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1 Introduction to PyTorch basics
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Why Torch?
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A simple torch code

import torch

import torch.nn as nn

import torch.nn.functional as F # Data loading

import torch.optim as optim train loader = torch.utils.data.DataLoader(train dataset, batch size=32,
shuffle=True)

# Define a simple neural network

class Net(nn.Module): # Define a loss function and optimizer

def  init (self): criterion

nn.CrossEntropyLoss( )

super(Net, self)._ init () optimizer = optim.SGD(net.parameters(), lr=0.001)
self.fcl = nn.Linear (320, 50)

self.fc2 = nn.Linear (50, 10) # Training loop
for epoch in range(10):
def forward(self, x): for inputs, targets in train_loader:
x = F.relu(self.fcl(x)) optimizer.zero grad()
x = F.dropout(x) outputs = net(inputs)
x = self.fc2(x) loss = criterion(outputs, labels)
return F.log softmax(x) loss.backward()

optimizer.step()
# Create an instance of the network

net = Net()
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Tensors

 Tensors are the core data structures in PyTorch, used to encode inputs and model weights.

* While many tensor operations resemble those of NumPy arrays, they are specifically optimized for
deep learning and can be transferred to a GPU for accelerated processing.

Numpy style operations Capability of GPU computing
tensor = torch.ones(4, 4)
print(f"First row: Jtensorx[0]?") # We move our tensor to the GPU if available
print(f"First column: {tensox[:, 0]#") if torch.cuda.is_available():
print(f"Last column: ftensor[..., =1]17") tensor = tensor.to("cuda")
tensox[:,1] = 0
print (tensor)

Easy converting from and to numpy array

Out:
First row: tensor([1., 1., 1., 1.])

n = np.ones(5)
First column: tensor([1., 1., 1., 1.])

Last column: tensor([1., 1., 1., 1.]1) t = torch.from numpy(n)
tensoxr([[1., 0., 1., 1.], n = t.numpy()

(1., ., 1., 1.1,

[1., ©., 1., 1.],

(1., 0., 1., 1.11)
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Datasets

* Torch can assist in loading and preprocessing datasets (Dataset-Dataloader pipeline). It also
provides a number of pre-loaded datasets (e.gMNIST).

* Hugging face also have similar module called Datasets.

Loading FashionMNIST Building a Dataloader

from torchvision import datasets
training data = datasets.FashionMNIST( from torch.utils.data import DatalLoader

root="data",
train dataloader = DatalLoader(training data, batch size=64,

train=True,
shuffle=True)

download=True,
train features, train labels = next(iter(train dataloader))

transform=ToTensor())

In practice, many researches opt to write their own data processing and sampling code to gain greater flexibility.
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Network structure

* In PyTorch, neural networks are defined by subclassing nn.Module. The network’s layers and
parameters are initialized within the  init  method, while the forward method specifies how

input data flows through these layers to produce the output.

* After instantize the network, the network do forward by passing the input data.

1 N 1Net k .Module): : i
class NeuralNetwor fertEiols i) Instantize and send weights to GPU
def init (self):

super(). init ()
self.flatten = nn.Flatten()

model = NeuralNetwork().to(device)

X = torch.rand(1l, 28, 28, device=device)
self.linear relu stack = nn.Sequential(

nn.Linear(28*28, 512),
nn.RelLU(),
nn.Linear(512, 512),
nn.RelLU(),
nn.Linear(512, 10),

logits = model(X)

It is easy to implement normalizing
methods (dropout batchnorm etc)

def forward(self, x):
X = self.flatten(x)
logits = self.linear relu stack(x)

return logits
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Auto differentiation

* Pytorch has a built-in engine called autograd to deal with gradients and updates.

- Pytorch have the notion of computation graph.

- Each time we pass input through the network
(forward pass), PyTorch dynamically constructs a
Parameters computational graph that tracks how the final output
is related to all tensors requiring gradients.

x = torch.ones(5) # input tensor - When you use backward(backward propagation) to
y = torxch.zeros(3) # expected output calculate the grad, pytorch calculates the gradient of
W = torch.randn(5, 3, xequires_grad=True) each component that requires_grad and store it.

b = toxch.randn(3, requires_grad=True)

z = torch.matmul(x, w)+b

loss = torch.nn.functional.binary_cross_entropy_with_logits(z, y)

Loss.backward()
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Optimization

* Optimization algorithms define how model parameters adjust to reduce model error in each
training step.

* Many optimization algorithms (e.g. Adam) are available in torch.optim.

