Journal of Machine Learning, Data Science and Artificial Intelligence 2025; 2(2): 48-54

.IOU I'I'IEII Ol: | /f//l/}il// i

Machine Learning, Data Science

LI s

P-ISSN: xxxx-xxx%
E-ISSN: xxxx-XXXX
JMLDSALI 2025; 2(2): 48-54

www.datasciencejournal.net

Received: 21-05-2025
Accepted: 23-06-2025

Tendai M Chikowore
Department of Computer
Science, Midlands State
College, Gweru, Zimbabwe

Corresponding Author:
Tendai M. Chikowore
Department of Computer
Science, Midlands State
College, Gweru, Zimbabwe

and Artificial Intelligence

s

Self-supervised learning paradigms in unlabeled data
environments

Tendai M Chikowore

Abstract

Self-supervised learning (self-supervised learning (SSL)) has emerged as a transformative paradigm in
artificial intelligence, enabling models to learn meaningful representations from vast quantities of
unlabelled data without manual annotation. This research investigates and compares key self-
supervised learning (SSL) paradigms contrastive, predictive, and hybrid frameworks to determine their
relative efficacy across varied domains, including natural image classification and medical imaging.
Using benchmark data sets such as CIFAR-10, ImageNet-1K, and CheXpert, multiple self-supervised
learning (SSL) architectures SImCLR, MoCo v2, BYOL, SimSiam, Barlow Twins, VICReg, and JEPA
were evaluated through standardized experimental protocols. Statistical analyzes, including ANOVA
and Tukey’s post-hoc tests, were employed to validate performance differences. Results reveal that
hybrid and predictive-regularized models like VICReg and JEPA consistently outperform contrastive-
only approaches, achieving superior Top-1 accuracy and AUC-ROC across data sets while maintaining
greater representational stability and generalization. The integration of predictive and contrastive
objectives with variance-covariance regularization proved especially effective in minimizing
representation collapse and enhancing feature diversity. The study concludes that self-supervision,
when designed through hybrid learning objectives, offers a scalable and domain-agnostic approach to
representation learning, reducing dependency on annotated data sets. Practical recommendations
include adopting multi-objective loss functions, designing domain-specific augmentation strategies,
and employing adaptive optimization schedules to ensure stable learning and cross-domain
transferability. Overall, this research reinforces the paradigm shift from supervised dependency toward
autonomous, data-efficient, and generalizable learning systems capable of advancing real-world
artificial intelligence applications in healthcare, remote sensing, and industry.
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paradigms, Vicreg, Jepa, Unlabeled data, deep learning, representation stability, transfer learning,
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Introduction

In recent years, self-supervised learning (self-supervised learning (SSL)) has emerged as one
of the most influential paradigms in artificial intelligence, offering a robust mechanism for
learning from vast amounts of unlabelled data without the need for costly annotation
processes. The exponential growth of digital data across domains such as vision, speech, and
text has created the urgent need for models that can extract meaningful representations
directly from raw input, thereby reducing dependence on human-labeled data sets [ 2.
Unlike supervised learning, which relies on explicit labels, and unsupervised learning, which
focuses on structure discovery without specific downstream tasks, self-supervised learning
(SSL) leverages pretext tasks synthetically generated objectives that allow models to learn
transferable features %1, Through these tasks, such as contrastive instance discrimination,
masked token prediction, or image inpainting, networks learn semantically rich features that
generalize effectively across various domains &7,

Despite remarkable progress, major challenges persist in applying self-supervised learning
(SSL) to fully unlabelled environments, particularly in ensuring the transferability and
robustness of learned representations. The selection of pretext tasks, optimization of loss
functions, and avoidance of degenerate or collapsed representations remain unresolved issues
8 9 Additionally, evaluating self-supervised learning (SSL) models across diverse, real-
world data sets is complex due to differences in modality, noise, and data structure 10 4,
The objective of this study is to systematically analyze and benchmark the leading self-
supervised learning (SSL) paradigms contrastive, generative, and predictive—uwithin truly
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unlabelled data settings to identify which architectural and
methodological choices enhance generalization.
Specifically, we seek to propose a unified framework for
evaluating self-supervised learning (SSL) approaches across
domains such as medical imaging, natural language, and
environmental sensing % 3. Our hypothesis is that hybrid
models integrating contrastive and predictive objectives,
supplemented by adaptive augmentation strategies, yield
superior and more domain-agnostic representations
compared to single-paradigm self-supervised learning (SSL)
techniques (4161,

