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11Whatis PyTorch?

PyTorch is an open-source deep learning framework
developed by Facebook's Al Research lab (FAIR). It provides a
flexible and easy-to-use platform for building and training
various machine learning models, particularly neural networks.
PyTorch is known for its dynamic computation graph, which
allows for easy debugging and a more intuitive coding style
compared to static graph frameworks like TensorFlow.

1.2 Why use PyTorch for Data Science?

 Dynamic computation graph: PyTorch's dynamic nature
enables users to build models dynamically, making it easier
to work with varying input sizes and architectures.

o Ecosystem and community: PyTorch has a vibrant and
rapidly growing community, with extensive resources,
libraries, and pre-trained models available.

 Debugging and flexibility: PyTorch offers exceptional
debugging capabilities, enabling developers to identify and
fix issues efficiently.

» Research-friendly: PyTorch's popularity in the research
community has led to the rapid adoption of cutting-edge
techniques and architectures.

@RAMCHANDRAPADWAL



1.3 Installation and Setup

To install PyTorch, you can use pip or conda, depending on
your environment. For example, to install the CPU version, run:

pip install torch

For GPU support, install torch with CUDA:

pip install torch==1.9.0+cu111 torchvision==0.10.0+cu111 torchaudio==0.9.0
-f https://download.pytorch.org/whl/torch_stable.html

Next, we'll import the required libraries in our Python scripts:

torch
torchvision

torch.nn

torch.optim optim

torch.nn.functional F
torch.utils.data Dataloader

torchvision.transforms transforms
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21 Tensors and Operations

Tensors are the fundamental data structures in PyTorch,
similar to NumPy arrays. They can be multi-dimensional arrays
representing scalars, vectors, matrices, or higher-dimensional
data. Let's create and perform basic operations on tensors:

X = torch.tensor([1,

y = torch.tensor([4,

result = x + vy

dot_product = torch.dot(x, vy)

2.2 Automatic Differentiation

Automatic differentiation (autograd) is a core feature of
PyTorch that allows us to compute gradients automatically.
Gradients are essential for optimizing deep learning models
using gradient-based optimization algorithms like stochastic
gradient descent (SGD).

X = torch.tensor( , requires_grad= )

y - *x** + *x +

y.backward()

print(x.grad)
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2.3 GPU Acceleration

PyTorch provides seamless GPU acceleration, allowing you to
train models on compatible NVIDIA GPUs. This can significantly
speed up training times, especially for large models and
datasets.

device = torch.device( torch.cuda.is_available()

X = torch.tensor([1l, 2, 3], device=device)

y = torch.tensor([4, 5, 6], device=device)

result = x + vy
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3.1Creating a Simple Neural Network

Let's build a simple feedforward neural network using
PyTorch's nn.Module class:

(nn.Module):
(self, input_size, hidden_size, output_size):

super(SimpleNN, self).__init__()

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

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

(self, x):
X = F.relu(self.fcl(x))
X = self.fc2(x)

return x

3.2 Activation Functions

Activation functions introduce non-linearity to neural networks,
enabling them to learn complex patterns. PyTorch provides
various activation functions in the torch.nn.functional module.

x = torch.tensor([-1, 0, 1], dtype=torch.float32)

# RelLU activation

relu_output = F.relu(x) # Output: tensor([O0., O., 1.1)

# Sigmoid activation
sigmoid_output = F.sigmoid(x) # Output: tensor([0.2689, 0.5000, 0.7311])
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34 Loss Functions

Loss functions measure the difference between predicted and
actual values and are used to guide the model during training.

# Binary Cross Entropy Loss

criterion = nn.BCELoss()

# Example with binary classification

predicted = torch.tensor([ , ], requires_grad=True)
target = torch.tensor([0O, 1], dtype=torch.float32)

loss = criterion(predicted, target)

print(loss) # Output: tensor(0.5098, grad_fn=<BinaryCrossEntropyBackward>)

3.4 Optimizers

Optimizers update the model's parameters based on
computed gradients and loss. PyTorch offers various
optimizers like SGD, Adam, RMSprop, etc.

# Example with Stochastic Gradient Descent (SGD) optimizer

optimizer = optim.SGD(model.parameters(), 1lr= , momentum= )

# Inside training loop

optimizer.zero_grad() # Clear previous gradients

output = model(input)

loss = criterion(output, target)
loss.backward() # Compute gradients

optimizer.step() # Update parameters
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4.1 Data Loading using DatalLoader

PyTorch provides the DatalLoader class to load and
preprocess data efficiently, allowing seamless integration with
deep learning models.

