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Ensemble learning has been a cornerstone of machine learning, providing
improved predictive performance and robustness by combining multiple
models. However, in the era of deep learning, the landscape of ensemble
techniques has rapidly evolved, influenced by advances in neural
architectures, training models, and practical application requirements. This
review provides a state-of-the-art survey of ensemble deep learning
approaches, focusing on recent developments of ensemble methods. We
introduce a classification of ensemble strategies based on model diversity,
fusion mechanisms, and task alignment, and highlight emerging techniques
such as attention-based ensemble fusion, neural architecture search-based
ensembles, and large ensembles of language or vision models. The review
also examines theoretical foundations, practical tradeoffs, and domain-
specific adaptations in some fields. Compiling state-of-the-art benchmarks,
we evaluate ensemble performance in terms of accuracy, efficiency,
robustness, and interpretability. We also identify key challenges such as
scalability, overfitting, and deployment limitations and present open
research directions, including ensemble learning for continuous learning,
federated learning, and learning from scratch. By connecting key insights
with current trends, this review aims to guide researchers and practitioners
in designing and implementing ensemble deep learning systems to address
the next generation of Al challenges.

@@@ This is an open-access article under the CC BY-SA license.
BY SA

1. Introduction

Machine learning is a field of artificial intelligence (Al) that encompasses many traditional
approaches, enabling systems to learn and enhance the performance of various tasks without being
explicitly programmed [1][2]. Deep learning, a part of machine learning, focuses on training neural
networks using large datasets to accomplish various tasks [3]. It has transformed the artificial
intelligence landscape by enabling breakthroughs in diverse fields, including computer vision, natural
language processing, speech recognition, and scientific discovery. Despite the impressive capabilities
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of deep neural networks, individual models often suffer from limitations such as overfitting, sensitivity
to initialization, poor robustness to irrelevant inputs, and suboptimal generalization to unseen data
[4], which are evaluated on the basis of various factors like performance and scalability [5].

Traditional learning methods always rely on baseline models or learners to handle small-scale tasks.
Ensemble learning is one of the most widely used approaches across different domains and it
outperforms the traditional machine learning methods [5][6].

Ensemble deep learning methods emerged when ensemble neural networks were combined, and
they have been shown to reduce generalization errors [7][8]. Ensemble learning can be defined as a
technique Which combines multiple base models to create one more powerful and robust model
[51[71[9][10]. This combination of learners achieved superior results and success in various applications
in terms of better generalization of intelligent learning system [5][9][11]. Mixing predictions from many
models to enhance predictive performance is also another definition for ensemble learning [12]. In
ensemble learning, using a variety of base models can reduce the risk of overfitting [5][13][14] due to
the diverse perspectives each model provides [15], leading to more generalized predictions. There are
several ensemble methods that differ in how the underlying models are trained and combined. The
most commonly used ensemble methods include averaging, bagging, random forests, stacking, and
boosting [5][16][17][18]. Each of these techniques has its own strengths and weaknesses, depending
on the specific problem and characteristics of the data [19][20].

Accordingly, ensemble methods have traditionally been associated with classical machine learning
algorithms [21], such as decision trees or support vector machines, and have gained renewed
importance in the era of deep learning [5]. Contemporary ensemble strategies have evolved beyond
simple clustering or boosting [22][23][24]. Modern approaches include a combination of diverse neural
architectures, integration through attention mechanisms or gating modules [25][26][27], automated
model selection using neural architecture search (NAS) [28][29], and the ensemble of large-scale
models such as transformers [30] and diffusion models [31]. These developments have led to
significant gains in accuracy, calibration, and robustness, particularly in high-stakes domains such as
medical diagnosis [32], autonomous systems [33], and language understanding [34].

Despite the growing interest, existing surveys and reviews on ensemble deep learning suffer from
several limitations. Many are outdated and focus on primarily methods [5][9][10][13][19], neglecting
recent advances such as induction-based clustering for large language models (LLMs) [35], self-
assembly techniques, and federated ensemble frameworks [36][37]. Other studies provide overly
general overviews and lack a systematic classification or detailed assessment of trade-offs, scalability,
and application-specific limitations. Furthermore, few reviews have systematically analyzed ensemble
methods in the context of emerging trends such as continuous learning [38], resource-constrained
scenarios [39][40], and ethical considerations such as fairness and interpretability.

