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# Identify neural network components/types, design perceptron for classification,
v analyze parameter/hyperparameter impact, evaluate architectures/activation
functions, and develop comprehensive evaluation plans for neural network models

Start coding or generate with AI.

v Introduction to Neural Networks

Neural networks are a subset of machine learning algorithms designed to mimic the way the human brain operates. They are composed of
layers of interconnected nodes, or neurons, which process data in a hierarchical manner. The network learns by adjusting the weights of the
connections between neurons, enabling it to make accurate predictions or classifications.

Key Concepts:

¢ Neurons: Basic units of a neural network that receive input, process it, and pass the output to the next layer.

¢ Layers: Neural networks typically consist of an input layer, one or more hidden layers, and an output layer.

¢ Weights: Parameters within the network that are adjusted during training to minimize the error of the predictions.

¢ Activation Functions: Functions that determine the output of a neuron. Common activation functions include sigmoid, tanh, and ReLU
(Rectified Linear Unit).

Inspiration from the Human Brain

The architecture of neural networks is inspired by the biological structure of the human brain, specifically the network of neurons. Each neuron
in the brain can receive inputs from thousands of other neurons and transmit signals to other neurons, forming a complex, adaptive network
capable of learning and making decisions.

Key Concepts:

¢ Synapses: Connections between neurons in the brain, similar to the weights in a neural network.

¢ Learning: In the brain, learning involves strengthening or weakening synapses based on experience, analogous to adjusting weights in a
neural network through training.

¢ Parallel Processing: Both the brain and neural networks can process multiple inputs simultaneously, enabling complex computations.

Introduction to Perceptron

A perceptron is the simplest form of a neural network, consisting of a single layer of neurons. It is used for binary classification tasks, where the
goal is to classify input data into one of two classes.

Key Concepts:

¢ Inputs and Outputs: A perceptron takes several binary inputs, applies weights to them, sums them up, and passes the result through an
activation function to produce a binary output.

¢ Weights: Initial weights are often set randomly and are adjusted during training to minimize classification errors.

¢ Activation Function: The perceptron uses a step function as its activation function, producing an output of 1 if the weighted sum is above
a certain threshold and 0 otherwise.

Binary Classification using Perceptron

Binary classification using a perceptron involves training the model to distinguish between two classes based on input features. The perceptron
learns by adjusting its weights to reduce the difference between the predicted and actual outputs.
Key Concepts:

¢ Training Data: A set of labeled examples used to train the perceptron.

¢ Learning Rate: A parameter that determines the size of the weight adjustments during training.

* Error Correction: The perceptron updates its weights based on the difference between the predicted and actual outputs for each training
example.

Perceptrons - Training and Multiclass Classification

Training a perceptron involves using the Perceptron Learning Algorithm, which iteratively adjusts the weights to minimize classification errors.
For multiclass classification, multiple perceptrons are used, each responsible for one class.

Key Concepts:
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¢ Training Algorithm: The process of adjusting weights to minimize errors, often using gradient descent or a similar optimization technique.
¢ Multiclass Classification: Using multiple perceptrons, each trained to recognize a specific class. The final prediction is made based on the
perceptron with the highest output.

¢ Convergence: The point at which the perceptron no longer changes its weights significantly, indicating that it has learned the optimal
weights for the given task.

Code to Visualize Perceptron for Binary Classification

Here is an expanded version of the implementation with detailed comments:

import numpy as np

import matplotlib.pyplot as plt

# Perceptron class definition
class Perceptron:
def __init_ (self, input_size, learning_rate=0.01, epochs=1000):
# Initialize weights to zeros (one more for bias)
self.weights = np.zeros(input_size + 1)
self.learning_rate = learning_rate

self.epochs = epochs

# Predict the class label for given inputs

def predict(self, inputs):
# Calculate the weighted sum of inputs
summation = np.dot(inputs, self.weights[1:]) + self.weights[0]
# Apply the step activation function

return 1 if summation > © else @

# Train the perceptron with training data
def train(self, training_inputs, labels):
for _ in range(self.epochs):
for inputs, label in zip(training_inputs, labels):
# Predict the output
prediction = self.predict(inputs)
# Update weights if the prediction is wrong
self.weights[1:] += self.learning_rate * (label - prediction) * inputs

self.weights[@] += self.learning_rate * (label - prediction)

