
Thesis: Neural Forests: A Hybrid Ensemble Learning Algorithm 
Leveraging Neural Networks for Enhanced Prediction 
I. Introduction 

The pursuit of robust and accurate machine learning algorithms remains a central 
theme in the ever-evolving field. Among the plethora of methodologies, Random 
Forests and Neural Networks have consistently demonstrated their efficacy across a 
wide range of tasks. Random Forests, an ensemble learning technique, are celebrated 
for their simplicity, interpretability, and resilience to overfitting, particularly in 
high-dimensional settings. Conversely, Neural Networks, especially deep learning 
architectures, have achieved groundbreaking success in domains such as computer 
vision and natural language processing, showcasing an unparalleled ability to learn 
intricate patterns from large datasets. 

Despite their individual strengths, both Random Forests and Neural Networks exhibit 
certain limitations. Random Forests may struggle to effectively model highly 
non-linear relationships present in the data. Neural Networks, while powerful, can be 
computationally demanding, susceptible to overfitting with limited data, and often lack 
inherent interpretability. This inherent trade-off motivates the exploration of hybrid 
approaches that aim to synergistically combine the advantages of these two 
prominent paradigms while mitigating their respective drawbacks. 

This thesis introduces the "Neural Forest," a novel hybrid ensemble learning algorithm 
designed to integrate the ensemble learning principles of Random Forests with the 
potent feature learning capabilities of Neural Networks. The core concept involves 
constructing a "forest" composed of individual "neural trees," where each tree is a 
specialized neural network tailored to perform a specific aspect of the overall learning 
task. This architecture aims to create a predictive model that is both robust and 
accurate, potentially surpassing the performance of its individual constituents in 
various scenarios. 

This comprehensive exposition will delve into the intricate details of the Neural Forest, 
encompassing its architecture, training methodology, theoretical underpinnings, 
potential applications across diverse domains, and empirical validation through 
experimental results. The primary objective of this thesis is to provide a thorough and 
detailed account of this algorithm, thereby laying a foundational groundwork for 
future research and development at the intersection of ensemble learning and neural 
network methodologies. 



II. Conceptual Framework: Weaving Trees of Neurons 

The Neural Forest fundamentally retains the ensemble structure characteristic of a 
Random Forest: a collection of independently trained decision-making units, which in 
this case are "neural trees," whose predictions are aggregated to yield a final output. 
However, the nature of these individual decision-making units undergoes a significant 
transformation, moving from traditional decision trees to specialized neural networks. 

A. The Neural Tree: A Miniature Learning Engine 

In a standard Random Forest, each tree comprises a hierarchy of nodes performing 
tests on specific features, culminating in a leaf node that provides a prediction. In 
contrast, a "neural tree" within a Neural Forest is envisioned as a shallow, specialized 
neural network. This network may consist of one or more hidden layers with a 
relatively small number of neurons. The input to each neural tree is a subset of the 
original features, mirroring the random feature selection process inherent in Random 
Forests. 

The architectural design of the neural network within each neural tree can be adapted 
based on the specific characteristics of the data and the problem domain. For tabular 
data, a simple multi-layer perceptron (MLP) with one or two hidden layers might be 
sufficient. For image data, a small convolutional neural network (CNN) could be 
employed. Similarly, for sequential data, a recurrent neural network (RNN) or a 
transformer encoder might be appropriate. 

The critical distinction from a standalone neural network lies in the focused scope and 
specific role of each neural tree within the larger ensemble. Each neural tree is 
designed to learn a potentially localized aspect of the data's underlying patterns. This 
specialization is achieved through the random sampling of data and features during 
the forest construction process, echoing the core principles of Random Forests. 

B. The Forest Assembly: An Ensemble of Specialized Learners 

Analogous to a Random Forest composed of multiple decision trees, a Neural Forest 
consists of an ensemble of these specialized neural trees. The construction of this 
forest follows a procedure similar to that of a Random Forest: 

1.​ Bootstrap Sampling: For each neural tree to be trained, a bootstrap sample (a 
random sample with replacement) is drawn from the original training data. This 
ensures that each tree is trained on a slightly different subset of the data, 
promoting diversity within the ensemble. 

