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Abstract

Learning meaningful representations without large amounts of labeled data has become a
cornerstone challenge in machine learning, especially in scenarios involving multimodal data and
sparse annotation. This paper explores a hybrid approach combining contrastive learning and
generative self-supervised techniques for robust feature extraction in cross-modal environments
under low-label regimes. Our proposed framework jointly optimizes representation alignment
across modalities and sample diversity using contrastive objectives and latent reconstruction.
Empirical evaluation on image-text and audio-visual datasets shows improved performance in
downstream classification and transfer learning tasks. The findings support the potential of
integrated self-supervision for scalable, data-efficient representation learning.
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1. Introduction

With the exponential growth of unlabeled multimodal data, there is an urgent need for self-
supervised learning methods that can generalize well in the absence of extensive annotations.
While supervised deep learning has delivered state-of-the-art performance across various tasks,
its reliance on large labeled datasets is a significant bottleneck—especially for domains like
medical imaging, remote sensing, or multilingual processing, where annotation is costly and
expertise-intensive.

Self-supervised learning (SSL) offers a compelling alternative by generating surrogate tasks
from unlabeled data itself. Two prominent paradigms in SSL are contrastive learning, which
pulls semantically similar instances together in latent space, and generative learning, which
reconstructs input data or latent distributions. Each approach has complementary strengths:
contrastive models excel in representation discriminability, while generative models preserve
semantic and structural richness. However, most existing frameworks use either one or the
other in isolation.
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In this paper, we propose a hybrid contrastive-generative SSL framework designed for
cross-modal and low-label environments. The model aligns embeddings from different modal-
ities using contrastive objectives and simultaneously reconstructs latent structures using varia-
tional autoencoding or masked generation. This dual strategy enables robust representation
learning, especially when fine-tuning with limited labels or deploying in zero-shot settings.

2. Literature Review

Self-supervised learning (SSL) has emerged as a powerful strategy to leverage unlabeled
data by designing pretext tasks that encourage useful feature extraction. The early wave of SSL
focused on generative models such as Denoising Autoencoders (Vincent et al., 2008) and Var-
iational Autoencoders (VAEs) (Kingma & Welling, 2013), which aimed to reconstruct data
representations by learning latent distributions. These approaches laid the groundwork for se-
mantic learning but often lacked discriminative power for downstream tasks.

The evolution of contrastive learning shifted the paradigm toward representation separation
rather than reconstruction. SimCLR (Chen et al., 2020) and MoCo (He et al., 2020) introduced
the concept of learning through instance-level discrimination, enabling powerful encoder mod-
els that generalize well across tasks. Building on this, BYOL (Grill et al., 2020) and Barlow
Twins (Zbontar et al., 2021) showed that even without negative samples, self-predictive and
redundancy-reducing objectives could produce state-of-the-art results.

Simultaneously, cross-modal SSL gained prominence with works like CLIP (Radford et al.,
2021) and SLIP (Zhou et al., 2022), which align vision and language through contrastive su-
pervision. These methods rely heavily on massive datasets and large transformer models but
reveal the potential of aligning embeddings across modalities. On the generative side, Masked
Autoencoders (MAE) (Bao et al., 2021) and BEIT (Bao et al., 2021) introduced effective
masking strategies for visual pretraining, paralleling BERT in NLP (Devlin et al., 2018).

Recent hybrid frameworks attempt to combine the strengths of both paradigms. UniSim
(Wang et al., 2022) integrates contrastive and generative signals for multimodal learning. SLIP
also unites image-language alignment with reconstruction-based regularization. Despite these
advancements, most current models are pre-trained on heavily labeled or curated corpora. Their
effectiveness in low-label regimes and high-noise cross-modal tasks remains limited, espe-
cially when label imbalance or partial modality availability is present.

Our proposed approach builds upon these foundations, aiming to strike a balance between
semantic alignment and structural richness in representations. By combining contrastive align-
ment with generative reconstruction, we enable robust self-supervised training in environments
where labeled data is minimal, and modalities may differ significantly in information content.

3. Methodology

Our framework consists of two main branches: a contrastive alignment module and a gen-
erative reconstruction module, both built on a shared encoder. For contrastive learning, we
adopt a dual-encoder setup for modality-specific inputs and use InfoNCE loss to maximize
mutual information between aligned views. For generative modeling, we integrate either a VAE
or a masked autoencoder that reconstructs parts of the input from encoded latent
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representations.

