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Section I: Abstract

Deep learning, a subset of machine learning, involves training neural networks to recognize patterns and make
predictions on complex data. These models can solve a wide range of tasks, from image recognition and
natural language processing to game playing and self-driving cars. With the explosion of data in recent years,
deep learning has become an essential tool for extracting insights from vast amounts of information.

PyTorch is an open-source machine learning library that has rapidly gained popularity among researchers and
practitioners in the deep learning community. With its ease of use, flexibility, and scalability, PyTorch has
become a go-to tool for developing complex deep learning models. Its dynamic computation graph, intuitive
API, and compatibility with both CPUs and GPUs make it a powerful framework for training models on large
datasets.

Section I1: Introduction

In this report, we compare the performance of two different implementations of neural networks using
PyTorch. The first implementation is a single-layer neural network constructed using PyTorch's built-in autograd
and optimization tools, while the second implementation builds the same single-layer neural network from
scratch using PyTorch.

We evaluate the performance of these two implementations by analyzing their losses and accuracy on both
the training and test datasets. To ensure a fair comparison, we use a common dataset for both
implementations.

We first introduce single-layer neural networks and PyTorch, and then provide details on the two
implementations. We present the results of the models, including the losses and accuracy, and compare their
performance to determine which implementation performs better.

To provide a visual representation of the comparison, we plot the results of the two models and discuss the
differences in their performance.

As an additional part, we also evaluate the performance of double-layer neural networks using the same
methodology. We present the details of the implementation and evaluate its performance in comparison to
the single-layer implementations.

The results of this report aim to provide insights into how to construct and train single-layer and double-layer
neural networks using PyTorch (from scratch and by using built-in functionalities) and provide a comparative
analysis of their performance.



Section III: Single Layer Neural Network

Part a) Scratch Implementation

To build a neural network from scratch, several classes were created to perform specific tasks. The first class,
LinearMap, implemented a linear transformation by multiplying the input data with a weight matrix. This step
helped to establish a relationship between the input data and the output.

Next, a ReLU (Rectified Linear Unit) class was implemented to introduce nonlinearity to the network. ReLU is a
popular activation function used in neural networks, which takes an input value and returns the maximum of O
and x. This activation function is essential for allowing the network to model complex relationships between
input and output data.

f(x) = max(0, x)

The SoftmaxCrossEntropyLoss class was used to calculate the loss function, which measures the difference
between the predicted output of the network and the actual output. This loss function is commonly used in
classification problems to measure the difference between the predicted and true probability distributions of
class labels. The goal is to minimize the loss during training, which helps the neural network learn to predict
the correct class label with high confidence.

In other words, if we have n classes, and the predicted probability distribution is p and the true probability
distribution is g, then the cross-entropy loss is defined as:

L=-)q_i *log(p_i) ,where i ranges from 1 to n.

Finally, the SingleLayerMLP class defined the layers of the single-layer neural network. This class combined the
LinearMap, ReLU, and SoftmaxCrossEntropyLoss classes to create a complete neural network.

To train the network, forward and backpropagation algorithms were utilized. During forward propagation, the
input data was passed through the network, and the output was calculated. The loss function was then used to
measure the difference between the
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and evaluating the network's performance. By

optimizing the network's parameters, it is possible to achieve high accuracy and avoid any overfitting.

Part b) PyTorch Implementation

When implementing a single-layer neural network in PyTorch, the first step is to import the
necessary libraries that will be used throughout the process. This usually includes PyTorch,
NumPy, and Matplotlib, among others.

After importing the necessary libraries, the next step is to prepare the data for the neural
network. This involves loading and preprocessing the data using PyTorch's DatalLoader class,
which enables efficient batching, shuffling, and other data processing operations.

Next, the neural network model is defined. In the case of a single-layer neural network, this
involves specifying the input and output dimensions, the activation function, and other
parameters such as the number of hidden units. This can be done using PyTorch's nn module,
which provides a range of pre-built neural network layers and activation functions.

Once the model is defined, the loss function and optimization method are set. PyTorch
provides a range of built-in loss functions and optimization methods, such as cross-entropy loss
and stochastic gradient descent (SGD). These can be customized if necessary.

