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ABSTRACT

This paper presents a comparative study of three gradient computation algorithms—Finite Differentiation, Symbolic Differentiation, and Reverse Automatic
Differentiation (Reverse AD)—within the TensorGen deep learning framework. TensorGen simplifies the creation, training, and experimentation of feed-forward
neural networks (FFNs), automating model workflows. We analyze the efficiency, accuracy, and scalability of each method, with Reverse AD demonstrating both
accuracy and efficiency for large-scale neural networks, while Finite Differentiation and Symbolic Differentiation present trade-offs in accuracy and complexity.
Our findings identify the most suitable algorithm for different deep learning tasks, offering insights to optimize training processes and workflows in TensorGen,
contributing to improved performance and resource management.
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l. Introduction

The computation of derivatives is a fundamental component in many fields, including machine learning, where it is essential for optimizing model
parameters during training. In deep learning, gradients are used to iteratively improve model performance through gradient-based optimization methods,
such as backpropagation. Efficient and accurate gradient computation is critical for training deep neural networks (DNNs) and ensuring optimal
convergence.

This paper compares three widely used gradient computation techniques—Finite Differentiation, Symbolic Differentiation, and Reverse Automatic
Differentiation (Reverse AD)—to evaluate their effectiveness within the TensorGen deep learning framework. While Finite Differentiation is simple but
prone to errors, Symbolic Differentiation provides exact gradients but suffers from scalability issues. Reverse AD, commonly used in deep learning,
efficiently computes gradients and is suitable for large models. By assessing the efficiency, accuracy, and scalability of these methods, this study aims to
identify the most effective approach for optimizing training in TensorGen, contributing to improved performance in deep learning workflows.

11. Methodology

In this study, we compare three gradient computation methods—Numerical Differentiation, Symbolic Differentiation, and Reverse Automatic
Differentiation (Reverse AD)—to evaluate their performance in training feed-forward neural networks (FFNNs).

2.1 Numerical Differentiation

Numerical Differentiation approximates gradients by evaluating the function at multiple points using finite difference formulas.

Image 1: Numerical Differentiation Formula.

where € is a small perturbation. This method is simple but computationally expensive for large models.
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Implementation in TensorGen: We use the central difference method to reduce error. A user-specified perturbation e is introduced for each weight,
and the gradient is computed by evaluating the function at x+ex and x—ex. While easy to implement, this method becomes inefficient as the number of
parameters increases.

2.2 Symbolic Differentiation
Symbolic Differentiation computes exact derivatives by applying algebraic manipulation to the function's expressions. Unlike numerical methods,

symbolic differentiation generates explicit formulas for gradients.

Implementation in TensorGen: We can integrate symbolic differentiation through the SymPy library, which derives exact gradient expressions from
the neural network’s computational graph. However, as the network's complexity grows, symbolic differentiation suffers from performance bottlenecks
due to expression swell, making it impractical for large networks.

2.3 Reverse Automatic Differentiation (Reverse AD)

Reverse AD efficiently computes gradients by applying the chain rule in reverse. It is widely used in deep learning for backpropagation.

Implementation in TensorGen: Reverse AD is implemented using the Autograd library. During the forward pass, intermediate activations are stored,
and in the backward pass, gradients are computed by propagating values backward through the network, making it efficient for large models.

I11. Comparison Criteria

Evaluating based on four key criteria: Accuracy, Efficiency, Scalability, and Ease of Implementation. These criteria are essential for determining the
most suitable method for gradient computation in the context of training feed-forward neural networks (FFNNs).

3.1 Accuracy
Accuracy measures how precisely each method computes gradients. In deep learning, gradient precision is crucial for effective model optimization and
convergence.

e  Finite Differentiation: Approximate gradients with sensitivity to perturbation size (e).

e  Symbolic Differentiation: Exact gradients, but complexity increases with model size.