# Example data for binary classification
training_inputs = np.array([[1, 1], [1, o], [e, 1], [e, @]])
labels = np.array([1, 0, 0, 0])

# Initialize and train the perceptron
perceptron = Perceptron(input_size=2)

perceptron.train(training_inputs, labels)

# Plotting the decision boundary
x_1 = np.array([0, 1])
x_2 = - (perceptron.weights[@] + perceptron.weights[1] * x_1) / perceptron.weights[2]

plt.figure(figsize=(10, 6))

plt.scatter(training_inputs[:, @], training_inputs[:, 1], c=labels, cmap='bwr')
plt.plot(x_1, x_2, label='Decision Boundary')

plt.xlabel('Input 1")

plt.ylabel('Input 2")

plt.legend()

plt.title('Perceptron Decision Boundary')

plt.show()

Explanation of the Code
1. Perceptron Class:

o _ init__ Method: Initializes the perceptron with weights set to zero, a specified learning rate, and a number of training epochs.
o predict Method: Calculates the weighted sum of the inputs and applies the step activation function to produce a binary output.
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o train Method: Adjusts the weights based on the prediction error using the Perceptron Learning Algorithm. For each input, it
calculates the prediction, compares it to the actual label, and updates the weights accordingly.

2. Example Data:

o The training_inputs array represents four points in a 2D space.
o The labels array contains the corresponding class labels for these points.

3. Decision Boundary Visualization:

o The decision boundary is the line that separates the two classes. It is calculated based on the final weights of the perceptron.
o The plot shows the training points, with different colors indicating different classes, and the decision boundary that the perceptron
has learned.

This expanded explanation provides a deeper understanding of each topic and the code implementation, offering a comprehensive overview of
neural networks and perceptrons.

import numpy as np
import matplotlib.pyplot as plt

# Perceptron class definition
class Perceptron:
def __init_ (self, input_size, learning_rate=0.01, epochs=1000):
# Initialize weights to zeros (one more for bias)
self.weights = np.zeros(input_size + 1)
self.learning_rate = learning_rate
self.epochs = epochs

# Predict the class label for given inputs
def predict(self, inputs):
# Calculate the weighted sum of inputs
summation = np.dot(inputs, self.weights[1:]) + self.weights[0]
# Apply the step activation function
return 1 if summation > @ else ©

# Train the perceptron with training data
def train(self, training_inputs, labels):
for _ in range(self.epochs):
for inputs, label in zip(training_inputs, labels):

# Predict the output
prediction = self.predict(inputs)
# Update weights if the prediction is wrong
self.weights[1:] += self.learning_rate * (label - prediction) * inputs
self.weights[@] += self.learning_rate * (label - prediction)

# Example data for binary classification
training_inputs = np.array([[1, 1], [1, @], [e, 1], [e, ©]])
labels = np.array([1, ©, 0, 0])

# Initialize and train the perceptron
perceptron = Perceptron(input_size=2)
perceptron.train(training_inputs, labels)

# Plotting the decision boundary
x_1 = np.array([0, 1])
X_2 = - (perceptron.weights[@] + perceptron.weights[1] * x_1) / perceptron.weights[2]

plt.figure(figsize=(10, 6))

plt.scatter(training_inputs[:, @], training_inputs[:, 1], c=labels, cmap="bwr")
plt.plot(x_1, x_2, label='Decision Boundary')

plt.xlabel('Input 1'")

plt.ylabel('Input 2')

plt.legend()

plt.title('Perceptron Decision Boundary')

plt.show()
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v Detailed Explanation of Neural Network Components

1. Neurons:

o The basic building block of a neural network, analogous to biological neurons.
o Each neuron receives input, multiplies it by a weight, adds a bias, and passes the result through an activation function.

