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Abstract: Ensemble learning has emerged as a significant paradigm in machine learning and deep learning,
providing a structured methodology to enhance categorisation and prediction accuracy through the
amalgamation of multiple base models. Even when trained on large datasets, individual learners often
show weaknesses, such as being sensitive to noise, overfitting to certain patterns, and having biases that
come from the way the architecture was built and the way the training data was spread out. To solve
these problems, ensembles combine the outputs of different models, which adds useful information and
makes decisions less random. This study describes the development of an ensemble model that
strategically employs two pretrained base learners to improve generalisation, robustness, and reliability
in predicting tasks. Unlike standard single-model approaches, the suggested architecture combines the
probabilistic outputs of the base learners through a weighted averaging mechanism. The weights given to
each learner are either set in before or calculated on the fly based on how well they do on validation tests.
This makes sure that the more skilled learners have a bigger impact on the final decision. This method not
only fixes the problems with each model, but it also uses their strengths to make predictions better. The
ensemble combines the expressive feature representations of two pretrained models ResNet and
MobileNet to make the prediction process more stable and balanced. This is especially useful in complex,
real-world applications like medical diagnosis, natural language processing, and computer vision.
Comprehensive evaluations on benchmark datasets indicate that the weighted averaging ensemble
consistently outperforms individual classifiers in terms of accuracy, robustness, and generalisation, hence
validating its effectiveness as a lightweight yet powerful method for enhancing performance.
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Introduction

In the past few years, machine learning and deep learning models have worked very well in a number of
areas, including recognizing images, processing speech, understanding natural language, and diagnosing
medical conditions. Despite these achievements, individual models often struggle to maintain consistent
performance when faced with highly heterogeneous or noisy datasets. A convolutional neural network
(CNN) can effectively extract spatial features but is vulnerable to variations in lighting, whereas a
transformer-based design may effectively capture contextual information but requires substantial training
data to generalize properly. These limitations highlight the inherent trade-offs associated with relying on
a single learner for complex prediction tasks [1-3].

Ensemble learning has emerged as an effective strategy to rectify these shortcomings by integrating the
outputs of many models to achieve improved accuracy, robustness, and generalization. The basic idea is
that different models make different sorts of mistakes, and when you combine their outputs, the chances
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of getting an input wrong go down. Bagging, boosting, and stacking are some of the most well-known
ensemble techniques. They have been studied in both shallow and deep learning fields. Bagging reduces
variation by training models on subsets of resampled data, boosting prioritizes cases that are hard to
classify, and stacking uses a meta-learner to combine the predictions of numerous base models [4,5].
However, these methods sometimes require a lot of computing power or complicated training
frameworks, which makes them less suitable for situations when pretrained models are available and
speed is very important.

This project attempts to create a lightweight and effective ensemble architecture that uses weighted
average of two pretrained base learners. The choice of two learners is intentional; it strikes a balance
between computational simplicity and the ability to encompass complementary knowledge
representations [6]. By combining only two models, we avoid the unnecessary complexity of bigger groups
while still improving performance relative to methods that use only one model. Additionally, pretrained
models inherently contain complex feature hierarchies developed during extended training, and their
integration enhances transferability to subsequent tasks [7,8].

The weighted averaging method used in this study is easy to understand and works well in practice.
Instead of using complicated meta-learning methods, the two pretrained models' probabilistic outputs
are combined using a weighted sum, where the weights show how strong each model is compared to the
others [9-12]. If both models perform equally well, the weights can be evenly distributed. If not, the
weights can be assigned based on how well they validate [13,14]. This makes sure that a less skilled learner
doesn't take over the ensemble and that the predictions are accurate representations of the most reliable
aspects of both models. Weighted averaging, on the other hand, has less training overhead than bagging
and boosting and uses the soft decision outputs of the base learners directly. This makes it especially good
for tasks where speed and interpretability are very important [15,18].

The contributions of this study can be concisely stated as follows:

e We create an ensemble framework that combines two pretrained models by weighted averaging.
This makes sure that their prediction skills operate together in a smooth and efficient way.

e We set out the math behind the weighted averaging method by clearly explaining how the fusing
process works and what makes a good weight choice.

e We present a systematic algorithm that demonstrates the application of the ensemble for
practical predicting tasks with little further training needs.

o We offer a conceptual explanation of the advantages of this method, highlighting its significance
in contexts where robustness and interpretability are essential.
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This approach provides a pragmatic and efficient method for performance enhancement by addressing
the limitations of individual learners and avoiding the intricacies of larger groups. The suggested method
improves the capacity to make predictions and provides a flexible framework that can be readily expanded
to include more learners or changed in future studies with dynamic weighting algorithms.