# Assuming 'dataset' is a custom dataset class

train_dataset = CustomDataset(train_data)

train_loader = Dataloader(train_dataset, batch_size=64, shuffle=

# Inside training loop
batch_data, batch_labels train_loader:

# Training code here

4.2 Data Augmentation

Data augmentation is a technique to artificially increase the
diversity of training data by applying random transformations
like rotation, scaling, or flipping.

transform = transforms.Compose( [
transforms.RandomRotation(30),
transforms.RandomResizedCrop(224),
transforms.RandomHorizontalFlip(),

transforms.ToTensor(),
transforms.Normalize(mean=[0.485, 0.456, @.406], std=[0.229, 0.224, 0.225])
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4.3 Custom Datasets and Transforms

You can create custom datasets and apply custom transforms

to preprocess data specific to your task.

from torch.utils.data import Dataset

class

def

( ):

(self, data, transform=None):

self.data = data

self.transform = transform

(self):
return len(self.data)

(self, idx):
sample = self.data[idx]

if self.transform:

sample = self.transform(sample)

return sample
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5.1 Training Loop

The training loop is the core of model training. It involves
iterating over the dataset, performing forward and backward
passes, and updating the model parameters.

# Assuming 'model' and 'train_loader' are already defined

criterion nn.CrossEntropylLoss()

optimizer optim.SGD(model.parameters(), 1lr= , momentum= )

# Training loop

for epoch in range(num_epochs):
model.train()
for inputs, labels in train_loader:

inputs, labels = inputs.to(device), labels.to(device)

optimizer.zero_grad()

outputs = model(inputs)

loss = criterion(outputs, labels)
loss.backward()

optimizer.step()
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5.2 Evaluating Model Performance

Model evaluation is essential to assess how well the model
generalizes to unseen data.

# Assuming 'val_loader' is the validation data loader

model.eval()
correct =
total =

with torch.no_grad():
for inputs, labels in val_loader:
inputs, labels = inputs.to(device), labels.to(device)
outputs = model(inputs)
_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)

correct += (predicted == labels).sum().item()

accuracy = * correct / total

print(

5.3 Overfitting and Regularization

Overfitting occurs when the model performs well on the
training data but poorly on unseen data. Regularization
techniques like L1/L2 regularization and dropout can help
prevent overfitting.

# Example of L2 regularization

optimizer = optim.SGD(model.parameters(), lr= , weight_decay=
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6.1Leveraging Pretrained Models

Transfer learning is a powerful technique where you use a pre-
trained model as a starting point and fine-tune it for your
specific task.

torchvision.models models

pretrained_model = models.resnetl8(pretrained=

param pretrained_model.parameters():

param.requires_grad =

6.2 Fine-Tuning

Fine-tuning involves unfreezing certain layers of the pre-trained
model to allow their weights to be updated during training.

num_classes = 10
pretrained_model.fc = nn.Linear(pretrained_model.fc.in_features, num_classes)

for param in pretrained_model.fc.parameters():
param.requires_grad = True

nn.CrossEntropyLoss()
optim.SGD(pretrained_model.parameters(), 1r=0.001, momentum=0.9)

criterion
optimizer
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/.1Understanding CNNs

Convolutional Neural Networks (CNNs) are deep learning
models particularly effective for image-related tasks.

7.2 Implementing CNNSs in PyTorch

Let's build a simple CNN for image classification using
PyTorch.

class SimpleCNN{nn.Module):
def __init_ (self, num_classes):

super(SimpleCNN, self).__init_ ()
self.convl = nn.Conv2d(in_channels=3, out_channels=16, kernel_size=3, stride=1, padding=1)
self.conv2 = nn.Conv2d(in_channels=16, out_channels=32, kernel_size=3, stride=1, padding=1)
self.pool = nn.MaxPool2d(kernel_size=2, stride=2)
self.fcl = nn.Linear(32 % 56 * 56, 1000)
self.fc2 = nn.Linear(1000, num_classes)

forward(self, x):

x = self.pool(F.relu(self.convl(x)))
x = self.pool(F.relu(self.conv2(x)))
x = X.view(-1, 32 x 56 *x 56)

x = F.relu(self.fcl(x))

x = self.fc2(x)

return x

/.3 Visualizing Filters and Feature Maps

Visualizing filters and feature maps can help understand what
the CNN is learning.

matplotlib.pyplot plt

filters = model.convl.weight.data.cpu()
fig, axes = plt.subplots(4, 4, figsize=(10, ))

i, ax enumerate(axes.flat):

ax.imshow(filters[i].permute(1, 2, 0))

ax.axis( )]
plt.show()
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8.1 Introduction to RNNs

Recurrent Neural Networks (RNNs) are suitable for sequence
data, like time series or natural language processing.