Literature Review

The evolution of self-supervised learning (self-supervised
learning (SSL)) has transformed the landscape of artificial
intelligence by providing an effective mechanism for
learning useful representations from large unlabelled data
sets. Traditional supervised learning approaches rely on
human-annotated labels, which are not only expensive but
also limited in availability across many domains, leading to
scalability and generalization constraints [* 2, In contrast,
self-supervised learning (SSL) leverages the inherent
structure within unlabelled data by generating supervisory
signals through surrogate or “pretext” tasks that enable the
network to learn transferable and semantically rich features
Bl The key idea behind self-supervised learning (SSL) lies
in constructing learning objectives that force models to
predict withheld parts of data or relationships among data
samples, which fosters the emergence of meaningful latent
representations [* 5,

Contrastive learning paradigms have become a dominant
approach within self-supervised learning (SSL) due to their
ability to learn discriminative features by contrasting
positive and negative pairs. Chen et al. introduced SimCLR,
which demonstrated that simple architectures, when trained
with contrastive losses and strong data augmentations, could
rival supervised baselines on ImageNet 1. This framework
emphasized the importance of temperature scaling, batch
normalization, and projection heads for stable learning.
Building on this foundation, He et al. developed MoCo
(Momentum Contrast), which introduced a dynamic
memory bank for negative samples to maintain consistency
and improve feature discrimination I, Further, Grill et al.
proposed Bootstrap Your Own Latent (BYOL), eliminating
the need for negative pairs entirely by employing online and
target networks, showing that meaningful representations
can emerge from predictive consistency alone ™. These
advances signaled a paradigm shift from discriminative to
predictive objectives, reducing the dependence on
artificially created negative examples.

The predictive and redundancy-reduction frameworks have
expanded the theoretical scope of self-supervised learning
(SSL). Methods such as SimSiam [ and Barlow Twins [
advanced the understanding of non-contrastive self-
supervision by demonstrating that appropriately constrained
predictive learning can prevent representational collapse.
Zbontar et al. in Barlow Twins formulated an objective
function based on redundancy reduction across feature
dimensions, encouraging invariance while preserving
diversity in representations 1. Similarly, Chen and He’s
SimSiam explored a simpler architecture that achieved
stable training through stop-gradient operations and
predictor networks [, These predictive techniques reduced
the computational burden of contrastive methods and
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opened new research avenues into hybrid designs combining
contrastive and predictive principles.

The application of self-supervised learning (SSL) in
domain-specific environments has further validated its
generalization potential. For instance, Azizi et al. 1% applied
self-supervised learning (SSL) to medical image
classification, showing substantial improvements in
downstream performance with limited labels, especially
when using large pre-trained models. Pathak et al. (]
introduced context encoders that learned visual features by
reconstructing missing regions of images, effectively
serving as generative pretext tasks. These methods
underscored the flexibility of self-supervised learning (SSL)
frameworks across structured and unstructured data
modalities, including text, audio, and biomedical signals.
Meanwhile, transformer-based self-supervised learning
(SSL) architectures such as BERT €, GPT "], and vision
transformers 3 have demonstrated the scalability of self-
supervised paradigms to multimodal learning. Devlin et al.’s
BERT pioneered masked token prediction for natural
language processing, while Radford et al. extended self-
supervision to generative pre-training, forming the
foundation for transfer learning across linguistic and visual
domains [& 7. Caron et al. [ highlighted how vision
transformers, when trained with self-supervised objectives,
exhibit emergent properties akin to those observed in
supervised training—demonstrating semantic segmentation
capabilities without labeled supervision.

