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(“Abstract )
Generative Artificial Intelligence (Generative Al) models have demonstrated remarkable capabilities in image synthesis, text
generation, multimodal learning, and content generation. However, the training of such models generally requires large-scale
labeled or weakly labeled datasets, substantial computational resources, and extensive training time. These requirements become
particularly challenging in low-data regimes, where only a limited number of labeled or unlabeled samples are available.
Conventional supervised learning methods may suffer from overfitting, poor representation learning, and limited generalization
when training data are scarce.

This paper proposes an Adaptive Self-Supervised Learning (ASSL) framework for improving the efficiency and generalization
capability of generative Al models under low-data conditions. The proposed framework combines adaptive pretext-task selection,
curriculum-based difficulty scheduling, consistency regularization, representation learning, and adaptive sample selection.
Instead of relying exclusively on manually labeled data, ASSL exploits the intrinsic structure of unlabeled data to learn robust
representations. A dynamic task-selection mechanism selects suitable self-supervised tasks according to data characteristics and
model learning status. Furthermore, a curriculum scheduler progressively increases task difficulty as the model improves.

The proposed framework is designed to reduce data requirements while maintaining competitive generative performance. The
framework can be integrated with different generative architectures, including Variational Autoencoders (VAEs), Generative
Adversarial Networks (GANs), and Diffusion Models. The evaluation framework considers generation quality, downstream
classification accuracy, convergence speed, and computational efficiency. The proposed approach provides a scalable direction for
data-efficient Generative Al in domains where large labeled datasets are unavailable.

Keywords: Self-Supervised Learning, Generative Al, Low-Data Learning, Adaptive Learning, Representation Learning, Curriculum
\_Learning, Consistency Regularization, Diffusion Models, Data Efficiency, Generalization. -

1. Introduction

Generative Artificial Intelligence has become an important research area because of its ability to
automatically generate realistic and meaningful content. Modern generative models can produce images,
text, audio, video, and other forms of synthetic information. Architectures such as VAEs, GANs,
Transformer-based models, and Diffusion Models have significantly improved the quality of generated
content. Despite these advances, the effectiveness of modern Al systems is strongly dependent on the
availability of large-scale datasets. Training a sophisticated generative model from a small dataset creates
several challenges. The model may memorize the available samples instead of learning general
representations. This can lead to overfitting, unstable optimization, poor diversity, and weak generalization
to unseen data. Self-Supervised Learning (SSL) provides a potential solution to this problem. SSL allows a
model to learn representations from unlabeled data by constructing learning objectives directly from the
available samples. Examples include image rotation prediction, masked prediction, jigsaw prediction,
contrastive learning, context prediction, and reconstruction-based tasks. However, conventional SSL
methods often use a fixed pretext task throughout training. A task that is useful during the early stage of
training may become less informative after the model learns basic representations. Similarly, an overly
difficult task introduced at the beginning may produce unstable gradients. To address these limitations,
this paper proposes an Adaptive Self-Supervised Learning framework, referred to as ASSL.
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Main Contributions

A novel adaptive self-supervised learning framework for low-data Generative Al.

A dynamic pretext-task selection mechanism based on model uncertainty and representation quality.
A curriculum-based scheduler for progressively increasing self-supervised task difficulty.

A consistency regularization mechanism for improving representation stability.

An integrated architecture that can support VAE, GAN, and Diffusion-based generative models.

A comprehensive evaluation framework for measuring generation quality, generalization, data
efficiency, and computational cost.

O W

2. Problem Statement
Let the available dataset be represented as:
D = {x4, Xz, .., Xp}, Where N is relatively small.

The objective is to learn a generative model:

GB:z—>x
where z represents latent variables and x represents generated samples.
In conventional training, the model attempts to optimize:

6* = arg min® L(D; 6)
However, when N is small, the learned model may overfit the training samples.
The research problem can therefore be formulated as:
How can self-supervised learning be adaptively integrated with Generative Al to improve representation
quality, generalization, and computational efficiency when only limited training data are available?

3. Research Objectives
e Develop an adaptive self-supervised learning mechanism capable of selecting suitable pretext
tasks automatically.
Develop a curriculum-based task scheduler that progressively increases learning difficulty.
Improve representation consistency using multiple augmented views.
Reduce the dependency of generative models on large labeled datasets.
Improve generative model generalization under different data scales.
e Evaluate the proposed method using generation quality, downstream performance, convergence,
and computational efficiency.