# Define the optimizer

optimizer = torch.optim.SGD(model.parameters(), lr=learning rate)

# Within each training step, first reset the gradient of parameters
# Then calculate the gradients of the loss w.r.t. each parameter.

optimizer.zero grad()

# Adjust the parameters using gradients

optimizer.step()
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A simple torch code

import torch

import torch.nn as nn

import torch.nn.functional as F # Data loading

import torch.optim as optim train loader = torch.utils.data.DataLoader(train dataset, batch size=32,
shuffle=True)

# Define a simple neural network

class Net(nn.Module): # Define a loss function and optimizer

def  init (self): criterion

nn.CrossEntropyLoss( )

super(Net, self)._ init () optimizer = optim.SGD(net.parameters(), lr=0.001)
self.fcl = nn.Linear (320, 50)

self.fc2 = nn.Linear (50, 10) # Training loop
for epoch in range(10):
def forward(self, x): for inputs, targets in train_loader:
x = F.relu(self.fcl(x)) optimizer.zero grad()
x = F.dropout(x) outputs = net(inputs)
x = self.fc2(x) loss = criterion(outputs, labels)
return F.log softmax(x) loss.backward()

optimizer.step()
# Create an instance of the network

net = Net()
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2 Setup the colab environment
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Google Colab

* Google Colab, short for Colab, is a free,
cloud-based platform provided by
Google Research. It allows users to
write and execute Python code through

i a web browser.
: Google Colaboratory ,
_ * One of Colab's key features 1s the use

I Colab is a hosted Jupyter Notebook service that requires no setup to use - of Jupyter Notebooks

and provides free access to computing resources, including GPUs and E

TPUs. Colab is especially well suited to machine learning, data science,and  ® * Colab prOVideS free access to pOWGrflﬂ

education. hardware accelerators, including GPUs

and TPUs
Open Colab New Notebook

e Colab can mount google drive.

ﬁUNC GILLINGS SCHOOL OF
L8 GLOBAL PUBLIC HEALTH




bios740

Setup

AlMode All Images Shopping Videos News Shortvideos More ~

BIOS740 Q Search BIOS740 BigS2Lab  UNC Biostatistics

GitHub
https://bios740.github.io

®
BIOS740 | Deep Learning for Biomedical Applications

Short Courses | JSM2025

About s Deep Learnlng Methods in Advanced May 20, 2025 — Deep Learning Methods for Biomedical Applications with PyTorch.
e lsmv Statistical Problems 7 The University of North Carolina at Chapel Hill
Staff NASHVI_IL,.LI_EC - JSM 2025 Short Course = https://www.bios.unc.edu > ~dzeng > Bios740
Calendar II\I}JG]\IIJ];]TI;;;O;S BI0OS740 Homepage
SRortCoursas = swm;‘mhm Nashville, Tennessee BIOS740 covers statistical learning and personalized medicine, including topics like dynamic treatment
s | August 3, 2025 regimes and causal inference.
ICSA2024
Introduction
This short course. is designed .for researchers in statistics and data analysis who ?re. eager to explore o We 0 ffer tWO smal] CO dln
the latest trends in deep learning and apply these methods to solve complex statistical problems. The g
course delves into the intersection of deep learning and statistical analysis, covering topics familiar to SGS SiOIlS in the ShOI’t COU.I'SG .

statisticians such as time series analysis, survival analysis, and quantile regression. Additionally, it
addresses cutting-edge topics in the deep learning community, including transformers, diffusion

models, and large language models. In this one-day short course participants will gain hands-on PY FlI'St, Op en the COUI'SC page

experience in exploring and applying deep learning methodologies to tackle various statistical

challenges. Basic knowledge of Python programming will be helpful but not necessary. https ://bio S74 0. github .iO/ and go
to JSM2025

Coding Sessions

Sessien Openin Colab * Then open the first colab program
Session 1: Introduction by Clickin g
Session 2: Generative Models
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https://bios740.github.io/

Code session — Pytorch Basics

* Change the runtime type to T4 GPU to have access to GPU computing resource.
packages.ipynb

Resources

pip install accerlate

transformers

device Cl tor Change runtime type

model AutoModelForCz Runtime type

Python 3
tokenizer AutoToken

Hardware accelerator @
prompt ¢
messages O cru O awoepu () L4GPU (@) T4GPU

O TPUV2

text = tokenizer.apply High-RAM (::)
messages,
tokenize .
add_generation_prc

model_inputs tokenize
generated_ids model.generate
model_inputs.input_ids,

max_new_tokens

generated_ids
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Code session — Pytorch basics

In this section, we’ll work through a hands-on task together to get a practical introduction to deep learning and
PyTorch coding.

FashionMNIST Image Classification

In this task, we’ll classify clothing images from the FashionMNIST dataset.
We’ll start with a basic fully connected neural network and then try a CNN to see how different architectures impact

performance.
Label Description Examples
0 T-Shirt/Top , iTER
'S A | T KR
1 Trouser 17NN KR
1an.i anin
2 Pullover @ mm; mme A
3 Dress ?T\! 3 ! % ‘ %‘ g
ﬂl : 'Hl . ! | :l II‘ ..
4 Coat 1IL LIW-E
ARA L | L
5 Sandals AR F A - . ity
7'J ..! ¢ v %
6 Shirt Hi\ |
7 Sneaker
8 Bag a.@ﬁ ‘I,._ - g lﬁ'uwi .
=S L A= o e 5 B VD gy O g OO
9

Ankle boots _hj J}-l AJJJJA EJJJJJJJ
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3 Resources — Hugging-face, tensorboard, W&B
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Hugging Face (&

Hugging face is something you need to know in the era of transformers.