The next step is to train the model. This involves iterating over the training data, performing
forward and backward passes through the network, and updating the model parameters using
the chosen optimization method. During training, the PyTorch autograd function is used to
automatically calculate gradients for optimization. This function creates a computation graph
during the forward pass and then computes the gradients of the output with respect to the
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From Figure 3, we can observe that the training loss was slightly lower than the test loss and
converged to around 0.11 at 200 epochs. Additionally, Figure 4 showed that the training
accuracy was approximately 97.7% at 200 epochs, while the test accuracy was 93.2% at the
same epoch. The difference between the training and test accuracy suggested potential
overfitting in the model.
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Part c): Results & Comparison

We compared the performance of a single-layer neural network implemented from scratch
with one implemented in PyTorch. We evaluated both models using test accuracy & loss and
found that the PyTorch implementation had a higher accuracy of about 97.7% and a lower loss
of 0.11, while the scratch implementation had an accuracy of 96.5% and a loss of 0.14. We
expected PyTorch to perform better due to its built-in functionalities that simplify the
construction and training of neural networks. PyTorch's automatic differentiation also makes it
faster and less prone to errors. This was evident in the number of epochs required to reach
certain loss and accuracy thresholds. In the following section, we will analyze the losses and
accuracies of a 2-layer neural network and discuss the distinctions between single-layer and 2-

layer neural networks.
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training loss was lower than the test loss, as shown in Figure 5, converging to approximately



0.2 at 200 epochs. Moreover, Figure 6 indicates that the training achieved 96% accuracy at 200
epochs, while the test achieved 95% accuracy at 200 epochs. The difference between the
training and test accuracies suggests the possibility of overfitting in the model.
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Part c): Results & Comparison

PyTorch, a machine learning library, has built-in optimized and parallelized functions that can
perform complex mathematical operations faster than a Python-based implementation. This
advantage allows for a quicker convergence of the neural network and improved accuracy. In
our experiments, we implemented both single-layer and two-layer neural networks in both
scratch and PyTorch, and compared their performances. The PyTorch implementation of both
networks was more efficient and converged faster than their respective scratch
implementations, with higher accuracy and lower loss values. Although the scratch
implementations ultimately achieved similar results, the PyTorch implementations required
significantly fewer epochs to converge, indicating a clear advantage in terms of performance
and efficiency. Therefore, the use of PyTorch for neural network implementation is highly
recommended for its built-in functionalities and optimized functions.

Section 1V: Conclusion

When implementing a neural network, there are two primary approaches: using a deep
learning framework like PyTorch or building it from scratch. Implementing a neural network on
PyTorch has several advantages over building it from scratch. PyTorch is a popular deep
learning framework that provides a high-level interface to create and train deep learning
models. It has a simple and intuitive API that makes it easy to define the model architecture,
perform backpropagation, and optimize the parameters.

Compared to building a neural network from scratch, implementing it on PyTorch is more
efficient and less time-consuming. PyTorch provides pre-implemented layers and modules that
can be easily integrated into the model architecture, allowing for faster experimentation and
prototyping. This makes it easier to experiment with different model architectures and
hyperparameters, which can help speed up the training process and improve the overall
performance of the model.

In addition to being more efficient, implementing a neural network on PyTorch can also lead to
faster convergence. PyTorch provides automatic differentiation, which allows the gradient
computation to be performed efficiently and accurately. This helps the optimizer find the
optimal set of parameters faster, which in turn helps the model converge more quickly.

Overall, implementing a neural network on PyTorch has several advantages over building it
from scratch. It is more efficient, less time-consuming, and can lead to faster convergence.



These advantages make PyTorch a popular choice for deep learning researchers and
practitioners.
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Additional Part for Backpropagation Calculation:

Backpropagation is an algorithm used to train neural networks by computing the gradients of
the loss function with respect to each weight in the network, which are then used to update
the weights and minimize the loss.

The formulas for backpropagation are derived from the chain rule of calculus, which is used to
calculate the derivative of a function composed of multiple sub-functions. In the case of
backpropagation, the sub-functions are the layers of the neural network.

Assuming we have a neural network with L layers, the backpropagation algorithm can be
summarized as follows:

e Forward pass: Compute the output of the network for a given input.

e Compute the error in the output layer: Calculate the derivative of the loss function with
respect to the output of the last layer.

e Backward pass: Propagate the error backwards through the network, calculating the
derivative of the error with respect to the output of each layer, and using the chain rule
to compute the derivative of the error with respect to the input to each layer.

e Compute the gradient: Calculate the gradient of the loss function with respect to each
weight in the network by multiplying the derivative of the error with respect to the input
to each layer with the derivative of the input to each layer with respect to the weights.

e Update the weights: Use the calculated gradients to update the weights in the network,
using a learning rate to control the size of the update.



The specific formulas for each step depend on the architecture of the network and the
activation function used in each layer. However, a general formula for the calculation of the
derivative of the error with respect to the output of a layer | can be expressed as:

delta I=f'(z_I) * (W_{l+1}/T * delta_{I+1})

where f'(z_I) is the derivative of the activation function used in layer | with respect to the input
z_| to that layer, W_{lI+1}*T is the transpose of the weight matrix for the next layer, and
delta_{l+1} is the derivative of the error with respect to the output of the next layer.

The gradient of the loss function with respect to the weights in layer | can be calculated as:
dW_|=a {I-1}*T * delta_|

where a_{I-1} is the output of the previous layer, and delta_| is the derivative of the error with
respect to the output of layer .

These formulas are then used to update the weights in the network, to minimize the loss
function and improve the accuracy of the network's predictions.