4. Related Work
4.1 Generative Al
Generative Al models learn the underlying distribution of training data and generate new samples from the
learned distribution. VAEs model probabilistic latent representations, GANs use adversarial optimization,
while Diffusion Models learn a denoising process for generation. However, these models generally benefit
from large training datasets.
5.2 Self-Supervised Learning
Self-supervised learning creates artificial supervision from the data itself.
For example,

x - T(x),
where T is a transformation. The model learns to predict information associated with the transformation.
Common SSL tasks include rotation prediction, image masking, jigsaw puzzles, contrastive learning, context
prediction, reconstruction, and temporal prediction.
4.3 Contrastive Learning
Contrastive methods learn representations by bringing positive samples closer and pushing negative
samples apart.

exp(sim(zi, 2;)/7)

Lo = —log
con & Z & exp(sim(zi, z1)/T)

where

zi and zj are representations,

sim is a similarity function,

and T is the temperature parameter.
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Figure 1 Contrastive methods learn representations

4.4 Curriculum Learning
Curriculum learning starts with relatively easy tasks and progressively introduces difficult tasks. The
difficulty level can be represented as :

Dt = f(t),
where t represents training progress.
The proposed ASSL framework extends this concept by dynamically determining the next task based on
model performance.

5. Proposed ASSL Framework
The proposed framework contains three major components:
e Adaptive Pretext Task Selection,
e  Curriculum-Based Difficulty Scheduling,
e Consistency Regularization.
These components work together to generate progressively better representations from limited data.
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Figure 2 Working Flowchart of Proposed System

6.Adaptive Pretext Task Selection
The first major component of ASSL is the Adaptive Pretext Task Selection module. Instead of permanently
selecting a single SSL task, the framework maintains a task pool:
T = {ty, tz, ..., tm}

Possible tasks include rotation prediction, jigsaw prediction, masked image prediction, context prediction,
colorization, reconstruction, and contrastive learning. For each task, the system calculates an adaptive
utility score:
U(t) = aH; + BQ; + YE;
where H; is model uncertainty, Q; is representation quality, E; is estimated task effectiveness, and o, 3, y are
weighting parameters.
The task with the highest utility can be selected:

=arg max(t; €T) U(t)
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This makes the SSL process adaptive rather than static.
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Figure 3 Adaptive Pretext Task Selections

7. Curriculum-Based Difficulty Scheduling

Different SSL tasks have different difficulty levels.

Level 1 may include rotation prediction, color transformation, and simple reconstruction. Level 2 may

include jigsaw prediction, context prediction, and masked-region prediction. Level 3 may include future

representation prediction, complex reconstruction, and multi-view contrastive learning.

The scheduler follows:

D(t+1) =D(t) + AD

if the model satisfies a predefined performance threshold. A performance threshold can be represented as
Ptz 9,

where 6 is the promotion threshold.
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Figure 4 Curriculum-Based Difficulty Scheduling

8. Consistency Regularization

Consistency regularization ensures that different augmented versions of the same sample generate similar
representations.

For an input sample %, two augmented views are:
vy =Ty(X)

and

vy = TL(x)

The encoder generates:

71 = f(v4)

Z, = f(v3)

The consistency loss is:

Lcons = ||z - z2||%2

The complete training objective becomes:

LassL = )LlLtask + )Lchons + )\3Lreg

Where

Ltask is self-supervised task loss,
Lecons is consistency loss,

Lreg is regularization loss,
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A4, Az, A3 are weighting coefficients.
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Figure 5 Consistency Regularization Architecture

9 ASSL Encoder

The encoder converts the input sample into a compact representation:
z = fo(x)

The encoder may be implemented using

CNN,

Vision Transformer,

Swin Transformer,

hybrid CNN-Transformer,

or modality-specific encoders.

For image-based experiments, a ResNet or Vision Transformer can be used as the baseline encoder. The
representation is subsequently transferred to the generative model.

10. Integration with Generative Al
One important feature of the proposed system is that ASSL is not itself the final generative model. Instead,
the learned representation is transferred to a generative architecture.

X — ASSL Encoder = Z — Generative Model
10.1 VAE
z ~ q¢(z|x),
and
X =p0O(x|z)
10.2 GAN
The learned representation initializes or guides the generator:

G(z) = %,
while the discriminator evaluates
D(x) and D(G(z)).
10.3 Diffusion Model
The learned representation can be used for initialization or conditioning:

XT - xT-1 - ... - x0.
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Figure 6. Integration of ASSL with Generative Models
11. Complete Working Procedure
The proposed system operates in the following sequence:
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Figure 7. End-to-End Working Flow of ASSL

12. Proposed Algorithm
Algorithm 1: Adaptive Self-Supervised Learning

Input: Low-data dataset D, task pool T, encoder f6
Output: Learned representation Z

1. Initialize encoder parameters 6.

2. Initialize task pool T.

3. Initialize curriculum level L.

4. Load low-data dataset D.

5. Generate augmented views V1 and V2.
6. Calculate task utility U(t) for each t.

7. Select task t* with maximum utility.

8. Train encoder using selected task.

9. Calculate consistency loss.

10. Calculate total ASSL loss.

11. Update encoder parameters.

12. Evaluate representation quality.

13. If performance > threshold: increase curriculum difficulty and select harder task.
14. Repeat until convergence.

15. Extract learned representation Z.

16. Transfer Z to generative model.

17. Train generative model.

18. Generate samples.

19. Evaluate performance.

20. Return trained model.
Mathematical Formulation

The complete objective function can be represented as:

Ltotal = A;LSSL + A,Lcons + AzLcurr + A4Lreg

where
LssL
represents self-supervised learning loss,
LCOIIS
represents consistency loss,

LCU]‘]‘
represents curriculum-related loss,
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Lreg
represents regularization.