Recent studies have moved toward hybrid and unified self-
supervised learning (SSL) paradigms that integrate
contrastive, predictive, and statistical regularization
principles. Bardes et al. 2 proposed VICReg, introducing
variance-invariance-covariance regularization to stabilize
learning and prevent collapse in non-contrastive settings.
Grill et al. M explored the synergy between predictive and
contrastive frameworks to enhance feature robustness across
domains. Misra and Maaten [*°! extended this approach with
Pretext-Invariant Representations (PIRL), introducing
invariance constraints that improve model generality.
Assran et al. % advanced the field with Joint-Embedding
Predictive Architectures (JEPA), combining predictive
objectives with architectural regularization to achieve high
transferability and domain robustness across visual and non-
visual data sets.

In summary, the literature establishes that self-supervised
learning has matured from early heuristic pretext tasks to
theoretically grounded frameworks that unify multiple
learning objectives. Modern self-supervised learning (SSL)
models achieve performance comparable to or exceeding
supervised methods, primarily due to advances in
contrastive  optimization, redundancy reduction, and
hybridization of predictive and discriminative signals 2],
However, despite these achievements, the literature
consistently points to persisting challenges—such as
evaluating generalization across diverse unlabelled domains,
understanding representation collapse, and ensuring
scalability to industrial-level data sets—that justify
continued exploration of self-supervised learning (SSL)
paradigms in unlabelled data environments.

Material and Methods

Materials

The study used a collection of large-scale unlabelled
benchmark data sets representing multiple domains to
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analyze the efficiency of various self-supervised learning
(self-supervised learning (SSL)) paradigms. Publicly
available data sets such as CIFAR-10, ImageNet-1K,
CheXpert, and COCO-Stuff were employed to assess both
general-purpose and domain-specific generalization -3,
The data sets were chosen to represent different levels of
data complexity and modality diversity ranging from natural
images to medical radiographs enabling a comprehensive
evaluation of self-supervised learning (SSL) approaches
under varied data distributions [ 1. Preprocessing
followed established standards, including normalization,
random cropping, color jittering, Gaussian blurring, and
horizontal flipping to augment data diversity and prevent
overfitting (35,

All experiments were conducted on a high-performance
computing environment equipped with NVIDIA RTX
AB6000 GPUs (48 GB) and AMD EPYC 64-core processors
running Ubuntu 22.04 LTS with CUDA 12.0 support. The
experimental setup relied on PyTorch 2.1 and TensorFlow
2.15 frameworks, implementing official or verified open-
source repositories from prior self-supervised learning
(SSL) studies for reproducibility * & 7. Three major self-
supervised learning (SSL) categories were compared:
contrastive, predictive, and hybrid paradigms. The
contrastive group included SimCLR, MoCo v2, and BYOL
[3-5: the predictive category comprised SimSiam and Barlow
Twins [ °; while hybrid models such as VICReg and JEPA
combined both predictive and contrastive objectives [ 6],
All models used the ResNet-50 backbone initialized
randomly to ensure unbiased feature learning. The optimizer
was AdamW with an initial learning rate of 3x107%, batch
size of 256, and cosine annealing scheduling [ 31,

Methods
The experimental methodology consisted of three main

Results
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stages: pre-training, fine-tuning, and evaluation. In the pre-
training stage, models learned representations from
completely unlabelled data sets through self-supervised
objectives designed to exploit the inherent structure of data.
For contrastive paradigms such as SimCLR and MoCo, each
image was augmented twice to form positive pairs, while
negative pairs were drawn from other samples in the mini-
batch or memory queue. The loss function employed was
the normalized temperature-scaled cross-entropy (NT-Xent),
which optimized feature similarity between positive pairs
and minimized it for negative ones [ 5. Predictive
frameworks like BYOL and SimSiam removed negative
sampling altogether, relying on a stop-gradient mechanism
and asymmetric architecture to avoid representational
collapse ™ 8. The Barlow Twins objective reduced
redundancy between feature dimensions by correlating
embedding representations and penalizing diagonal
dominance in covariance matrices [,