2. Layers:

o Input Layer: The first layer that receives the input data directly. Each neuron in this layer corresponds to one feature in the input data.

o Hidden Layers: Layers between the input and output layers where the main computations are performed. These layers can vary in
number and size, allowing the network to learn complex patterns.

o Output Layer: The final layer that produces the output. The number of neurons in this layer depends on the task (e.g., one neuron for
binary classification, multiple neurons for multi-class classification).

3. Weights:

o Parameters that connect neurons between layers.
o Each weight determines the strength and direction of the influence of a neuron's output on another neuron's input.
o Adjusted during training to minimize the loss function.

4. Biases:

o Additional parameters added to the weighted sum of inputs to a neuron.
o Allows shifting the activation function, providing the network with more flexibility to fit the data.

5. Activation Functions:

o Functions applied to the neuron's output to introduce non-linearity, enabling the network to learn complex patterns.

o Sigmoid: (\sigma(x) = \frac{1}{1 + e*{-x}} ). Outputs values between 0 and 1.

o Tanh: (\tanh(x) = \frac{e*x - e*-x}}{e*x + e{-x}} ). Outputs values between -1 and 1.

o ReLU (Rectified Linear Unit): ( \text{ReLU}(x) = \max(0, x) ). Outputs zero for negative inputs and the input value itself for positive
inputs.

o Softmax: Used in the output layer for multi-class classification, outputs a probability distribution over classes.

6. Loss Function:

o Measures the difference between the predicted output and the actual output.

o Guides the optimization process by providing feedback on how well the network is performing.

o Mean Squared Error (MSE): Used for regression tasks, calculates the average squared difference between predicted and actual
values.
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o Cross-Entropy Loss: Used for classification tasks, measures the performance of a classification model whose output is a probability

value between 0 and 1.
7. Optimizer:

o Algorithm used to adjust weights and biases to minimize the loss function.

o Gradient Descent: lteratively adjusts weights to minimize the loss.

o Stochastic Gradient Descent (SGD): Uses a random subset of data (a mini-batch) to update weights.
o Adam: Combines the advantages of both RMSProp and SGD with momentum.

8. Learning Rate:

o Controls the size of the steps taken during weight updates.

o A crucial hyperparameter that needs to be set properly; too high can cause the model to converge too quickly to a suboptimal

solution, while too low can make the training process very slow.
9. Input Data:

o The initial data fed into the neural network.
o Often preprocessed (e.g., normalized, scaled) to improve the model's performance.

10. Output Data:

o The final result produced by the network.
o Compared with the actual output during training to compute the loss.

11. Backpropagation:

o Algorithm used to train neural networks.
o Computes the gradient of the loss function with respect to each weight.
o Propagates the error backward through the network to update weights using the gradients.

12. Epochs:

o Number of complete passes through the entire training dataset.
o Determines how long to train the network.

13. Batch Size:

o Number of training examples used in one iteration.

o Affects the stability and speed of training; smaller batches can introduce more noise but can lead to faster convergence.

Example Code to Plot a Decision Boundary for a Perceptron

Here's an example code that visualizes a perceptron and its decision boundary:

import matplotlib.pyplot as plt

import numpy as np

# Define the perceptron function
def perceptron(x, weights, bias):

return np.dot(x, weights) + bias

# Generate some data
np.random.seed(0)

X = np.random.randn(100, 2)

y = (x[:, @] + x[:, 1] > @).astype(int)
# Initialize weights and bias
weights = np.random.randn(2)

bias = np.random.randn()

# Plot the data

plt.scatter(x[:, @], x[:, 1], c=y, cmap='bwr', alpha=0.7)
plt.title('Perceptron for Binary Classification')
plt.xlabel('Feature 1")

plt.ylabel('Feature 2")

# Plot the decision boundary
x1 = np.linspace(-3, 3, 100)
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x2 = -(weights[@] * x1 + bias) / weights[1]
plt.plot(x1l, x2, color='black', linestyle='--")

plt.show()

Explanation of the Code

1. Importing Libraries:

o matplotlib.pyplot for plotting.
o numpy for numerical operations.