2.​ Random Feature Subspace: When designing the architecture of the neural 



network within each neural tree, a random subset of the input features is 
selected. This mirrors the random subspace method used in Random Forests and 
further enhances the diversity of the individual learners. The size of this feature 
subset is a key hyperparameter of the algorithm. 

3.​ Independent Training: Each neural tree is trained independently on its 
respective bootstrap sample and using its randomly selected feature subset. The 
training process for each neural network involves standard optimization 
techniques such as gradient descent or its variants (e.g., Adam, RMSprop) using 
an appropriate loss function based on the learning task (e.g., cross-entropy for 
classification, mean squared error for regression). 

The total number of neural trees in the forest is a crucial hyperparameter that 
influences the overall performance and computational cost of the algorithm. 
Generally, a larger number of trees tends to improve performance but also increases 
the computational resources required for training and prediction. 

C. Prediction Aggregation: The Wisdom of the Crowd 

Once the Neural Forest is trained, making a prediction for a new data point involves 
passing it through each of the individual neural trees. Each neural tree will generate its 
own prediction based on the subset of features it was trained on. The final prediction 
of the Neural Forest is then obtained by aggregating the predictions of all the neural 
trees. 

The specific aggregation mechanism depends on the nature of the learning task: 

1.​ Classification: For classification tasks, the predictions of the individual neural 
trees (which could be class probabilities or direct class labels) are typically 
aggregated using majority voting. The class that receives the most votes across 
all the trees is the final predicted class. Alternatively, the probabilities predicted 
by each tree for each class can be averaged, and the class with the highest 
average probability is selected. 

2.​ Regression: For regression tasks, the predictions of the individual neural trees 
(which are continuous numerical values) are typically averaged to obtain the final 
prediction. 

This aggregation process, similar to that in Random Forests, serves to reduce the 
variance of the individual neural trees and leads to a more robust and stable overall 
prediction. 

III. Technical Specifications and Design Details: The Blueprint of the Neural Forest 



To fully realize the potential of the Neural Forest, a detailed understanding of its 
technical specifications and design choices is essential. 

A. Neural Tree Architecture Variants 

The architecture of the neural network within each neural tree can be customized to 
suit the specific problem and data characteristics. Several potential variants exist: 

1.​ Shallow Multilayer Perceptron (MLP) Tree: Each neural tree comprises a simple 
MLP with one or two hidden layers containing a relatively small number of 
neurons. This architecture is suitable for tabular data and can capture non-linear 
relationships of moderate complexity. 

2.​ Convolutional Neural Network (CNN) Tree: For image data, each neural tree 
could be a small CNN with a limited number of convolutional layers, pooling 
layers, and fully connected layers. This allows each tree to learn localized visual 
features from a random subset of the image. 

3.​ Recurrent Neural Network (RNN) Tree: For sequential data such as time series 
or text, each neural tree could be a simple RNN (e.g., with LSTM or GRU cells). 
This enables each tree to capture temporal dependencies within a random 
subsequence of the input. 

4.​ Hybrid Neural Tree: It is also conceivable to have a heterogeneous forest where 
different neural trees employ different architectures depending on the subset of 
features they are trained on. For instance, some trees might process numerical 
features using MLPs, while others process categorical features using embedding 
layers. 

B. Splitting Criteria within Neural Trees (Optional) 

While the primary concept involves replacing the entire decision tree with a neural 
network, a hybrid approach could also be considered. In this variant, the initial splits in 
a tree could be based on traditional criteria, with the leaf nodes being replaced by 
small neural networks. This would introduce a hierarchical structure where initial splits 
partition the data into more homogeneous regions, and the neural networks at the 
leaves learn the finer-grained patterns within those regions. However, for the sake of 
simplicity and the initial formulation, this thesis will primarily focus on the neural tree 
as a complete, albeit small, neural network. 

C. Training Process Details 

The training of each neural tree involves the following steps: 

1.​ Data Sampling: Draw a bootstrap sample of the training data. The size of this 
sample is typically the same as the original training data size. 



2.​ Feature Selection: Randomly select a subset of the input features. The number 
of features to select is a hyperparameter (often denoted as 'm' or 'max_features' 
in Random Forests). 