During fine-tuning, pre-trained encoders were either frozen
or partially unfrozen while training a linear classifier on 10
% of labeled samples for downstream evaluation [* 231, The
same model architectures were used across data sets to
ensure comparability. Evaluation metrics included Top-1
accuracy for natural images and AUC-ROC for medical data
sets [291, Each experiment was repeated five times to account
for stochastic variations, and mean * standard deviation
values were reported. Statistical significance between
paradigms was assessed using one-way ANOVA followed
by Tukey’s HSD post-hoc test (p<0.05). Model convergence
behavior was analyzed through learning-rate and loss-curve
tracking over 400 epochs [* 51 Reproducibility was
ensured through fixed random seeds, open-source code
availability, and adherence to Fartificial intelligence (AR
data principles & 14 18],

Table 1: Summary of self-supervised learning (SSL) performance across data sets (mean + SD over 5 runs)

Method CIFAR10 Topl CheXpert AUC Image Netlk Topl
BYOL 88.941+0.276 87.817+0.271 74.238+0.214
Barlow Twins 87.947+0.421 87.079+0.194 73.165+0.237
JEPA 90.44+0.232 88.474+0.1 75.28+0.161
MoCo v2 88.075+0.329 86.823+0.315 71.061+0.164
SimCLR 88.638+0.212 86.565+0.683 69.536+0.195
SimSiam 86.742+0.325 86.258+0.256 70.054+0.211

Table 2: One-way ANOVA per dataset/metric testing differences across methods

Dataset metric DF between DF within F
CIFAR10 Topl 6 28 80.91
ImageNetlk Topl 6 28 663.144
CheXpert AUC 6 28 28.772
Table 3: Tukey HSD pairwise comparisons (o = 0.05)
Dataset Metric Groupl Group2 Mean diff
CIFAR10 Topl BYOL Barlow Twins -0.9936
CIFAR10 Topl BYOL JEPA 1.4994
CIFAR10 Topl BYOL MoCo v2 -0.8658
CIFAR10 Topl BYOL SimCLR -0.3028
CIFAR10 Topl BYOL SimSiam -2.1986
CIFAR10 Topl BYOL VICReg 0.466
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Fig 1: CIFAR-10 (10% labels) Top-1 accuracy by self-supervised learning (SSL) method (mean + SD)
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Fie 2: ImageNet-1K linear-evaluation Top-1 accuracy by self-supervised learning (SSL) method (mean + SD)
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Fig 3: CheXpert AUC-ROC by self-supervised learning (SSL) method (mean + SD)
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Narrative analysis and statistical findings

Across all three benchmarks, hybrid/predictive-regularized
methods (VICReg, JEPA) achieved the strongest transfer,
with JEPA leading on CIFAR-10 (= 90.4%) and CheXpert
(= 88.6% AUC), and matching or exceeding contrastive
baselines on ImageNet linear evaluation (= 75.2%) (Figures
1-3; Tables 1-3). These outcomes align with prior evidence
that redundancy reduction and joint-embedding prediction
stabilize non-contrastive training and improve invariance
without collapse @ ° 12 161 Classic contrastive methods
performed robustly BYOL and MoCo v2 were consistently
competitive  confirming the strength of instance
discrimination coupled with strong augmentations and
temperature scaling . SimSiam trailed slightly—as
expected from its minimalist design—while Barlow Twins
narrowed the gap via decorrelation objectives [& 9,

One-way ANOVA indicated significant performance
differences among methods for each dataset/metric (Table
2). Post-hoc Tukey HSD revealed that JEPA was
significantly better than several baselines (often including
SimCLR and SimSiam) on CIFAR-10 and CheXpert, while
differences between JEPA, VICReg, and BYOL on
ImageNet were smaller but frequently still significant (Table
3). Effect sizes (n?) were large across data sets, indicating
that the choice of self-supervised learning (SSL) paradigm
explains a substantial proportion of variance in downstream
metrics. These findings empirically substantiate the
hypothesis that hybrid/predictive-regularized objectives,
paired with strong augmentations, yield more domain-

agnostic representations than single-paradigm approaches
2,12, 14-16]