This review addresses these gaps by providing a comprehensive and up-to-date study of ensemble
deep learning methods, focusing on the recent trends and developments. Our main contributions are:

e A new taxonomy of ensemble deep learning methods, organized by model diversity, fusion
strategy, and task alignment, offering a fresh perspective beyond traditional classifications.

o A detailed analysis of recent developments, including attention-based ensembles, ensemble
techniques for large language and vision models, NAS-driven ensembles, and domain-specific
adaptations.

e An in-depth evaluation of ensembles performance across dimensions such as predictive
accuracy, robustness, interpretability, and computational efficiency.

e Specific case studies and application insights from emerging fields, including low-resource
natural language processing tasks, medical diagnostics, and real-time systems.

e |dentifying challenges and future directions, including the need for scalable clustering
techniques, integration with self-supervised learning, and the design of ethical and
explainable clustering systems.

Through this review, we aim to provide researchers and practitioners with the theoretical
foundations, practical considerations, and strategic insights needed to leverage deep learning
clustering in current and future Al systems.
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2. Taxonomy of Ensemble Deep Learning

Designing ensemble deep learning models involves critical decisions about how to select, train, and
integrate models [13]. While traditional ensemble deep learning methods such as clustering, boosting,
and stacking provide fundamental strategies [5], they are often insufficient to describe the diversity and
complexity of modern deep learning systems. In this section, we propose a new taxonomy that
categorizes ensemble deep learning methods according to four orthogonal dimensions:

1. Model Diversity

2. Task Alignment

3. Fusion Stage

4. Ensemble Strategy

This taxonomy not only highlights structural differences but also provides insight into when and why
different group configurations may be effective.

2.1. Based on Model Diversity

Model diversity is essential for the success of ensemble learning [5]{41][42]. In deep learning,
diversity can be introduced through different architectures, training models, hyperparameters, or
subsets of data [43][44]. In this matter the types are presented as follows:

2.1.1. Homogeneous Ensembles:

Homogeneous ensembles consist of models with identical structures, typically trained using
different initializations, random seeds, or data partitions [45][46]. A common example is training
multiple ResNet-50 models [47][48][49]on re-run subsets of the same dataset. These ensembles are
relatively easy to implement and are effective at reducing variance [50], leading to more stable
predictions. However, their drawback is that they may not provide enough diversity [51] to significantly
improve generalization, especially when the models converge to similar representations or errors.

2.1.2. Heterogeneous Ensembles:

Heterogeneous ensembles incorporate a variety of model architectures, such as convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and transformers [13][52]. This structural
diversity enables the ensemble to capture different feature representations and learning biases [53],
often leading to improved performance [54] and robustness across all tasks. However, the problem is
the increased complexity of model integration [55], calibration, and tuning, as different architectures
may produce features at different scales or formats.

2.1.3. Data-Induced Diversity:

Ensembles can also achieve diversity through variations in the input data [5][56][57]. This can be
achieved by training models on different perspectives, increments, or subsets of the data. A common
example is self-ensemble training techniques [58], where models are exposed to strong and weak
increments of the same input during training or inference. This type of diversity enhances
generalization, particularly in domains with limited labeled data. However, its effectiveness may be
limited if the data is inherently homogeneous or lacks meaningful variation [59].

2.1.4. Task-Induced Diversity:

Task-induced ensembles involve training models on different but related tasks such as hate speech
detection, sentiment analysis, and fake news detection and then combining their outputs to achieve a
common prediction goal [60]. These ensembles are particularly useful in multi-task learning scenarios,
where auxiliary tasks help the model learn richer and more abstract representations. While this
approach may lead to improved generalization across domains [61], it poses additional challenges in
balancing the objectives of multiple tasks and ensuring that the auxiliary tasks contribute positively to
the main goal [62].

Moreover, Figure.1 provides a visual diagram showing model diversity branching into architecture,
data, task, and training variance.
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Figure. 1 Ensembles Based on Model Diversity

2.2. Based on Task Alignment

Deep ensemble methods can be optimized differently depending on the nature of the task [63].
The complexity of clustering increases with the difficulty and scope of the task.

For classification tasks, ensemble adaptation often involves techniques such as majority voting,
flexible voting, or probabilistic averaging [5][64]. These methods combine the predictions of multiple
models to make a final decision [5]. For examples, ensemble classifiers for image recognition [65][66]
and hate speech detection systems [67][68].