3.​ Network Initialization: Initialize the weights and biases of the neural network 
within the neural tree using a suitable initialization strategy (e.g., Xavier 
initialization, He initialization). 

4.​ Forward Pass: Pass the training data through the neural network to obtain the 
predictions. 

5.​ Loss Calculation: Calculate the loss between the predictions and the true labels 
using an appropriate loss function (e.g., cross-entropy for classification, mean 
squared error for regression). 

6.​ Backpropagation and Optimization: Use backpropagation to calculate the 
gradients of the loss with respect to the network's parameters and update the 
parameters using an optimization algorithm (e.g., Adam, SGD). 

7.​ Iteration: Repeat steps 4-6 for a fixed number of epochs or until a convergence 
criterion is met. 

D. Hyperparameter Tuning 

The Neural Forest algorithm possesses several hyperparameters that require careful 
tuning to achieve optimal performance. These include: 

●​ Number of Neural Trees in the Forest: A larger number generally improves 
performance but increases computational cost. 

●​ Architecture of the Neural Network within Each Tree: The number of layers, 
number of neurons per layer, activation functions, and other architectural 
choices. 

●​ Size of the Random Feature Subset: Controls the diversity of the trees. 
●​ Learning Rate and Other Optimization Parameters: Influence the training 

process of each neural network. 
●​ Regularization Techniques: Techniques like dropout or weight decay can be 

used within the neural networks to prevent overfitting. 

Hyperparameter tuning can be performed using standard techniques such as 
cross-validation or grid search. 

IV. Theoretical Underpinnings: The Foundation of the Neural Forest 

Understanding the theoretical foundations of the Neural Forest is crucial for 
appreciating its potential effectiveness. This section draws parallels with the 
theoretical properties of both Random Forests and Neural Networks. 



A. Bias-Variance Trade-off 

Similar to Random Forests, the Neural Forest aims to reduce the variance of the 
individual neural trees through ensemble averaging. Each neural tree, trained on a 
different bootstrap sample and a random subset of features, might exhibit relatively 
high variance. However, when their predictions are aggregated, these individual errors 
tend to cancel out, leading to a lower overall variance for the ensemble. 

The incorporation of neural networks within each tree allows the Neural Forest to 
potentially reduce bias compared to traditional decision trees. Neural networks are 
capable of learning complex non-linear relationships in the data, which might be 
challenging for decision trees to capture effectively, especially with limited depth. By 
employing even shallow neural networks within each tree, the Neural Forest can 
potentially model more intricate patterns, thus reducing the bias of the individual 
learners. 

B. Generalization Ability 

The generalization ability of the Neural Forest is expected to be strong due to the 
synergistic combination of ensemble learning and the representational power of 
neural networks. The diversity introduced by bootstrap sampling and random feature 
selection helps to prevent overfitting to the training data. The ability of the neural 
networks within each tree to learn complex features enables the model to capture the 
underlying data distribution more effectively, leading to improved performance on 
unseen data. 

C. Feature Importance 

Determining feature importance in a Neural Forest can be approached through 
several methods, drawing inspiration from techniques used for Random Forests and 
Neural Networks: 

1.​ Permutation Importance: Analogous to Random Forests, the importance of a 
feature can be assessed by randomly permuting its values in the test data and 
observing the resulting decrease in model performance. A larger decrease 
indicates higher importance. This can be applied to the entire Neural Forest. 

2.​ Weight Analysis (within Neural Trees): Within each neural tree, the weights 
connected to the input features in the first layer of the neural network can be 
analyzed. Features with larger absolute weights might be considered more 
important for that particular tree. These importance scores can then be 
aggregated across all the trees in the forest. 

3.​ Gradient-Based Methods: Inspired by interpretability techniques for neural 



networks, gradient-based methods could potentially be used to assess the 
importance of input features for the predictions made by the neural trees. 

D. Interpretability 

While individual deep neural networks are often considered black boxes, the ensemble 
nature of the Neural Forest might offer some level of interpretability compared to a 
single complex neural network. The behavior of individual neural trees and the 
features they rely on can potentially be analyzed. However, the interpretability of a 
Neural Forest is likely to be lower than that of a traditional Random Forest with shallow 
trees due to the inherent complexity of the neural networks within each tree. Further 
research into methods for interpreting the combined behavior of the neural trees is 
crucial for enhancing the interpretability of the Neural Forest. 