2. Defining the Perceptron Function:
o perceptron(x, weights, bias):Computes the weighted sum of inputs and adds the bias.
3. Generating Data:

o Sets a random seed for reproducibility.
o Generates 100 samples with two features.
o Creates binary labels based on whether the sum of the features is greater than zero.

4. Initializing Weights and Bias:
o Initializes weights and bias with random values.
5. Plotting the Data:
o Creates a scatter plot of the data points, colored by their labels.
6. Calculating the Decision Boundary:
o Computes the decision boundary by setting the perceptron's output to zero and solving for one feature in terms of the other.
7. Plotting the Decision Boundary:
o Plots the decision boundary as a dashed black line.
8. Displaying the Plot:
o Displays the plot, showing the data points and the decision boundary.

This visualization helps in understanding how the perceptron classifies the data points and how the decision boundary is determined by the
weights and bias.

import matplotlib.pyplot as plt
import numpy as np

# Define the perceptron function
def perceptron(x, weights, bias):
return np.dot(x, weights) + bias

# Generate some data

np.random.seed(0)

X = np.random.randn(100, 2)

y = (x[:, @] + x[:, 1] > @).astype(int)

# Initialize weights and bias
weights = np.random.randn(2)
bias = np.random.randn()

# Plot the data

plt.scatter(x[:, 0], x[:, 1], c=y, cmap="bwr', alpha=0.7)
plt.title('Perceptron for Binary Classification')
plt.xlabel('Feature 1")

plt.ylabel('Feature 2")

# Plot the decision boundary

x1 = np.linspace(-3, 3, 100)

x2 = -(weights[@] * x1 + bias) / weights[1]
plt.plot(x1l, x2, color='black', linestyle='--')

plt.show()
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1. Identify Neural Network Components/Types Neural networks consist of several key components and types:

Neurons: The basic units of a neural network, which receive input, process it, and pass it to the next layer.

Layers:

Input Layer: The first layer that receives the input data.

Hidden Layers: Intermediate layers that process inputs from the previous layer.

Output Layer: The final layer that produces the output.

Weights: Parameters that are adjusted during training to minimize the error.

Biases: Additional parameters that allow the model to fit the data better.

Activation Functions: Functions applied to the output of each neuron to introduce non-linearity (e.g., ReLU, Sigmoid, Tanh).

2. Types of Neural Networks

Feedforward Neural Networks (FNN): The simplest type where connections do not form cycles.

Convolutional Neural Networks (CNN): Specialized for processing grid-like data such as images.

Recurrent Neural Networks (RNN): Designed for sequential data, where connections form directed cycles.

Generative Adversarial Networks (GANs): Consist of two networks, a generator and a discriminator, that compete against each other.

3. Design a Perceptron for Classification A perceptron is the simplest type of neural network used for binary classification. It consists of a

single neuron with adjustable weights and bias.

Perceptron Design Steps:

Initialize Weights and Bias: Start with random values.

Compute Weighted Sum: Calculate the weighted sum of inputs.

Apply Activation Function: Use a step function to determine the output.

Update Weights and Bias: Adjust based on the error using gradient descent.

4. Analyze Parameter/Hyperparameter Impact

Parameters and hyperparameters significantly impact the performance of neural networks:
Learning Rate: Controls the step size during gradient descent.

Batch Size: Number of samples processed before updating the model.

Number of Epochs: Number of times the entire dataset is passed through the network.

Number of Layers/Neurons: Affects the model's capacity to learn complex patterns. Regularization Parameters: Prevent overfitting (e.g., L2
regularization, dropout rate).
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5. Evaluate Architectures/Activation Functions

Different architectures and activation functions can be evaluated based on:
Accuracy: The proportion of correctly classified samples.