8.2 Implementing RNNs in PyTorch

Let's build a simple RNN for sequence classification using
PyTorch.

(nn.Module):

(self, input_size, hidden_size, output_size):
super(SimpleRNN, self).__init__()
self.hidden_size = hidden_size
self.rnn = nn.RNN(input_size, hidden_size, batch_first= )

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

(self, x):

hO = torch.zeros(1l, x.size(0), self.hidden_size).to(x.device)

out, _ = self.rnn(x, hO)
out = self.fc(outl[:, -1, :1)

out

8.3 Sequence-to-Sequence Models

Sequence-to-Sequence models are used for tasks like
machine translation, where the input and output sequences
have different lengths.
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9.1Introduction to GANs

Generative Adversarial Networks (GANs) are used to generate
synthetic data that resembles the training data distribution.

9.2 Implementing GANs in PyTorch
Let's build a simple GAN for generating hand-written digits.

(nn.Module):
(self, input_size, output_size):
super(Generator, self).__init__()

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

(self, x):
out = self.fc(x)

out

(nn.Module):
(self, input_size, output_size):
super(Discriminator, self).__init__()

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

(self, x):

out = torch.sigmoid(self.fc(x))

out
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10.1 Dataset Preparation
In this case study, welll use the CIFAR-10 dataset.

import torchvision.datasets as datasets

transform = transforms.Compose( [
transforms.RandomResizedCrop(224),
transforms.RandomHorizontalFlip(),
transforms.ToTensor(),
transforms.Normalize(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225])

1)

train_dataset = datasets.CIFAR1@(root='./data', train=True, download=True, transform=transform)
val_dataset = datasets.CIFAR1@(root='./data', train=False, download=True, transform=transform)

train_loader = DatalLoader(train_dataset, batch_size=64, shuffle=True)
val_loader = Dataloader(val_dataset, batch_size=64, shuffle=False)

10.2 Building the CNN Model

Welll use a pre-trained ResNet-18 model and fine-tune it for
CIFAR-10.

torchvision.models models
model = models.resnetl8(pretrained=

num_classes =

model.fc = nn.Linear(model.fc.in_features, num_classes)
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10.3 Training and Evaluation

Now, let's train and evaluate the model on CIFAR-10.

criterion = nn.CrossEntropyLoss()
optimizer = optim.SGD(model.parameters(), 1r=0.01, momentum=0.9)

num_epochs = 10
device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
model.to(device)

for epoch in range(num_epochs):
model.train()
for inputs, labels in train_loader:
inputs, labels = inputs.to(device), labels.to(device)

optimizer.zero_grad()

outputs = model(inputs)

loss = criterion(outputs, labels)
loss.backward()

optimizer.step()

model.eval()
correct = 0
total = @

with torch.no_grad():
for inputs, labels in val_loader:
inputs, labels = inputs.to(device), labels.to(device)
outputs = model(inputs)
_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)
correct += (predicted == labels).sum().item()

accuracy = 100 * correct / total
print(f"Epoch [{epoch+1}/{num_epochs}] - Validation Accuracy: {accuracy %")
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10.4 Visualization of Results

We can visualize the model's predictions on sample images
from the validation dataset.

import matplotlib.pyplot as plt

imshow(img) :

img = img / 2 + 0.5

np_img = img.numpy()
plt.imshow(np.transpose(np_img, (1, 2, 0)))
plt.show()

dataiter = iter(val_loader)
images, labels = dataiter.next()

images, labels = images.to(device), labels.to(device)

outputs = model(images)
_, predicted = torch.max(outputs, 1)

imshow(torchvision.utils.make_grid(images.cpu()))
print('Predicted labels:', ' '.join(f'{predicted[j].item()}' for j in range(64)))
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Conclusion

This practical guide has covered various aspects of using
PyTorch for data science, including building neural networks,
handling data, training models, and applying advanced
techniques like transfer learning and GANs. By mastering
PyTorch, data scientists can effectively leverage deep
learning to solve a wide range of real-world problems across
different domains.




