenarios and this work tackles
faithfulness by grounding explanations directly into
representation learning.
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Three possible future directions for this work are the
generalization to 3D medical image modalities,
adaptation to the diversity of clinical watermark
corruption methods through validation on real
watermark-corrupted archives, and exploration of
adaptive scheduling of the A adv coefficient
throughout the pretraining phase to reduce instability
at high A_adv values.
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hyperparameters and training scripts for reproducing
Tables 1-3.
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