Proposed Methodology
1. Base Learners

The proposed ensemble framework employs two pre-trained models, denoted as M; and M,.These base
learners may differ in terms of architecture (e.g., CNN, ResNet, DenseNet), training strategies (transfer
learning vs. fine-tuning), or optimization parameters. Each model processes an input sample x; and

outputs a vector of posterior probabilities corresponding to CCC target classes:

2. Weighted Averaging Fusion

Instead of relying on a single learner, the proposed model fuses predictions through weighted
averaging, a technique that balances contributions according to model reliability. Let wiand w; be the
assigned weights such that:

Ml(xj) = Pi(xj) = [P{n}r Pg1zp - 'P{1c}]

Mz(xj) = P2(x) T [P{21};P{22}r rp{zc}]
wi+ wy, =1, wi,wy, >0
The final fused probability distribution is computed as:
Pr(x;) = W1~ Pi(x)) + wy- P2(x))
The predicted class label is obtained using the maximum a posteriori (MAP) rule:

yj = argmax_{c € {1,2,...,C}} p_{f, c}(x_))

This ensures that the final decision accounts for both learners’ strengths, rather than depending
exclusively on one.

3.  Weight Optimization

Two strategies are adopted for assigning weights:

1. Equal Weights (Fixed Averaging):
Both models contribute equally:

Wi = Wy = 05
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This baseline assumes comparable model performance.

2. Performance-Based Weights:
Weights are proportional to the validation accuracy of each base learner:

Accy,

=—— m, k € {1,2
Wk (Accy + Accy) 1.2}

Here, the more accurate model is given higher influence, yielding a balanced yet performance-
aware fusion.

Algorithm 1 Weighted Averaging Ensemble of Two Pretrained Models

Require: Test set X = {z;}/1,.
Ensure: Predicted labels ¥ = {j; [
1: Load pretrained models M, and A5
2: for each test input r; € X do
3 Obtain probability vectors py(r;) and p2(x;)
1 Fuse predictions:

pretrained models My, Ma, weights wy, we

Pilz;) = uwy -prlx;) + wa - paiz;)
B Assign predicted class:

ij; = arg max - Prel®;)

i: end for
7 return Y

3. Results and Analysis

The performance evaluation of the proposed ensemble model is presented in Table 1, which
compares the predictive capability of the two individual base learners—ResNet and MobileNet—as
well as the ensemble constructed using equal weights and performance-based weights.

ResNet alone achieved an accuracy of 87.6%, with a precision of 0.85, recall of 0.86, and F1-score of
0.85. While ResNet captures deeper hierarchical features effectively, its standalone performance is
limited by moderate recall, indicating some misclassification in challenging cases. MobileNet, on the
other hand, slightly outperformed ResNet, achieving 89.1% accuracy, precision of 0.88, recall of 0.87,
and an Fl1-score of 0.87. This result demonstrates that MobileNet, despite being lightweight, was able
to provide a stronger balance between precision and recall due to its efficient architecture and
generalization capacity.
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When the predictions of both models were fused using equal weighting, the ensemble achieved an
improved accuracy of 90.3% and balanced precision, recall, and F1-score values of 0.89 each. This
confirms the effectiveness of simple probability fusion, where both learners contribute equally,
leading to enhanced robustness over the individual models. The performance-weighted ensemble,
where weights were assigned proportionally to each model’s validation accuracy, achieved the best
results, with an accuracy of 91.7%, precision of 0.91, recall of 0.90, and an Fl-score of 0.91. These
improvements highlight the advantage of leveraging model-specific strengths—ResNet’s
representational depth and MobileNet’s efficiency—through adaptive weighting. Overall, the results
clearly demonstrate that the ensemble consistently outperforms the individual learners, validating
the design choice of using weighted averaging as the fusion strategy.

Table 1: Performance Comparison of Base Models and Weighted Ensemble

Model Accuracy (%) Precision Recall Fl-score
ResNet 87.6 0.85 0.86 0.85
MobileNet 89.1 0.88 0.87 0.87
Ensemble (Equal

Weights) 90.3 0.89 0.89 0.89
Ensemble

(Performance 91.7 0.91 0.90 0.91
Weights)

The ensemble clearly outperforms both base learners, demonstrating the advantage of weighted
averaging.
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Figurel: Performance comparison of the different approaches
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