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Abstract

Deep Learning (DL) and Machine Learning (ML) techniques have achieved significant progress
in domains such as healthcare diagnostics, financial forecasting, and intelligent transport systems.
However, traditional DL models struggle to generalize across diverse environments, requiring large
labeled datasets and frequent retraining. Meta-learning offers a solution by enabling models to
rapidly adapt to new tasks with minimal data. This paper proposes a Hybrid Deep Learning—En-
abled Meta-Learning Framework (HDL-MLF) designed to enhance multi-domain prediction accu-
racy through a combination of Convolutional Neural Networks (CNNs), Transformers, and Model-
Agnostic Meta-Learning (MAML). The framework is evaluated on three benchmark datasets—
CIFAR-100, Mini-ImageNet, and UCI multivariate time-series—demonstrating improvements in
accuracy, adaptability, and convergence speed. The performance results are summarized in Tables
2—4. The study shows that HDL-MLF outperforms existing meta-learning and deep learning baselines,
making it suitable for real-world scenarios requiring fast domain adaptation.

Keywords: Deep Learning; Machine Learning; Meta-Learning; CNN; Transformer Networks;
Few-Shot Learning; MAML

1 Introduction quickly using a small number of samples, mak-

} ) ing it valuable for low-resource environments
Deep Learning (DL) architectures have demon- &

i . like medical diagnostics, fraud detection, and
strated exceptional performance in image rec-

.. . industrial anomaly prediction [5, 6]. Despite its
ognition, natural language processing, . .
) . : ) advantages, challenges remain regarding com-
cybersecurity, and time-series forecasting [1, 2].

However, most deep models require enormous putational overhead and incompatibility with

training samples and struggle when exposed to high-performing deep architectures 7, 8].

unseen environments or new classes with lim-
ited labeled data. Machine Learning (ML) tech-
niques such as Support Vector Machines
(SVMs), Random Forests (RF), and Gradient
Boosting Machines (GBMs) provide better
generalizability but lack the hierarchical feature

This paper introduces HDL-MLF, a hybrid ar-
chitecture integrating CNNs for local feature
extraction, Transformers for global dependency
modeling, and MAML for rapid task adaptation.
The architecture resolves generalization gaps
found in traditional DL models while reducing

extraction capability of deep networks

) training overhead associated with meta-learning.
[3,4].Meta-learning, often referred to as “learn- gOV W g

. ’ .. A full architecture overview is provided in Table
ing to learn,” has emerged as a promising ap- . . . .
1, while experimental comparisons appear in

proach to overcome the limitations of both DL
Tables 2—4.

and conventional ML. It allows models to adapt
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2 Literature Review

2.1 Deep Learning Developments

DL architectures such as ResNet, DenseNet, and
ViT (Vision Transformer) are widely used for
image classification and recognition [9, 10].
However, they exhibit high data dependency and
poor adaptability to new domains.

2.2 Meta-Learning Methods

MAML, ProtoNets, and Reptile enable few-shot
learning tasks, but struggle to scale with CNN—
Transformer hybrid architectures [11, 12].

2.3 Hybrid Deep Learning Approaches
Some studies combine CNNs and Transformers
to improve contextual learning, but do not in-
corporate meta-learning for fast adaptation [13,
14].

2.4 Research Gap

A unified architecture integrating deep feature
extraction, global attention modeling, and rapid
meta-learning adaptation remains largely unex-
plored in literature [15, 16].

3 Proposed Methodology

3.1 System Overview

The HDL-MLF architecture integrates three core
modules:

CNN Feature Extractor — extracts spatial repre-
sentations.

Transformer Encoder — captures long-range in-
teractions and attention patterns.
MAML-based Meta-Learner — enables fast ad-
aptation to new tasks with limited training
samples.

Components are detailed in Table 1.
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Table 1. HDL-MLF Architecture Components

Component | Description Advantage
CNN ResNet-18based | High-level feature
Backbone | convolution blocks | extraction
Transformer xtgléi}gga&tsﬁ It Captures global
Encoder feed-forward layer relationships
MAML Inner-loop .
Meta-Lear- | adaptation + léirr)r]](jint%k
ner outer-loop update g
Produces meta-

Task Improves
Encoder g%artr?rai?ls pet generalization
Decision Softmax with . .
Classifier | cross-entropy Final prediction

3.2 Mathematical Model

3.2.1 Meta-Learning Update

MAML’s objective is:

0'=6- ave“’msk,. (o)

Outer-loop optimization:

0= g_ﬂzve‘d taski (fa')

Where:

@ : Model Parameters
a, . Learning Rates
£ : Loss Per Task

Transformer computations follow the classical
attention mechanism:

T
Attention(Q, K, V') = Soft max[QK JV

3.3 Datasets Used

Three datasets are selected to evaluate

generalization:

N

1. CIFAR-100 — image classification (100
classes) [17].
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2. Mini-ImageNet — few-shot classification
benchmark [18].

3. UCI Multivariate Time-Series Dataset for
forecasting [19].

4 Experimental Setup

Experiments were executed on an NVIDIA A100

GPU with:

Batch size: 16

Meta-batch: 4 tasks

Optimizer: Adam

Learning rates:

Inner-loop: 0.001

Outer-loop: 0.0001

YV V V ¥V V V

5 Results and Discussion
5.1 Comparison of Learning Models

Table 2 compares CNN, Transformer, and Meta-

learning models.

Table 2. Performance Comparison of Baseline

Models

CIFAR-1- | Mini-lmag- | . o .
Model 00 eNet 5- es MAE

Accuracy |Shot
CNN 66.3% 52.4% 0.182
:rraHSfom 72.1%  [56.7%  |0.176
MAML 68.9% 63.2% 0.189
HDL-MLF 79.8% 71.4% 0.149
(Proposed)
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5.2 Ablation Study

To demonstrate contributions of each component,
we conducted an ablation experiment (Table 3).

Table 3. Ablation Study of HDL-MLF
Modules

Configur- | CIFAR-- | Mini-Ima- | Time-Ser- | CNN
ation 100 geNet ies only
CNN +
66.3% 52.4% 0.182 Transfor- | 74.4%
mer
Transfor-
63.1% 0.161 mer + 70.2% 65.7%
MAML
Full HDL- o N
0.165 MLE 79.8% 71.4% 0.149

5.3 Convergence Analysis

Figure-based analysis omitted here, but models
reach convergence in fewer epochs using HDL-
MLEF, indicating efficient gradient updates.

5.4 Discussion

HDL-MLF:

¢ Improves classification accuracy by 7-10%
across datasets

¢ Reduces time-series error by ~15%

¢ Enables rapid domain adaptation

6 Conclusion

A Hybrid Deep Learning—Enabled Meta-Learn-
ing Framework (HDL-MLF) is proposed to en-
hance multi-domain prediction capabilities. The
combination of CNNs, Transformers, and
MAML yields superior results across image clas-
sification and time-series datasets. The model
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demonstrates high generalizability and fast ad-
aptation, outperforming many state-of-the-art
systems. Future work includes extending HDL-
MLF to federated meta-learning and developing
lightweight resource-efficient variants for edge
deployment.
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