Loss: The error between predicted and actual values.

Training Time: The time taken to train the model.

Convergence: How quickly the model reaches optimal performance.

6. Develop Comprehensive Evaluation Plans

A comprehensive evaluation plan includes:

Cross-Validation: Splitting the data into training and validation sets multiple times to ensure robustness.
Confusion Matrix: Evaluating true positives, false positives, true negatives, and false negatives.
Precision, Recall, F1-Score: Metrics to evaluate the performance of classification models.

ROC Curve and AUC: Assessing the trade-off between true positive rate and false positive rate.
Visualization of Perceptron Design

Below is a simple visualization of a perceptron for binary classification: **

import matplotlib.pyplot as plt
import numpy as np

# Define the perceptron function
def perceptron(x, weights, bias):
return np.dot(x, weights) + bias

# Generate some data

np.random.seed (@)

X = np.random.randn(100, 2)

y = (x[:, 0] + x[:, 1] > @).astype(int)

# Initialize weights and bias
weights = np.random.randn(2)
bias = np.random.randn()

# Plot the data

plt.scatter(x[:, 0], x[:, 1], c=y, cmap="bwr', alpha=0.7)
plt.title('Perceptron for Binary Classification')
plt.xlabel('Feature 1")

plt.ylabel('Feature 2")

# Plot the decision boundary

x1 = np.linspace(-3, 3, 100)

x2 = -(weights[@] * x1 + bias) / weights[1]
plt.plot(x1l, x2, color='black', linestyle='--")

plt.show()
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A simple dataset, initializes the perceptron, and plots the decision boundary.

This code implements a perceptron for binary classification and visualizes the results. First, it imports the necessary libraries,
matplotlib.pyplot for plotting and numpy for numerical operations. The perceptron function is defined to compute the linear combination of
inputs, weights, and bias. It then generates a dataset of 100 samples with two features, using a random seed for reproducibility, and labels
the data based on whether the sum of the features is greater than zero. Random weights and bias are initialized. The data is plotted as a
scatter plot, with colors indicating the labels. The decision boundary is calculated by setting the perceptron's output to zero, generating
corresponding y-values for a range of x-values. Finally, the decision boundary is plotted as a dashed line, and the plot is displayed to visualize
the data and the decision boundary.

v Summary

Neural Network Components: Neurons, layers, weights, biases, activation functions.

Types of Neural Networks: FNN, CNN, RNN, GANs.

Perceptron Design: Initialize weights, compute weighted sum, apply activation function, update weights.
Parameter/Hyperparameter Impact: Learning rate, batch size, number of epochs, layers/neurons, regularization.
Evaluation: Accuracy, loss, training time, convergence.

Comprehensive Evaluation Plans: Cross-validation, confusion matrix, precision, recall, F1-score, ROC curve, AUC.

Start coding or generate with AI.

v In Details

1. Identify Neural Network Components/Types
Code Explanation

We'll start by defining a simple neural network using PyTorch to illustrate the components.
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# Import necessary libraries
import torch

import torch.nn as nn

import torch.optim as optim

# Define a simple feedforward neural network
class SimpleNN(nn.Module):
def __init_ (self, input_size, hidden_size, output_size):
super(SimpleNN, self)._ init_ ()
self.fcl = nn.Linear(input_size, hidden_size) # Input to hidden layer
self.relu = nn.ReLU() # Activation function
self.fc2 = nn.Linear(hidden_size, output_size) # Hidden to output layer

def forward(self, x):
out = self.fcl(x)
out = self.relu(out)
out = self.fc2(out)
return out

# Initialize the network

input_size = 3

hidden_size = 5

output_size = 2

model = SimpleNN(input_size, hidden_size, output_size)

# Print the model architecture
print(model)

5% SimpleNN(
(fcl): Linear(in_features=3, out_features=5, bias=True)
(relu): ReLU()
(fc2): Linear(in_features=5, out_features=2, bias=True)

)

Explanation

Neurons: Represented by nn.Linear layers.