Method-wise patterns mirror established literature: (i)
SimCLR/MoCo benefit from temperature-scaled contrastive
loss and large negative sets or queues [ S (ii)
BYOL/SimSiam avoid negatives using asymmetric
predictors and stop-gradient dynamics, yet require
architectural regularization for stability @ & (iii) Barlow
Twins/VICReg explicitly constrain variance, invariance, and
covariance to prevent representational collapse [ 2 and
(iv) JEPA integrates predictive targets with joint-embedding
to drive cross-view consistency, which appears to generalize
best across heterogeneous data regimes 161, Performance on
CheXpert replicates the literature’s observation that large
self-supervised models confer sizeable gains in label-scarce
medical imaging 1%, Although our experiments center on
vision, the representational principles resonate with masked-
token and generative pre-training in language models like
BERT and GPT, underscoring self-supervised learning
(SSL)’s modality-agnostic foundations & 7. Finally, the
modest but persistent gains of generative/predictive signals
echo earlier representation learning with context encoders,
reinforcing that reconstructive or predictive pretext tasks
contribute complementary inductive bias 1% 131,

Interpretation. In aggregate, results endorse a no one-size-
fits-all view with a clear lean toward hybrid/predictive-
regularized self-supervised learning (SSL). On natural
images, JEPA/VICReg/BYOL form the top tier, with MoCo
competitive when negatives are well-managed. In clinical
imaging, predictive-regularized methods show the highest
AUCs, suggesting stronger robustness under distribution
shift and noise. These outcomes recommend (a) adopting
hybrid objectives (JEPA/VICReg-style) for cross-domain
deployments, (b) pairing them with carefully tuned
augmentations and cosine scheduling, and (c) employing
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linear-probe plus task-specific metrics (Top-1, AUC) for
principled evaluation -5 8161,

Discussion

The results of this research highlight a decisive trend in self-
supervised learning (self-supervised learning (SSL)): the
increasing dominance of hybrid and predictive-regularized
paradigms over traditional contrastive methods across
diverse unlabelled data environments. The findings validate
the hypothesis that self-supervised learning (SSL)
frameworks combining predictive and  contrastive
principles—particularly VICReg [*2 and JEPA [*l—achieve
greater representational generality, stability, and robustness
than  single-objective  architectures. The  observed
improvements in Top-1 accuracy and AUC-ROC across
CIFAR-10, ImageNet-1K, and CheXpert data sets
corroborate earlier studies that emphasized the benefits of
redundancy reduction, multi-objective learning, and
variance control in representation learning [& 121,

A critical insight from these experiments is the role of
representation stability. Contrastive models such as
SIMCLR and MoCo v2 perform well due to large negative
pair sets and temperature-based normalization, confirming
findings by Chen et al. Bl and He et al. 1. However, they
remain sensitive to batch size and negative sample
imbalance, leading to representation collapse under data-
sparse regimes. Predictive models like BYOL ™ and
SimSiam ! address these limitations by removing negative
pairs and adopting asymmetric encoders, but require
architectural regularization to maintain training stability.
The introduction of Barlow Twins [ and VICReg 2 marks
a significant step forward by directly penalizing redundancy
and preserving feature diversity, a concept aligned with
earlier theoretical formulations of information decorrelation
in deep networks [21,

Notably, JEPA [8] extends the predictive approach through
joint-embedding consistency, achieving superior domain
generalization, particularly in CheXpert, where label
scarcity and high feature variability challenge most self-
supervised learning (SSL) models. Its success resonates
with Bardes et al.’s findings that balanced variance and
invariance constraints yield consistent improvements in
transfer learning performance [2. Moreover, the strong
statistical significance observed in ANOVA and post-hoc
analyzes supports prior assertions that hybrid self-
supervised learning (SSL) methods explain a substantial
proportion of variance in downstream metrics, thereby
reinforcing their cross-domain efficacy [ 14 11,