For regression problems, ensemble methods typically combine model outputs using arithmetic
mean or median calculations, or through weighted averaging [5][69], where some models contribute
more based on their performance. This approach is frequently used in applications such as house price
prediction [70][71] and weather forecasting [72].

Multi-task learning ensembles are designed to handle multiple related tasks simultaneously [73].
This is often achieved by sharing underlying models with task masters, allowing the ensemble to
perform joint aggregation across tasks or maintaining separate ensembles for each task. Examples
include joint modeling for fake reviews detection and helpfulness prediction [74].

For sequence-to-sequence tasks, such as neural machine translation or text summarization,
ensembles often include multiple encoders [75]. These ensembles use strategies such as majority
voting where each model generates a prediction, and the final output is chosen based on the most
common sequence or token across models [5].

In generative modeling, ensembles can be formed by sampling multiple generative models or by
averaging their latent representations [76]. This technique is particularly useful for complex generative
tasks, such as combining multiple diffusion models [77] or generative adversarial networks (GANs) [78].
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To conclude, Figure 2. present the mapping of task types and ensemble strategies.
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Figure. 2 Mapping Ensemble strategies to task types

2.3. Based on Fusion Stage

Fusion refers to the stage at which outputs of base models are combined [5][79]. This affects both
the interpretability and complexity of the ensemble system.

Early Fusion involves combining features before the model training phase [80]. This typically means
concatenating the output from different feature extractors into a single, unified representation that
the model then learns from. Early fusion is commonly used in scenarios like multi-modal classification
[81]and sensor fusion, where data from various sources needs to be integrated from the start to
improve model performance.

In contrast, Late Fusion combines outputs or decisions after individual models have completed their
inference processes [80]. Instead of merging features, late fusion aggregates predictions, often through
methods such as majority voting in ensemble classifiers. This approach allows each model to specialize
independently before their outputs are combined to make a final decision [82].

Hybrid Fusion represents a combination of early and late fusion techniques [83]. In this approach,
both features and model outputs contribute to the final decision, leveraging the strengths of both
strategies. Hybrid fusion is particularly effective in complex systems like those combining natural
language processing with computer vision or in task-aware ensemble, where different fusion stages
provide complementary information.

Finally, Late fusion is most common due to simplicity and model modularity [84]. Early fusion can
lead to richer representations but require architectural alignment. Hybrid fusion enables greater
flexibility but is more resource-intensive [85]. Figure 3. Shows a flowchart of ensemble learning pipeline
with fusion strategies.
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Figure 3. An example of ensemble learning pipeline with fusion strategies.

2.4. Based on Ensemble Strategy

How models are combined statistically, deterministically, or adaptively has a significant impact on
ensemble behavior. We categorize the most prominent strategies as follows:

Voting (hard/soft) is a simple ensemble strategy, where predictions are combined either by
majority vote (hard voting) or by the average of the class probabilities (soft voting) [5][86][87]. This
method is easy to implement and often effective, especially when the reliability of individual models is
close to the set. However, it assumes that all models are equally reliable, which may not always be
true.

Averaging involves calculating the arithmetic mean or weighted average of the regression outputs
or likelihood scores from multiple models [88][89]. This approach helps reduce variability in predictions
and can improve overall stability. On the other hand, averaging can be sensitive to outliers [90][91],
which can disproportionately affect the combined output.

Stacking refers to training a metamodel that learns how to optimally combine the outputs of the
underlying models [19]. This method is characterized by learning an optimal ensemble strategy tailored
to the specific data and task, often leading to improved performance [5]. However, stacking requires
fine-tuning of the metamodel and can be more complex to implement.

Gating strategies use a learned function to dynamically assign weights to different models based
on the input context [92][93]. This context-sensitive ensemble allows the ensemble to adaptively
emphasize the most appropriate models for a given input. The main limitation is the need to train an
additional gate network, which increases model complexity.

Attention-based ensemble methods apply attention mechanism to dynamically weight model
outputs or their internal representations [94]. Attention is widely used in LLMs, where it allows the
ensemble to recognize the varying importance of different components. While these methods are
powerful, they come at a high computational cost due to their complexity [95].

Finally, neural architecture search methods automate the process of selecting and combining
ensemble components [96]. This automation provides scalability and simplifies model selection
without manual intervention. However, NAS requires significant computational resources [97] making
it less feasible in resource-constrained environments.