®  Reverse AD: High accuracy, computing gradients directly with the chain rule.
3.2 Efficiency

Efficiency evaluates computational time and memory usage.
e  Finite Differentiation: Computationally expensive due to multiple function evaluations.
e  Symbolic Differentiation: Computationally intensive with increased expression complexity.

e  Reverse AD: Efficient, with a single backward pass and minimal memory usage.
3.3 Scalability

Scalability assesses how well each method handles large models with many parameters.
e  Finite Differentiation: Struggles with scalability, especially in large networks.
e  Symbolic Differentiation: Faces performance bottlenecks as expression size grows.

®  Reverse AD: Highly scalable, handling large models efficiently.
3.4 Ease of Implementation

Ease of implementation considers the simplicity of integrating each method into the TensorGen framework.
e  Finite Differentiation: Simple to implement with minimal overhead.
e Symbolic Differentiation: Requires symbolic libraries, adding complexity.

®  Reverse AD: More complex but widely supported by existing libraries (e.g., Autograd, TensorFlow).
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IV. Case Studies
Performance of Finite Differentiation, Symbolic Differentiation, and Reverse Automatic Differentiation (Reverse AD) on the Synthetic XOR
Problem, a binary classification task used to assess gradient computation methods in a small neural network.
Benchmark Task
e  Task: Solve the XOR problem using a feed-forward neural network (FFNN) with two input neurons, two hidden layer, and one output neuron.
®  Objective: Assess the performance of each method in terms of accuracy, efficiency, scalability, and ease of implementation.
Performance Evaluation
e Finite Differentiation:
O Accuracy: Adequate for small tasks, but small errors were present.
o  Efficiency: Acceptable for small datasets but requires multiple evaluations.
O  Scalability: Limited scalability, though sufficient for this task.
o  Ease of Implementation: Simple to implement.
e  Symbolic Differentiation:
o  Accuracy: Exact gradients, offering high precision.
o  Efficiency: Slower than Reverse AD due to expression generation.
o  Scalability: Works well for small tasks but inefficient for larger models.
o  Ease of Implementation: More complex due to the need for symbolic algebra.
. Reverse AD:
o  Accuracy: Most accurate, providing precise gradients.
o  Efficiency: Fastest and most efficient.
o  Scalability: Highly scalable, suitable for larger tasks.
o  Ease of Implementation: Easy with standard libraries.

Image 2: Training Progress Visualization for Benchmark Task.
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V. Discussion

Our study assessed three gradient computation methods—Finite Differentiation, Symbolic Differentiation, and Reverse Automatic Differentiation
(Reverse AD)—in the context of deep learning tasks within the TensorGen framework.
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Key Findings:

e  Reverse AD consistently outperformed both Finite and Symbolic Differentiation in terms of accuracy, efficiency, and scalability, particularly
for larger models.

e  Finite Differentiation is best suited for small-scale tasks or educational purposes but becomes computationally expensive and inaccurate as
model complexity increases.

e Symbolic Differentiation offers exact gradients but faces scalability issues and high computational overhead in complex models.

Interpretation: These findings suggest that Reverse AD is the preferred method for most deep learning applications, especially for large-scale tasks
requiring high precision and efficiency. However, for small, simple models or debugging, Finite Differentiation may still be relevant.

Broader Implications: This study reinforces the importance of selecting the right gradient computation method based on model size and complexity.
Future research could explore optimizations to mitigate memory overhead in Reverse AD for very large models.

Limitations: The study's scope was limited to basic benchmark tasks; real-world applications may present additional challenges not captured here.

V1. Conclusion

This study compared Finite Differentiation, Symbolic Differentiation, and Reverse Automatic Differentiation (Reverse AD) in the context of deep
learning, specifically within the TensorGen framework. Reverse AD emerged as the most efficient, accurate, and scalable method, making it ideal for
large-scale deep learning tasks. Finite and Symbolic Differentiation, while useful in certain contexts, face limitations in scalability and efficiency for
complex models.

Future research could focus on hybrid methods combining the strengths of these techniques, memory optimization for Reverse AD, and improvements in
numerical differentiation. Overall, Reverse AD stands as the preferred method for most deep learning applications, with potential for further refinement.
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