Beyond vision tasks, the convergence of self-supervised
learning (SSL) paradigms with language and multimodal
learning reinforces the universality of self-supervision. The
theoretical foundations of BERT [l and GPT "], which rely
on masked prediction and generative pretext objectives,
parallel the predictive consistency observed in image-based
models. This suggests that the underlying principle—
learning by predicting the unknown—serves as a unifying
framework for human-like representation learning across
modalities. Such modality-agnostic behavior exemplifies the
scalability of self-supervised learning (SSL), making it an
indispensable approach for modern artificial intelligence
(Al) systems operating in data-rich but label-scarce
domains.

Furthermore, the literature and empirical outcomes
collectively suggest that data augmentation strategies and
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objective balancing play a central role in achieving
transferable and invariant representations. Methods utilizing
controlled augmentation  pipelines and  multi-loss
optimization consistently outperform those relying on a
single inductive bias. This aligns with Caron et al. *! and
Grill et al. 4, who demonstrated that the emergence of
semantic structure in self-supervised learning (SSL) is
largely governed by augmentation diversity and loss
coupling.

Overall, this research consolidates the view that self-
supervision has matured from contrastive heuristics into a
principled, statistically validated framework for universal
representation learning. The combination of predictive,
contrastive, and redundancy-reduction mechanisms enables
self-supervised learning (SSL) systems to approximate
supervised learning performance while eliminating
dependency on labeled data. In sum, the discussion affirms
that hybrid self-supervised paradigms not only outperform
traditional models in empirical evaluations but also provide
a more sustainable path toward scalable, data-efficient
artificial intelligence [-161,

Conclusion

The comprehensive evaluation of self-supervised learning
(self-supervised learning (SSL)) paradigms in unlabelled
data environments reveals that hybrid frameworks
integrating  contrastive, predictive, and redundancy-
reduction principles provide the most consistent and
transferable representations across diverse domains. The
findings demonstrate that methods such as VICReg and
JEPA outperform traditional contrastive-only models like
SIimMCLR and MoCo v2 by maintaining representational
stability and preventing collapse without relying on
extensive negative sampling. These hybrid architectures
achieve superior accuracy and generalization even in data-
scarce scenarios, underscoring their potential for scalable
and label-efficient artificial intelligence. Moreover,
predictive architectures, when combined with variance and
covariance regularization, emerge as the most robust
approaches for cross-domain adaptation, particularly in
complex tasks such as medical imaging, where labeled data
are scarce and expensive to acquire. The results also
highlight the crucial role of balanced augmentation
strategies, carefully tuned learning rates, and hybrid loss
optimization in enhancing model robustness and
downstream performance. Practical application of these
insights can substantially improve the deployment of
artificial intelligence (Al) systems in domains where
traditional supervised learning is impractical, including
remote sensing, biomedical diagnostics, and industrial
quality inspection. Based on these outcomes, several
practical recommendations can be proposed to guide future
self-supervised learning (SSL) research and implementation.
First, researchers should prioritize the adoption of hybrid
self-supervised learning (SSL) frameworks that combine
predictive and contrastive mechanisms with statistical
regularization to ensure feature diversity and stability.
Second, model developers should employ structured
augmentation pipelines tailored to the target data modality,
as data  transformations  significantly  influence
representational richness. Third, training pipelines should
include dynamic learning rate scheduling and variance-
control mechanisms to balance representation invariance
and discrimination. Fourth, for real-world integration, fine-
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tuning protocols must incorporate  domain-specific
evaluation metrics and linear probing strategies to assess
transfer performance objectively. Finally, organizations
seeking to implement self-supervised learning (SSL) in
production environments should invest in computational
infrastructure optimized for large-scale pre-training and
promote  open-source reproducibility to accelerate
innovation. Collectively, these recommendations pave the
way for a new era of intelligent systems capable of learning
autonomously from unlabelled information, reducing
dependency on costly annotation efforts, and advancing the
frontiers of explainable and efficient artificial intelligence
(A.
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