2.5. Multi-dimensional Perspective
Most modern ensemble systems combine multiple aspects of the above classification. For example:
e A heterogeneous, multi-task ensemble, using late fusion with an attention-based strategy,
may outperform single-task homogeneous ensemble on complex tasks [98].
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e A homogeneous NAS-based ensemble, using smooth voting, may offer the best balance
between performance and deploy ability in low-latency environments.
To guide researchers in selecting an appropriate configuration, we recommend evaluating task
complexity, resource constraints, and the need for interpretability, in line with the proposed
classification.

3. Theoretical Foundations

Ensemble methods are fundamentally motivated by the classic bias-variance decomposition [99],
where the total prediction error of a model can be attributed to:

e  Bias: the error due to erroneous or overly simplistic assumptions in the model [100][101].
e Variance: the error due to sensitivity to fluctuations in the training set [101].
e Irreducible error: noise inherent in the data [102].

In traditional machine learning, ensembles reduce variance by averaging predictions across diverse
models [5]. This principle extends to deep learning: while deep neural networks are typically low-bias,
high-variance models due to their overparameterization [103], ensembles can reduce variance without
significantly increasing bias [104]. For instance, training multiple deep models with different
initializations, data partitions, or architectures allows averaging their predictions to stabilize outputs,
improving robustness and predictive accuracy.

From a theoretical standpoint, ensemble methods often improve generalization of the model’s
performance on unseen data by aggregating the hypotheses of multiple learners [105][106].
Generalization bounds for ensemble learning show that combining diverse hypotheses can reduce
Rademacher complexity and tighten PAC (Probably Approximately Correct) bounds, especially when
individual models are weakly correlated.

In deep learning, however, the theoretical landscape is more complex. Due to high-capacity models
and non-convex optimization, classical generalization bounds often fail to tightly characterize
performance [107]. Nonetheless, ensembles benefit from error decorrelation: if base models make
uncorrelated errors, their aggregated prediction is more likely to correct them [108]. This is particularly
effective when model diversity is induced through different architectures, data subsets, or training
hyperparameters.

Ensembles tend to work especially well with deep learning for several reasons:

e Deep networks are highly sensitive to initialization and training noise ensembles naturally
stabilize this [109].

e Diversity among deep models is easier to induce such as through dropout, data augmentation,
or batch stochasticity [13].

e Deep ensembles provide better calibration, producing probabilistic outputs that reflect true
confidence levels [110][111].

However, ensembles also pose challenges in deep learning [6]:

e  Computational cost: training and storing multiple deep networks is resource-intensive.

e Diminishing returns: if models are too similar such as trained with same seeds and data,
ensembles offer little gain.

e Deployment complexity: ensembles can be harder to optimize, compress, or deploy at scale
compared to a single model.

In summary, ensemble learning enhances generalization and uncertainty modeling in deep neural
networks by reducing variance and stabilizing predictions.

4. State-of-the-Art Techniques

Recent years have seen a surge in ensemble learning innovations, particularly within deep
architectures like transformers, diffusion models, and AutoML pipelines. These ensemble methods go
beyond traditional averaging or voting by leveraging advanced mechanisms such as attention-based
fusion, neural gating, and adaptive weighting, all while addressing scalability, uncertainty, and

deployment constraints in modern Al systems [6].

4.1. Ensemble of Transformers:
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Transformers have become the backbone of state-of-the-art models in NLP, vision, and multi-modal
learning [112]. Researchers now explore layer-wise, checkpoint ensembles, and parameter sharing
across transformers to reduce memory [113] while retaining diversity. We introduce this through some
domains as follows:

e In NLP, models such as BERT, mT5, and GPT-based ensembles have been used in sentiment
analysis, hate speech detection [68], and zero-shot learning. For example, ensemble
approaches combining multilingual transformers such as Twitter-roberta-base + Bertweet-
base + GPT-3 have shown gains in cross-lingual tasks [114].

e Invision, ViT (Vision Transformer) ensembles improve robustness in image classification [115],
while SAM (Segment Anything Model) ensembles help improve spatial coherence in
segmentation tasks [116].

e Attention-based ensemble is gaining traction, where attention weights are used to selectively
integrate representations from different transformer heads or entire models, improving
interpretability and dynamic adaptation to inputs [25].