Layers: fc1 (input to hidden), fc2 (hidden to output).

Weights and Biases: Automatically managed by PyTorch.

Activation Functions: ReLU in this case.

2. Types of Neural Networks

Code Explanation We'll define different types of neural networks: Feedforward, Convolutional, and Recurrent.
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# Feedforward Neural Network (FNN)
class FeedforwardNN(nn.Module):
def __init__ (self, input_size, hidden_size, output_size):
super(FeedforwardNN, self)._ init_ ()
self.fcl = nn.Linear(input_size, hidden_size)
self.relu = nn.ReLU()
self.fc2 = nn.Linear(hidden_size, output_size)

def forward(self, x):
out = self.fcl(x)
out = self.relu(out)
out = self.fc2(out)
return out

# Convolutional Neural Network (CNN)
class CNN(nn.Module):
def __init_ (self):

super(CNN, self)._ init_ ()
self.convl = nn.Conv2d(1, 32, kernel_size=3, stride=1, padding=1)
self.relu = nn.ReLU()
self.pool = nn.MaxPool2d(kernel_size=2, stride=2, padding=0)
self.fcl = nn.Linear(32 * 14 * 14, 10)

def forward(self, x):
out = self.convi(x)
out = self.relu(out)
out = self.pool(out)
out = out.view(out.size(®), -1)
out = self.fcl(out)
return out

# Recurrent Neural Network (RNN)
class RNN(nn.Module):
def __init_ (self, input_size, hidden_size, num_layers, output_size):
super(RNN, self)._ init_ ()
self.hidden_size = hidden_size
self.num_layers = num_layers

self.rnn = nn.RNN(input_size, hidden_size, num_layers, batch_first=True)

self.fc = nn.Linear(hidden_size, output_size)

def forward(self, x):
he = torch.zeros(self.num_layers, x.size(@), self.hidden_size)

out, _ = self.rnn(x, ho)
out = self.fc(out[:, -1, :])
return out

# Initialize the networks

ffn = FeedforwardNN(input_size=3, hidden_size=5, output_size=2)

cnn = CNN()

rnn = RNN(input_size=3, hidden_size=5, num_layers=2, output_size=2)

# Print the model architectures
print(ffn)
print(cnn)
print(rnn)

5% FeedforwardNN(
(fcl): Linear(in_features=3, out_features=5, bias=True)
(relu): ReLU()
(fc2): Linear(in_features=5, out_features=2, bias=True)
)
CNN(

(convl): Conv2d(1, 32, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

(relu): ReLU()

(pool): MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)

(fcl): Linear(in_features=6272, out_features=10, bias=True)

)
RNN(
(rnn): RNN(3, 5, num_layers=2, batch_first=True)
(fc): Linear(in_features=5, out_features=2, bias=True)

)

Explanation

Feedforward Neural Network (FNN): Simple linear layers with ReLU activation.

Convolutional Neural Network (CNN): Convolutional layers followed by pooling and fully connected layers.
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Recurrent Neural Network (RNN): RNN layers followed by a fully connected layer.

3. Design Perceptron for Classification
Code Explanation

We'll design a simple perceptron for binary classification.

# Import necessary libraries
import numpy as np
import matplotlib.pyplot as plt

# Generate a simple dataset
np.random.seed(0)

X = np.random.randn(100, 2)

y = np.where(X[:, @] + X[:, 1] > 0, 1, Q)

# Initialize weights and bias
weights = np.random.randn(2)
bias = np.random.randn()

# Perceptron function
def perceptron(X, weights, bias):
return np.dot(X, weights) + bias

# Activation function (step function)
def step_function(x):
return np.where(x >= 0, 1, 0)

# Training the perceptron
learning_rate = 0.1
for epoch in range(100):
for i in range(len(X)):
y_pred = step_function(perceptron(X[i], weights, bias))
error = y[i] - y_pred
weights += learning_rate * error * X[i]
bias += learning_rate * error

# Plotting the decision boundary

plt.scatter(X[:, @], X[:, 1], c=y, cmap="bwr', alpha=0.7)
plt.title('Perceptron for Binary Classification')
plt.xlabel('Feature 1)

plt.ylabel('Feature 2'")

# Plot the decision boundary

x1 = np.linspace(-3, 3, 100)

X2 = -(weights[@] * x1 + bias) / weights[1]
plt.plot(x1l, x2, color='black', linestyle='--")

plt.show()
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Explanation

Dataset: Generated using np.random.randn.