V. Potential Applications: Unleashing the Power of Neural Forests 

The unique combination of strengths offered by the Neural Forest positions it as a 
promising algorithm for a wide range of applications across various domains: 

A. Image Classification 

In image classification tasks, where Convolutional Neural Networks have 
demonstrated remarkable success, Neural Forests could provide an alternative 
approach. Each neural tree, being a small CNN, could be trained on a random subset 
of image patches or features. The ensemble of these specialized CNNs could 
potentially achieve competitive performance while offering advantages in terms of 
robustness and potentially lower computational cost for individual trees compared to 
a single deep CNN. 

B. Natural Language Processing 

For natural language processing tasks such as text classification, sentiment analysis, 
or named entity recognition, Neural Forests could leverage Recurrent Neural Networks 
or transformer encoders within each neural tree. Each tree could be trained on a 
random subset of words or sequences, learning specific linguistic patterns. The 
ensemble could then combine these diverse perspectives to make accurate 
predictions. 

C. Tabular Data Analysis 

For traditional machine learning tasks involving tabular data, where Random Forests 
are already highly effective, Neural Forests could potentially offer improved accuracy 
by allowing each neural tree (e.g., an MLP) to learn more complex non-linear 



relationships than a standard decision tree. This could be particularly beneficial for 
datasets with intricate feature interactions. 

D. Time Series Forecasting 

In time series forecasting, where capturing temporal dependencies is crucial, Neural 
Forests could employ RNNs within each neural tree. Each tree could be trained on a 
random segment of the time series or a random subset of relevant features. The 
ensemble could then provide more robust and accurate forecasts by combining the 
predictions of these specialized time series models. 

E. Anomaly Detection 

Neural Forests could be adapted for anomaly detection by training each neural tree 
on normal data and then identifying data points that receive inconsistent or 
low-confidence predictions from the ensemble. The diversity of the neural trees could 
make the algorithm more robust to different types of anomalies. 

F. Personalized Recommendation Systems 

In recommendation systems, Neural Forests could be used to model user preferences 
and item characteristics. Each neural tree could be trained on a subset of user-item 
interactions and features, learning specific aspects of the recommendation task. The 
ensemble could then provide personalized recommendations by aggregating the 
predictions of these specialized models. 

VI. Experimental Results: A Glimpse into Performance 

To provide empirical evidence for the potential of the Neural Forest, this section 
presents experimental results on benchmark datasets (albeit fictional for the purpose 
of this thesis). 

A. Image Classification on "ImaginaryNet" 

A Neural Forest with 100 CNN-based neural trees was trained on the fictional 
large-scale image classification dataset "ImaginaryNet." Each neural tree consisted of 
three convolutional layers followed by a pooling layer and a fully connected layer. 
Random feature selection involved randomly selecting a subset of convolutional filters 
for each tree. The performance was compared with a standard Random Forest using 
image pixel intensities as features and a single, larger CNN with a similar total number 
of parameters. 

●​ Random Forest: Achieved an accuracy of 82.5%. 
●​ Single CNN: Achieved an accuracy of 88.0%. 



●​ Neural Forest: Achieved an accuracy of 90.5%. 

These results suggest that the Neural Forest outperformed both the traditional 
Random Forest and the single CNN, potentially benefiting from the combined 
strengths of ensemble learning and the feature learning capabilities of CNNs. 

B. Text Classification on "FictionalNews" 

A text classification task was conducted on the news article dataset "FictionalNews." 
A Neural Forest with 50 RNN-based neural trees was trained. Each neural tree 
consisted of an embedding layer followed by a GRU layer and a fully connected output 
layer. Random feature selection involved randomly selecting a subset of words from 
the vocabulary for each tree. The performance was compared with a standard 
Random Forest using TF-IDF features and a single RNN with a similar total number of 
parameters. 

●​ Random Forest: Achieved an F1-score of 78.0%. 
●​ Single RNN: Achieved an F1-score of 84.0%. 
●​ Neural Forest: Achieved an F1-score of 86.5%. 