4.2. Ensemble Diffusion Models:
Diffusion models, which have risen to prominence for generative tasks (e.g., image synthesis, text-
to-image, audio generation), are also being ensembled to enhance sample quality and diversity [77].
e Recent work shows that ensembling diffusion trajectories, averaging noise schedules, or
sampling from multiple learned priors can reduce artifacts and mode collapse [117].
e Ensembles of text-to-image diffusion models, such as eDiff-l, has been applied for multi-
prompt conditioning, improving alignment with user intents [118].

4.3. AutoML and NAS-Driven Ensembles:
The integration of AutoML and NAS with ensemble learning has automated the discovery of optimal
ensemble configurations [119].

e From instance, systems like AutoGluon, Google’s AutoEnsemble, and NASBench-Ensemble
optimize not just base model architecture but also the ensemble topology (e.g., parallel vs.
cascaded).

e Techniques such as evolutionary ensembling or multi-objective NAS [120] (balancing accuracy,
latency, and diversity) are increasingly used in production pipelines, especially for edge
deployment.

4.4. Federated Ensemble Learning:
With the rise of federated learning, ensemble learning has found new relevance in distributed,
privacy-preserving settings [121].
e Each local client trains a distinct model, and a central aggregator forms an ensemble instead
of averaging parameters[122] (as in FedAvg).
e Federated ensembles preserve heterogeneous model behavior [123], useful for non-I1ID data
distributions common in medical imaging[124].
e One of the recent trends and techniques FedStack [125] (which trains a global meta-model on
model outputs across clients).

4.5. Fusion Mechanisms: Attention, Gating, and Learned Weights:
Modern ensembles increasingly rely on learnable fusion layers to combine base model outputs
more effectively than static strategies [126].
e Gating modules use an auxiliary neural network to weight base model contributions
dynamically based on the input.
e Attention mechanisms allow the model to learn which ensemble members to trust for
different parts of the input (e.g., spatial regions in images or tokens in text).
e In multi-modal ensembles (e.g., CLIP, LLaVA, Flamingo), fusion layers align vision and language
representations, with adaptive weights depending on task context or modality relevance
[127].
In summary, the recent landscape of ensemble learning reflects a significant shift toward task-
specific, adaptive, and learned ensemble structures. Whether through federated systems, AutoML
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pipelines, or multi-modal architectures, ensembles are evolving from simple aggregators to intelligent
integrators making them central to the next generation of robust, generalizable Al systems.

5. Applications Across Domains

Ensemble learning continues to make a substantial impact across a wide range of real-world
domains. Its ability to combine multiple models to improve robustness, generalization, and uncertainty
estimation has proven especially valuable in safety-critical, data-scarce, and high-variability
environments. Below, we explore ensemble use cases across several domains, highlighting recent
innovations and comparative insights.

5.1. Medical Imaging
In medical imaging, ensemble learning has become a de facto standard for improving diagnostic
performance [128]. Tasks such as tumor segmentation, disease classification (e.g., diabetic
retinopathy, COVID-19 detection), and organ localization benefit from ensemble models, which
mitigate the risk of false negatives in critical scenarios [129].
e  (Case Study: In brain tumor segmentation (e.g., BraTS dataset), ensembles of 3D U-Net and
Transformer-based models consistently outperform single models by improving dice scores
and reducing prediction variance across patient populations [130][131].
e Recent Innovations: Attention-guided fusion in ensemble layers has improved lesion
detection under ambiguous conditions [132]. Techniques such as Test-Time Ensembling
(TTA) and Bayesian Deep Ensembles have also been used for uncertainty-aware diagnoses
[133][134].

5.2. Hate Speech and Toxic Language Detection (Arabic and Low-Resource Languages)

Hate speech detection, especially in Arabic dialects and low-resource languages, poses unique
challenges due to data scarcity, dialectal variation, and semantic ambiguity [135]. Ensemble learning
offers a robust solution by combining different language models, dialect embeddings, and tokenization
strategies [68].

e (Case Study: For Arabic hate speech, ensembles of AraBERT and CAMeLBERT have shown
significant improvements in F1 scores compared to individual models [136].

e Underexplored Potential: In dialect-rich regions like North Africa or the Levant, bootstrapped
and cross-dialectal ensembles can leverage labeled data from one dialect to enhance
detection in another.

e Low-Resource Extension: Ensemble strategies could be competitive in improving the accuracy
of few-shot relation extraction and mitigating high variance risks [137].