Weights and Bias: Initialized randomly.

Perceptron Function: Computes the weighted sum.
Activation Function: Step function.

Training: Adjusts weights and bias based on the error.

Visualization: Plots the decision boundary.

4. Analyze Parameter/Hyperparameter Impact
Code Explanation

We'll analyze the impact of learning rate and number of epochs on training a simple neural network.

# Import necessary libraries
import torch

import torch.nn as nn

import torch.optim as optim
import matplotlib.pyplot as plt

# Define a simple neural network
class SimpleNN(nn.Module):
def __init_ (self, input_size, hidden_size, output_size):
super(SimpleNN, self)._ init_ ()
self.fcl = nn.Linear(input_size, hidden_size)
self.relu = nn.ReLU()
self.fc2 = nn.Linear(hidden_size, output_size)

def forward(self, x):
out = self.fcl(x)
out = self.relu(out)
out = self.fc2(out)
return out

# Generate a simple dataset
X = torch.randn(100, 3)
y = torch.where(X[:, 0] + X[:, 1] > @, 1, ©).long()

# Initialize the network

input_size = 3

hidden_size = 5

output_size = 2

model = SimpleNN(input_size, hidden_size, output_size)

# Loss and optimizer
criterion = nn.CrossEntropyLoss()

# Different learning rates and epochs
learning_rates = [0.01, 0.1, 0.5]
num_epochs = [50, 100, 200]

# Training the network
for 1lr in learning_rates:
for epochs in num_epochs:
optimizer = optim.SGD(model.parameters(), lr=1r)
losses = []
for epoch in range(epochs):
outputs = model(X)
loss = criterion(outputs, y)
optimizer.zero_grad()
loss.backward()
optimizer.step()
losses.append(loss.item())
plt.plot(losses, label='LR: ' + str(lr) + ', Epochs: ' + str(epochs))

plt.title('Impact of Learning Rate and Epochs on Training')
plt.xlabel('Epoch")

plt.ylabel('Loss")

plt.legend()

plt.show()
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Explanation Learning Rates: Different values to see the impact on training. Number of Epochs: Different values to see the impact on training.
Loss Plot: Visualize the loss over epochs for different learning rates and epochs.

Start coding or generate with AI.

5. Evaluate Architectures

Let's dive into evaluating different neural network architectures and activation functions. We'll create a comparison of different architectures
and activation functions, and visualize their performance.
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import torch

import torch.nn as nn

import torch.optim as optim

import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import make_classification
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score

# Generate a synthetic dataset

Neural Network .ipynb - Colab

X, y = make_classification(n_samples=1000, n_features=20, n_classes=2, random_state=42)
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Convert to PyTorch tensors

X_train = torch.FloatTensor(X_train)
y_train = torch.LongTensor(y_train)
X_test = torch.FloatTensor(X_test)
y_test = torch.LongTensor(y_test)

# Define different architectures
class SimpleNN(nn.Module):

def __init_ (self, input_size, hidden_size, output_size, activation):

super(SimpleNN, self)._ init_ ()

self.fcl = nn.Linear(input_size, hidden_size)

self.activation = activation

self.fc2 = nn.Linear(hidden_size, output_size)

def forward(self, x):
x = self.fcl(x)
x = self.activation(x)
x = self.fc2(x)
return x

class DeepNN(nn.Module):

def __init_ (self, input_size, hidden_size, output_size, activation):

super(DeepNN, self)._ init_ ()

self.fcl = nn.Linear(input_size, hidden_size)
self.fc2 = nn.Linear(hidden_size, hidden_size)
self.fc3 = nn.Linear(hidden_size, hidden_size)
nn.Linear(hidden_size, output_size)

self.fc4
self.activation = activation

def forward(self, x):
x = self.activation(self.fcl(x))
x = self.activation(self.fc2(x))
x = self.activation(self.fc3(x))
x = self.fc4(x)
return x