The results indicate that the Neural Forest performed better than both baseline 
models, suggesting its potential effectiveness in handling sequential data like text. 

C. Tabular Data Classification on "SyntheticData" 

A synthetic tabular dataset with complex non-linear feature interactions was used for 
a classification task. A Neural Forest with 200 MLP-based neural trees was trained. 
Each neural tree consisted of two hidden layers with a small number of neurons. 
Random feature selection involved randomly selecting a subset of the input features 
for each tree. The performance was compared with a standard Random Forest and a 
single MLP with a similar total number of parameters. 

●​ Random Forest: Achieved an accuracy of 85.0%. 
●​ Single MLP: Achieved an accuracy of 87.0%. 
●​ Neural Forest: Achieved an accuracy of 89.0%. 

These results suggest that the Neural Forest can effectively capture complex 
relationships in tabular data, potentially outperforming both Random Forests and 
single MLPs. 

D. Regression on "SimulatedTimeSeries" 

A simulated time series forecasting task was considered. A Neural Forest with 100 
RNN-based neural trees was trained. Each neural tree consisted of an LSTM layer 



followed by a fully connected output layer. Random feature selection involved 
randomly selecting a subset of past time steps as input for each tree. The 
performance was compared with a standard Random Forest using lagged values as 
features and a single LSTM network. 

●​ Random Forest: Achieved a Mean Squared Error (MSE) of 0.15. 
●​ Single LSTM: Achieved an MSE of 0.12. 
●​ Neural Forest: Achieved an MSE of 0.10. 

The results indicate that the Neural Forest can provide more accurate forecasts than 
both baseline models, suggesting its potential in time series analysis. 

These experimental results, while illustrative, demonstrate the potential of the Neural 
Forest algorithm to achieve competitive or even superior performance compared to its 
individual components across various types of machine learning tasks and data 
modalities. The synergistic combination of ensemble learning and the powerful 
representation learning capabilities of neural networks appears to be a key factor in 
its performance. 

VII. Conclusion and Future Work 

This thesis introduced the Neural Forest, a novel hybrid ensemble learning algorithm 
that integrates the principles of Random Forests with the feature learning capabilities 
of Neural Networks. By constructing an ensemble of specialized "neural trees," which 
are essentially small neural networks, the Neural Forest aims to leverage the strengths 
of both paradigms while mitigating their respective limitations. 

The conceptual framework, technical specifications, and theoretical underpinnings of 
the Neural Forest were thoroughly explored. Potential applications across various 
domains, including image classification, natural language processing, tabular data 
analysis, time series forecasting, anomaly detection, and personalized 
recommendation systems, were discussed. Furthermore, illustrative experimental 
results on fictional benchmark datasets provided a glimpse into the potential 
performance advantages of the Neural Forest compared to traditional Random 
Forests and single Neural Networks. 

While the initial results are promising, several avenues for future research and 
development exist. These include: 

●​ Exploring different architectures for neural trees: Investigating the optimal 
architectural choices for neural trees across different data modalities and 
problem types. 



●​ Developing more sophisticated aggregation methods: Exploring aggregation 
techniques beyond simple majority voting and averaging. 

●​ Investigating methods for enhancing the interpretability of Neural Forests: 
Developing techniques to understand the decision-making process of the 
ensemble. 

●​ Conducting extensive empirical evaluations on real-world datasets: 
Validating the performance of the Neural Forest across a wider range of practical 
applications. 

●​ Exploring the theoretical properties of Neural Forests in greater depth: 
Further analyzing the bias-variance trade-off, generalization bounds, and 
convergence properties of the algorithm. 

●​ Investigating the computational efficiency and scalability of Neural Forests: 
Optimizing the training and prediction processes for large-scale datasets. 

In conclusion, the Neural Forest presents a promising direction in the quest for more 
robust and accurate machine learning algorithms. By harmoniously integrating the 
strengths of Random Forests and Neural Networks, it offers a potential pathway to 
achieving enhanced predictive performance across a diverse range of applications. 
Future research in this area holds the key to unlocking the full potential of this novel 
hybrid ensemble learning approach. 
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