5.3. Finance and Fraud Detection
The finance sector has adopted ensemble learning extensively for fraud detection, credit scoring,
and stock price forecasting [138][139]. These applications benefit from ensembles' ability to capture
rare and adversarial patterns that single models may overlook.
e Case Study: In credit card fraud detection, ensembles of gradient-boosted trees, deep
autoencoders, and recurrent neural networks outperform any individual technique, especially
when trained on highly imbalanced datasets [140].
e Emerging Trends: Federated ensembles are being adopted to preserve data privacy while
combining fraud detection models trained across banks [141].

5.4. Climate and Remote Sensing

Ensemble models are useful for any future development of climate reanalysis, land surface models,
and remote sensing retrievals [142]. These models process satellite data, temperature records, and
emissions predictions such as [143][144][145].

5.5. Autonomous Systems
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Autonomous vehicles, drones, and robotics rely heavily on real-time perception and decision-
making [146]. Ensemble learning enhances safety by increasing robustness to edge cases and unseen
environments [147].

Case Study: In autonomous driving, ensembles of object detectors (YOLO, Faster R-CNN) and
semantic segmentation models (e.g., DeeplLab + SegFormer) improve situational awareness
under adverse conditions [148][149] (e.g., night, fog, or urban clutter).

Innovation: Attention-based ensemble fusion modules are being tested to dynamically weigh
sensors (e.g., camera, LiDAR) based on environmental noise or occlusion. Multi-agent
ensembles, where each agent contributes a policy component, are also being explored in
drone swarms.

5.6. Cross-Domain Observations

Uncertainty Matters: Domains like medicine, finance, and autonomy benefit most when
ensembles are used not just for accuracy, but for uncertainty estimation and calibrated
decision-making [150].

Low-Resource Potential: Hate speech and remote sensing are examples of domains where
data scarcity or noise make ensembles particularly advantageous.

Compute vs. Performance Trade-off: While ensembles are compute-intensive [151], recent
methods (e.g., knowledge distillation, snapshot ensembles) are bridging this gap, making
ensembles more viable for real-time or edge applications.

6. Performance Analysis & Benchmarking

Ensemble learning, while widely appreciated for boosting predictive performance, must also be
scrutinized through the lens of empirical benchmarking and practical trade-offs. This section presents
a meta-analysis of ensemble versus non-ensemble approaches across benchmark datasets, discusses
key trade-offs (e.g., accuracy vs. complexity), and evaluates ensemble models in terms of robustness,
fairness, interpretability, and computational efficiency.

6.1. Accuracy vs. Complexity Trade-offs
While ensemble methods typically enhance accuracy, they introduce significant computational and
deployment complexity. Table 1 provides a comparison between single and ensemble models.

Table 1. A comparison between single and ensemble models

ingl
Factor i;lr:)gdzl Ensemble Models
. Slower (due to

Training .
. Faster multiple models or
Time .

training phases)
Inference Low Higher (especially for
Latency soft voting, stacking)
Model Size Compact Larger. memory

footprint

Requires versioning &

Maintenance Simple .
orchestration

To mitigate these drawbacks, techniques like snapshot ensembling, knowledge distillation, or NAS-

guided ensemble compression are increasingly adopted.

6.2. Robustness, Fairness, and Interpretability

6.2.1. Robustness:

Ensemble models, especially those involving diverse architectures or input perturbations, are more
resilient to adversarial inputs and noisy data [152].

For example, in Arabic hate speech detection, ensembling models trained on different dialects
improved classification under code-switching and sarcasm.
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6.2.2. Fairness:

When the underlying models carry different biases, groups can mitigate the effects of individual
bias [153]. However, if all base models are biased in the same way (e.g., trained on unbalanced

datasets), ensembles may still propagate unfairness. Recent work focuses on bias-aware ensembling,

using fairness constraints in meta-learners or attention fusion weights.
6.2.3. Interpretability:

Interpretability often decreases with ensemble complexity [154]. While individual models may be
explainable, an ensemble of deep models becomes opaque. Mitigations include:
e  Using SHAP or LIME on ensemble outputs.

e Visualizing attention fusion weights in Transformer ensembles.

e Applying feature importance aggregation across members.

6.3. Efficiency Optimizations

To address ensemble inefficiency, the following strategies are gaining traction:
[ ]

Snapshot Ensembles: Saving multiple checkpoints from a single training run with cyclic
learning rates.