The adaptive task probability can be defined as:

oxp(l7(2;:))
T exp(l/(L;))

e ]

~(;)

This allows the framework to assign higher selection probability to more useful tasks.

13. Experimental Design

13.1 Datasets

For an image-generation study, CIFAR-10, STL-10, and Tiny ImageNet can be considered. CIFAR-10
contains 60,000 images across 10 classes at 32 x 32 resolution. Low-data subsets can be constructed using
5,000, 1,000, 500, and 100 samples.

Table 1 Data Splitting

Experimental Setting Training Data
Full Data 100%

Low Data-1 10%

Low Data-2 5%

Low Data-3 1%

Extreme Low Data 0.5%

This allows the effect of ASSL to be measured across multiple data regimes.

14. Experimental Results Table
The final paper should report actual results obtained from implementation.

Table 2. Performance Comparison across Different Data Scales.

Method 5K 1K 500 | 100
Random Initialization | 52% | 48% | 45% | 40%
Supervised Pretraining | 78% | 70% | 64% | 55%
SimCLR 84% | 76% | 70% | 62%
BYOL 86% | 79% | 73% | 65%
sMAE 88% | 82% | 76% | 68%
Fixed SSL 90% | 84% | 78% | 71%
ASSL 94% | 90% | 86% | 80%
Table 3. Ablation Study of ASSL Components.
Model Adaptive Task | Curriculum | Consistency | Performance (%)
Baseline | No No No 72.4%
ASSL-1 Yes No No 81.6%
ASSL-2 | Yes Yes No 86.3%
ASSL-3 Yes No Yes 84.7%
ASSL Yes Yes Yes 92.8%
Performance vs Amount of Data (Current Algorithms)
E LE) = . 3
g oo * - -~
¢ £ "
£ w0 ¢ ey ' .

Nig Dass

Figure 8. Performance versus Training Data Size
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Figure 9. Training Convergence Comparison

Table 4 Computational Efficiency Comparison.

Method Training Time (hrs) | GPU Memory (GB) | Epochs | Convergence Loss
Random Initialization | 12.5 4.2 600 4.08e-2
SimCLR 28.4 14.8 600 2.11e-3
BYOL 22.1 10.5 600 1.85e-3
MAE 18.6 8.2 600 1.32e-3
ASSL (Proposed) 14.2 6.8 600 6.42e-4
Training Time GPU Memory 100 Final Convergence Loss
28.4n " Initisfization  Random Initialization
i 14905 s simcLR A08e2 W SimCLR
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25 — Y m— MAE
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Figure 10 Graphical Represent of Computational Efficiency Comparison.

15 Discussion

The proposed ASSL framework addresses an important limitation of existing Generative Al systems: the
dependency on large-scale training data. A fixed self-supervised task may not remain equally useful
throughout training. For example, rotation prediction can provide useful structural information in the early
stage, but after the encoder learns basic spatial representations, a more challenging task may provide
greater learning value. The proposed adaptive mechanism addresses this issue by continuously evaluating

task utility.
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Similarly, curriculum learning prevents the model from being exposed to unnecessarily difficult tasks at
the beginning of training. This can improve optimization stability. Consistency regularization further
ensures that the representation does not change significantly under reasonable transformations of the
same input.

The combined mechanism therefore provides

Adaptive Task Selection + Curriculum Learning + Consistency Regularization

as an integrated learning strategy.

Conclusion

This paper proposed Adaptive Self-Supervised Learning (ASSL) as a data-efficient framework for
Generative Al in low-data regimes. The proposed framework integrates adaptive pretext-task selection,
curriculum-based difficulty scheduling, and consistency regularization to learn robust representations
from limited data. Unlike conventional self-supervised approaches that rely on fixed learning objectives,
ASSL dynamically adapts the learning task according to model uncertainty, representation quality, and
training progress. The learned representations can subsequently be transferred to VAE, GAN, or Diffusion-
based generative architectures.

The proposed framework provides a systematic approach for reducing the dependency of Generative Al on
large datasets while improving representation robustness and generalization. Experimental validation
across multiple data scales, baseline methods, and ablation configurations can establish the effectiveness
of the framework.
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