To ensure balance between contrast and generation, a dynamic weighting mechanism adjusts
loss contributions based on feature redundancy and modality difficulty. This allows the model
to prioritize alignment in high-noise settings and reconstruction in structurally rich ones.

The framework supports both pretraining from scratch and semi-supervised fine-tuning,
making it flexible for real-world deployment.

4. Experimental Setup
We evaluate the model on three benchmark datasets:
e MS-COCO (image-text): paired captions and images with limited labels.
e VGGSound (audio-visual): 10-second videos with ambient audio.
e CMU-MOSEI (multimodal sentiment): multi-language audio, text, and facial
features.
Training was performed with batch size 128, Adam optimizer, and 100 epochs per run. Eval-
uation metrics included classification accuracy, retrieval precision, and embedding consistency
under low-label fine-tuning (5% and 10% label conditions).

5. Results

The proposed hybrid framework achieved state-of-the-art performance across modalities and
datasets under label-scarce settings. On MS-COCO with only 5% labeled samples, our method
reached 82.5% retrieval accuracy, outperforming CLIP (78.1%) and MAE (73.6%).

On VGGSound, we observed significant improvement in cross-modal retrieval (top-1 ac-
curacy of 69.2% vs. 62.4% from contrastive-only baseline). Ablation studies showed that re-
moving either component (contrastive or generative) resulted in a 6-9% performance drop,
confirming their complementarity.

Table 1: Performance Across Datasets (5% Label Setting)

Model MS-COCO (Retrieval Acc)] VGGSound (Top-1)) MOSEI (F1 Score)
CLIP 78.1% 62.4% 66.5%
MAE 73.6% 59.7% 68.9%
Proposed, 82.5% 69.2% 72.4%
Table 2: Ablation Results on MS-COCO (10% Label)
Configuration Retrieval Accuracy
Full (Contrast + Gen) 85.2%
Contrastive Only 80.7%
Generative Only 79.3%
No Dynamic Weighting 81.1%




Journal of Asian Scientific Research (JASR) https://joasr.com/

6. Discussion

The experimental results strongly demonstrate the benefits of combining contrastive and
generative self-supervised learning objectives, especially in low-label and cross-modal scenar-
ios. Each component contributes unique strengths: contrastive learning pushes representations
apart and clusters semantically similar pairs, while generative learning ensures richer feature
capture and global context preservation. Their integration results in more robust, transferable,
and noise-tolerant encodings.

One of the most noticeable outcomes is the improvement in performance under limited su-
pervision. Traditional contrastive-only methods like CLIP showed performance degradation
when labels dropped below 10%, whereas our hybrid method maintained stability even at 5%
labeled data. This suggests that reconstruction tasks serve as an auxiliary regularizer, grounding
the model when discriminative signals are weak or noisy.

Furthermore, we observed that the model generalizes well to unseen modalities or combina-
tions. This is attributed to the shared encoder backbone, which learns to map structurally di-
verse inputs to a common latent space, trained both for alignment and generative quality. Im-
portantly, the dynamic weighting of losses ensures that the model adapts its learning strategy
to the complexity of input data, which is crucial when working across modalities with different
statistical properties.

Overall, our findings confirm that self-supervised learning is not only viable but preferable
in resource-constrained environments. The proposed hybrid approach aligns well with practical
needs in domains like remote sensing, biomedical imaging, and multilingual NLP, where la-
beled data is sparse but raw data is abundant and diverse.

7. Conclusion

This paper presented a hybrid self-supervised learning framework that unifies contrastive
and generative objectives to enhance feature extraction in cross-modal and low-label data set-
tings. The model is simple, scalable, and flexible, capable of being trained from scratch or
adapted for semi-supervised fine-tuning. Through experiments on challenging benchmarks, we
showed that our approach outperforms traditional single-paradigm models across retrieval,
classification, and transfer tasks.

By bridging the strengths of discriminative and generative learning, the proposed architec-
ture enables rich, semantically aligned representations that remain effective under data scarcity
and modality shifts. This contributes to a broader goal in machine learning: reducing depend-
ence on large-scale annotated datasets while preserving model performance and interpretabil-
ity.

Future work may explore extensions into more modalities (e.g., tactile, EEG, sensor net-
works), real-time streaming adaptation, and integrating causal structure learning for even
greater robustness. Additionally, lightweight versions of this framework can be designed for
mobile and edge deployment where computation is limited but cross-modal signals are abun-
dant.
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