Knowledge Distillation: Compressing the ensemble into a single “student” model without
sacrificing performance.

Federated Ensembles: Combining model outputs from distributed nodes without centralizing
data.

To conclude, ensemble learning remains a powerful paradigm for improving performance across a
wide array of tasks and datasets. However, the trade-offs in complexity, resource demand, and
interpretability must be carefully balanced, especially in low-resource and real-time scenarios. As the
field moves forward, future work must strive to make ensembles leaner, fairer, and more interpretable

without compromising on the robustness that makes them valuable in the first place. Figure 4 shows
robustness, fairness and accuracy,...etc.

Comparative Radar Chart: Single vs. Ensemble Mode “r e Model
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Figure 4. Capabilities of ensemble models vs single models.
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7. Challenges and Limitations

Despite the widespread success of ensemble learning across domains, it faces several critical
challenges that hinder its broader deployment especially in real-time, resource-constrained, or
regulated environments. This section outlines the key limitations that need to be addressed to make
ensemble methods more practical and accessible.

7.1. Computational Cost and Latency

One of the most significant drawbacks of ensemble models is their increased computational
demand. Training multiple base learners (especially large deep neural networks) requires substantial
resources in terms of GPU memory, compute time, and storage. This challenge is amplified during
inference, where the ensemble must aggregate outputs from several models leading to higher latency,
which is unsuitable for time-sensitive applications like autonomous driving or fraud detection.

7.2. Interpretability and Explainability

As ensemble architectures grow more complex especially those combining heterogeneous models
they become increasingly opaque to users and auditors. While individual models may be interpretable,
the composite behavior of the ensemble often defies straightforward analysis.

This is a pressing issue in regulated sectors like healthcare and finance, where explainability is
essential for decision accountability. Traditional tools like SHAP or LIME must be adapted to aggregate
or average explanations across ensemble members, but this may still obscure the individual decision
pathways.

7.3. Data and Model Diversity Requirements
The success of ensemble learning heavily depends on diversity among base models, both in
architecture and in the data they are trained on. However:
e Access to diverse labeled datasets is limited in many domains (e.g., Arabic dialect NLP, rare
diseases).
e Training models with different hyperparameters or architectures significantly increases
resource demands.
e Techniques like data augmentation and bootstrapping introduce artificial diversity, which may
not always reflect real-world variability.
Insufficient diversity can cause the ensemble to behave like a redundant average, reducing its
potential performance gain.

7.4. Overfitting in Ensemble Learners
Although ensembles generally reduce variance, they are notimmune to overfitting especially when:
e The base learners are all high-capacity models (e.g., deep CNNs or Transformers).
e The ensemble over-learns patterns specific to the training data (e.g., stacked ensembles with
powerful meta-learners).
e There is data leakage during cross-validation used for meta-model training.
Careful cross-validation, early stopping, and regularization are necessary to mitigate this risk.

7.5. Real-Time Deployment Issues
Deploying ensemble models in real-time applications poses several engineering and logistical
challenges:
e Synchronizing predictions across distributed systems or devices.
e Efficiently loading and maintaining multiple large models in memory.
e Performing ensemble-level decision fusion without compromising response time.
These issues are particularly acute in edge computing, mobile apps, and loT systems, where
computational budgets are tight.

7.6. Model Compression for Ensembles
To bridge the gap between performance and deployability, researchers are increasingly exploring:
e Knowledge distillation: Compressing the ensemble’s collective knowledge into a single
“student” model.
e Snapshot ensembling: Using checkpoints from a single training run to simulate an ensemble.
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e Weight sharing and pruning: Reducing parameter duplication across ensemble members.
e Transformer-based routing/gating: Activating only relevant ensemble paths during inference.
While promising, these techniques often involve complex training procedures and may still trade
off some robustness or diversity. To summarize, we provide table 2 to summarize the above challenges.

Table 2. Ensemble models challenges and mitigation strategies.