1. Transformers: A widely known python package providing state-of-the-art

implementations of popular transformer based models such as VIT, BERT, GPT (Yes
LLM!), and many others.

2. Model Hub: A place where users share pretrained models. Especially pretrained large
language models.

3. Datasets: A library providing a wide range of datasets for different machine learning
tasks.

e Hub

Host Git-based models, datasets and Spaces on the
Hugging Face Hub.

Datasets Transformers

Access and share datasets for computer vision,
audio, and NLP tasks.
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State-of-the-art ML for Pytorch, TensorFlow, and
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. Spaces

Discover amazing Al apps made by the community! Create new Space  or *3 Learn more about Spaces

Q_ Search Spaces Browse * ZeroGPU Spaces 7 Full-text search Tl Sort: Trending

Y Spaces of the week &

Running Q9 Running on ZERO Running

a Hugging Face Q Search models, datasets, users... # Models & Datasets

Stable Audi:;.l.-iveiMultipIayer GLiNERﬁhdyLab

NPC Im‘ound

Tasks Libraries Datasets Languages Licenses Models 715,568 # Filter by name

oth ® cubzh 9daysago @ wangfuyun 10daysago » ameerazam08 7daysago e knowledgator 14 days ago
er

Q 216 © 419

UMﬁsD To@er CraftsMan: Higb;gy Mesh Gene... Text To lmmaderboard
]

Create a 1M faces 3D colored model from an image!

Q121 Q 56

Running on ZERO Running on ZERO Running on ZERO Running

s stabilityai/stable-diffusion-3-medium
% Text-to-lmage « Updated 1 day ago « X 2.72M « © 1.96k

Q_ Filter Tasks by name

Multimodal

Image-Text-to-Text s stabilityai/stable-audio-open-1.0
B Text-to-Audio « Updated 4 days ago « L 55.7k » © 563

® Wuvin 10daysago @ Doubiiu 13daysago @ wyysf 9 days ago ArtificialAnalysis 3days ago

Visual Question Answering

Document Question Answering ) 2Noise/ChatTTs

%y Text-to-Audio « Updated 7 days ago « & 29.1k « © 984

Computer Vision

& Datasets: # tatsu-lab/alpaca_eval © ©like 43

£ Depth Estimation Image Classification
> Qwen/Qwen2-72B-Instruct License: & cc-by-nc4.0
5  ObjectDetection %  Image Segmentation @ Text Generation « Updated 8 days ago » . 47.4k « © 297
%  Text-to-lmage Image-to-Text ) . .
# Dataset card ’I= Files and versions @ Community
. meta-llama/Meta-Llama-3-8B
Image-to-Image Image-to-Video

[ Text Generation « Updated May 13 « & 1.09M « © 4.7k
Unconditional Image Generation
= —— - 8B Dataset Viewer
Video Classification »  Text-to-Video > Qwen/Qwen2-7B-Instruct
B Text Generation « Updated 8 days ago » & 40.6k » < 240 The v:i.ewer is disa.lbled bécause this c.iataset repo requires arbitrary Python code exec
removing the loading_script and relying on automated data support (you can use convex
datasets library). If this is not possible, please open a discussion for direct help.

) Zero-Shot Image Classification

Mask Generation
meta-llama/Meta-Llama-3-8B-Instruct

#:  Zero-Shot Object Detection &  Text-to-3D [ Text Generation « Updated 16 days ago « % 2.64M « < 2.63k

imageto 30 image Feature Edraction README.md exists but content is empty. Use the Edit dataset card button to edit it.
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TensorBoard

TensorBoard TIME SERIEE  SCALARS  IMAGES  GRAPHS 5 STOGRAMS INACTIVE - n. cC o 0®
Q Filter muns (regex) -_E}, Filter tags (regex) Al Scﬂlg rrungpe Hisbogram # le‘l
Run ® X Pinned - Settings »
%ﬁggﬂiin . Pin cards for & quick view and companison GEMERAL
T317/adaton @ SpahsmcUToy - Step -]
een @ e R P 5 * TensorBoard is an interactive
e @ visualization tool. It is used to
N monitoring the training and testing

s —— process and select hyper

Tooltip sorting method parametel's .
[Wml - ]
0as
| | Ignore outliers in chart scaling PY It Offers more ﬂeXibility than tqdm.
a 13- 1 1.5 2 25 3 k3] 4 D Partition mor-monotonic X axis (B
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epoch_loss - =
Offset D
epoch_loss :I i
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n.42 e
* 0,
- Contrasg
—o 15
038
D Show actual image sine
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Weights and bias
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Weights and bias
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