# Define activation functions

activation_functions = {
"ReLU": nn.ReLU(),
'Sigmoid': nn.Sigmoid(),
'Tanh': nn.Tanh()

# Training function

def train_model(model, X_train, y_train, X_test, y_test, epochs=100):

criterion = nn.CrossEntropyLoss()
optimizer = optim.Adam(model.parameters())

train_losses = []
test_accuracies = []

for epoch in range(epochs):
model.train()
optimizer.zero_grad()
outputs = model(X_train)
loss = criterion(outputs, y_train)
loss.backward()
optimizer.step()

train_losses.append(loss.item())
model.eval()

with torch.no_grad():
test_outputs = model(X_test)
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_, predicted = torch.max(test_outputs.data, 1)
accuracy = accuracy_score(y_test.numpy(), predicted.numpy())
test_accuracies.append(accuracy)

return train_losses, test_accuracies

# Evaluate different architectures and activation functions
results = {}

input_size = 20

hidden_size = 64

output_size = 2

for arch_name, arch_class in [('Simple', SimpleNN), ('Deep', DeepNN)]:
for act_name, act_func in activation_functions.items():
model = arch_class(input_size, hidden_size, output_size, act_func)
train_losses, test_accuracies = train_model(model, X_train, y_train, X_test, y_test)
results[f'{arch_name}-{act_name}'] = (train_losses, test_accuracies)

# Plotting results
plt.figure(figsize=(15, 10))

plt.subplot(2, 1, 1)

for name, (losses, _) in results.items():
plt.plot(losses, label=name)

plt.title('Training Loss')

plt.xlabel('Epoch")

plt.ylabel('Loss")

plt.legend()

plt.subplot(2, 1, 2)

for name, (_, accuracies) in results.items():
plt.plot(accuracies, label=name)

plt.title('Test Accuracy')

plt.xlabel('Epoch")

plt.ylabel('Accuracy')

plt.legend()

plt.tight_layout()
plt.show()

# Print final test accuracies

print("Final Test Accuracies:")

for name, (_, accuracies) in results.items():
print(f"{name}: {accuracies[-1]:.4f}")
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v Summary:

Simple Architecture:
RelLU: 84.50%
Sigmoid: 83.50%
Tanh: 86.00%

Deep Architecture:
RelLU: 84.50%
Sigmoid: 83.00%
Tanh: 87.00%

The Deep architecture with Tanh activation function performed the best in terms of test accuracy.
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v Question:

Based on the neural network architecture evaluation results, calculate the percentage
improvement in test accuracy when switching from the worst-performing architecture to
the best-performing architecture. Round your answer to two decimal places.

Solution:

Let's solve this step-by-step:

Identify the worst-performing architecture:

From the results:

Final Test Accuracies:

Simple-ReLU: 0.8450

Simple-Sigmoid: 0.8350

Simple-Tanh: 0.8600

Deep-RelLU: 0.8450

Deep-Sigmoid: 0.8300

Deep-Tanh: 0.8700

The worst-performing architecture is Deep-Sigmoid with an accuracy of 0.8300 or 83.00%.
Identify the best-performing architecture:

The best-performing architecture is Deep-Tanh with an accuracy of 0.8700 or 87.00%.
Calculate the improvement:

Improvement = Best accuracy - Worst accuracy

Improvement = 0.8700 - 0.8300 = 0.0400

Calculate the percentage improvement:

Could not connect to the reCAPTCHA service. Please check your internet connection and reload to get a reCAPTCHA challenge.
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