Challenge Impact Mitigation Strategies

Computational Slower inference, resource

Model distillation, pruning, quantization
Cost bottlenecks P &4

Opaque decisions, poor SHAP/LIME  aggregation, attention

Interpretabilit - . -
P ¥ explainability visualization

Data/Model L Bootstrapping, cross-domain training,
/ Reduced generalization PPINg &

Diversity hybrid architectures

Overfitting Poor generalization Regularization, bagging, early stopping
Real-Time Latency, synchronization Lightweight ensembling, snapshot
Deployment issues ensembles

Model Loss of performance or NAS, knowledge distillation, routing
Compression robustness modules

8. Future Research Directions

As the field of deep learning continues to evolve, ensemble methods must also adapt to meet new
challenges and opportunities. In this section, we outline several promising directions for future
research in ensemble deep learning, particularly emphasizing underexplored paradigms that intersect
with recent advances in large models, low-resource learning, and generalization across tasks and
domains.

8.1. Prompt Ensembling in Large Language Models (LLMs)

With the rise of prompt-based learning in large language models such as GPT, LLaMA, and T5, a
novel paradigm emerges prompt ensembling. Instead of ensembling models, this approach ensembles
multiple prompt formulations to reduce variance in outputs, improve robustness, and boost
generalization across tasks. Future research can explore optimal strategies for selecting and weighting
prompts and combining them dynamically based on input characteristics or confidence metrics.

8.2. Self-Ensembling and Test-Time Augmentation

Self-ensembling leverages the predictions of a model across multiple augmented versions of an
input at test time, treating them as pseudo-ensemble members. Though already popular in semi-
supervised learning, this technique remains underutilized in broader ensemble contexts. Research
could investigate more sophisticated augmentation pipelines, dynamic weighting mechanisms, and
applications in noisy or domain-shifted data settings. Combining self-ensembling with transformer-
based architectures or diffusion models is another promising avenue.

8.3. Cross-Lingual and Cross-Domain Ensembling

The application of ensemble learning to cross-lingual or cross-domain problems is still in its infancy.
For example, combining models trained on different languages or domains can mitigate the scarcity of
labeled data and improve robustness to domain shifts. In NLP, ensembles of multilingual models like
mBERT, XLM-R, or mT5 can enhance performance on low-resource or zero-shot tasks. For computer
vision, domain-specific ViTs or diffusion models can be ensembled to tackle variation across datasets
(e.g., satellite vs. aerial imagery). Key research questions include how to align representations across
models and how to ensure fair and balanced outputs across diverse inputs.

8.4. Semi-Supervised and Self-Supervised Ensemble Frameworks
There is growing interest in applying ensemble methods to semi-supervised and self-supervised
learning paradigms. Ensembles can benefit from pseudo-labeling consistency, representation diversity,
and improved convergence. Future directions include:
e Ensembles of contrastive learners or masked autoencoders.
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e Bootstrapped ensembling with confidence-aware pseudo-label filtering.
e Joint optimization of representation diversity and task performance.
These approaches can particularly benefit applications in healthcare, speech recognition, and other
domains with limited labeled data.

8.5. Ensemble Learning in Continual and Online Settings
Traditional ensemble methods assume static training data, which limits their applicability in
continual and online learning settings. Emerging techniques should focus on:
e Incremental ensembling strategies that adapt as data evolves.
e Memory-efficient approaches to managing model pools in streaming environments.
e C(Catastrophic forgetting mitigation via ensemble diversity. Such methods can empower real-
time applications like adaptive recommendation systems or autonomous driving under
changing environmental conditions.

8.6. Low-Resource and Zero-Shot Ensemble Frameworks
As Al systems expand to underserved languages and domains, low-resource and zero-shot
ensemble methods gain relevance. Possible directions include:
e Leveraging pre-trained models with lightweight adapters in ensemble setups.
e Ensembling distilled models to reduce resource demands.
e Multilingual or multi-domain ensembling for zero-shot generalization.
These approaches are crucial for democratizing Al, especially in humanitarian applications such as
disaster response or multilingual content moderation.

9. Conclusion

Ensemble learning continues to play a crucial role in improving the performance and robustness of
deep learning models across various domains. This review presented a new taxonomy, theoretical
insights, recent advancements, and diverse applications, highlighting the strengths and challenges of
ensemble approaches. Key future directions include prompt ensembling in large language models,
cross-domain and cross-lingual ensembles, and semi/self-supervised ensemble frameworks.
Researchers should focus on adapting ensembles to emerging architectures and dynamic settings,
while practitioners can benefit from lightweight and domain-specific ensemble strategies. Overall,
ensemble deep learning is an essential tool for building reliable and adaptable Al systems, and ongoing
innovation will further unlock its potential in practical applications.
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