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ABSTRACT

Deep neural networks have achieved significant success in various domains such as image
processing, natural language processing, and pattern recognition. However, training deep
networks is often hindered by the vanishing gradient problem, where gradients become
extremely small during backpropagation, slowing or completely stopping learning. One of the
major factors influencing this issue is the choice of activation function. This survey paper
analyzes the effect of different activation functions, such as Sigmoid, Tanh, ReLU, and their
variants, on the vanishing gradient problem. It highlights how traditional activation functions
lead to gradient decay, while modern activation functions help maintain gradient flow. The
study also reviews recent advancements in hybrid activation functions designed to overcome
these limitations. The results indicate that selecting appropriate activation functions
significantly improves training efficiency, convergence speed, and overall model

performance.

I. INTRODUCTION

Deep learning models rely on backpropagation to update weights and learn patterns from
data. During this process, gradients are propagated from the output layer to earlier layers.
However, in deep networks, gradients can become extremely small, especially when certain
activation functions are used. This phenomenon is known as the vanishing gradient problem.
Activation functions play a crucial role in introducing non-linearity into neural networks.

Early neural networks primarily used Sigmoid and Tanh functions due to their smooth and
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continuous nature. However, these functions suffer from saturation, where their derivatives
become very small for large input values. As a result, gradients diminish rapidly when
propagated across multiple layers, making it difficult for the network to learn effectively To
address this issue, new activation functions such as ReLU (Rectified Linear Unit) were
introduced. These functions maintain larger gradients and allow faster learning. This paper
explores how different activation functions affect gradient flow and compares their

performance in mitigating vanishing gradients.

II. METHODOLOGY

This survey is based on a comparative analysis of different activation functions and their
impact on gradient flow in deep neural networks. The methodology includes:

e Reviewing existing research papers on activation functions and vanishing gradients
¢ Analyzing mathematical properties of activation functions

e Comparing gradient behavior across multiple layers

e Evaluating performance based on convergence speed and accuracy

The study focuses on the following activation functions:

e Sigmoid Function: Maps values between 0 and 1 but suffers from gradient saturation

e Tanh Function: Maps values between -1 and 1, reducing gradient issues compared to
sigmoid but still prone to vanishing gradients

e ReLU Function: Outputs zero for negative inputs and linear for positive inputs,
maintaining stronger gradients

e Advanced Functions: Leaky ReLU, ELU, and hybrid functions designed to overcome

limitations

The comparison is based on how gradients behave during backpropagation and how

effectively each function supports deep learning.

III. SYSTEM ARCHITECTURE AND DATA FLOW

The system architecture of a deep neural network consists of multiple layers:
1. Input Layer: Receives input data

2. Hidden Layers: Apply weights, biases, and activation functions

3. Output Layer: Produces final predictions
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Data Flow Process:

e Input data is fed into the network

e Each layer processes the data using weights and activation functions
o The output is generated at the final layer

e During backpropagation, gradients are computed and propagated backward

Role of Activation Functions:

Activation functions are applied at each hidden layer. Their derivatives directly influence
gradient flow:

e In Sigmoid/Tanh, derivatives are small — gradients shrink

e In ReLU, derivatives remain large (for positive inputs) — gradients preserved.

During backpropagation, gradients are multiplied across layers. If each layer produces small
derivatives (e.g., sigmoid =~ 0.25), the gradient reduces exponentially, causing vanishing

gradients

IV. RESULT AND DISCUSSION

Sigmoid Function

o  Suffers from saturation at extreme values

e Gradients approach zero — slow learning

e Not suitable for deep networks

Tanh Function

e Better than sigmoid due to zero-centered output

o  Still suffers from vanishing gradients in deep layers
ReLU Function

e Maintains gradient for positive inputs

o Enables faster training and convergence

e Widely used in modern deep learning

Advanced Activation Functions

e Leaky ReLU and ELU reduce “dying neuron” problem
e Hybrid functions (e.g., RSigELU) combine benefits of multiple functions
e Provide stable gradient flow and improved performance
Key Findings:

e ReLU-based models show better accuracy and stable gradients
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o Sigmoid-based models experience severe vanishing gradient issues

e Combining activation functions with optimizers (e.g., Adam) improves results.
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Figure 1: Gradient Magnitude of First Layer.
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Using device: cpu
Dataset loaded |

Model defined
Iraining function ready

aining with Sigmoid activation...
ch [1/3] - Loss: 2.3095, Accuracy: 9.80%
E [2/3] - Loss: 2.3025, Accuracy: 11.35%
Epoch [3/3] - Loss: 2.3015, Accuracy: 11.35%

Iraining with Tanh activation...

Epoch [1/3] - Loss: 0.4978, Accuracy: 91.563%
Epoch [2/3] - Loss: ©.2688, Accuracy: 93.73%
Epoch [3/3] - Loss: 9.1963, Accuracy: 94.93%

Training with RelU activation...

Epoch [1/3] - Loss: 98.5662, Accuracy: 93,53%
Epoch [2/3] - Loss: 8.1854, Accuracy: 96.38%
Epoch [3/3] - Loss: ©.1293, Accuracy: 96.47%
Iraining with LeakyRelU activation...

Epoch [1/3] - Loss: 9.52@8, Accuracy: 94.74%
Epoch [2/3] - Loss: 9.1639, Accuracy: 96.08%
Epoch [3/3] - Loss: ©.1112, Accuracy: 97.28%
Training with ELU activation...

Epoch [1/3] - Loss: 9.4988, Accuracy: 91.98%
Epoch [2/3] - Loss: 8.2349, Accuracy: 93.71%

Epoch [3/3] - Loss: 9.1777, Accuracy: 94.97%
Training completed |

V. CONCLUSION

The vanishing gradient problem remains a critical challenge in training deep neural networks.
This survey highlights that activation functions play a major role in either causing or
mitigating this issue. Traditional activation functions like Sigmoid and Tanh lead to gradient
decay due to their saturation properties, making them less suitable for deep architectures.
Modern activation functions such as ReLU and its variants have significantly improved
training efficiency by maintaining gradient flow. Additionally, recent research on hybrid
activation functions shows promising results in overcoming both vanishing gradients and
other limitations.

In conclusion, selecting an appropriate activation function is essential for building efficient
deep learning models. Future research should focus on developing adaptive and hybrid
activation functions that can further enhance gradient stability and overall model

performance.
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