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Fundamentals of Deep Learning

2 0 2 6 Deep Learning Methods in Advanced
SPRlNG Statistical Problems

-- ENAR 2026 Short Course

Lec1: Introduction to Deep Learning, PyTorch & Basic
Algorithms

MEETING
March 15,2026

Introduction

Lec2: Neural Networks Fundamentals Indianapolis, Indiana

THE OPTIMIZATION ENGINE
Core methods for training deep neural architectures.
Trining ilion parametermodet

Basic Network Structures

Lec3: Convolutional Neural Networks (CNN) Lﬁ

Lec4: Recurrent Neural Networks (RNN) and Long SELFA‘I‘I'ENTIONIPARAI.LEI.ISM ) ) . ) o .

Short-Term Memory (LSTM) T This short course is designed for researchers in statistics and data analysis who are eager to explore

- CuROSITY-ORIVEN the latest trends in deep learning and apply these methods to solve complex statistical problems. The

EXPLORATION (CDE)

course delves into the intersection of deep learning and statistical analysis, covering topics familiar to
Lec5: Graph Neural Networks: GNN, GCN cuate 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

[ Hw 2 DUE ] models, and large language models. In this one-day short course participants will gain hands-on
Lec6: Generative Adversarial Networks (GAN) : experience in exploring and applying deep learmning methodologies to tackle various statistical

cepeRAT occ e challenges. Basic knowledge of Python programming will be helpful but not necessary.

Use a generator-discriminator competition. Integra
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https://bios740.github.io/short/

Foundations of Deep Learning Methods

Dr. Hongtu Zhu
Kenan Distinguished Professor
University of North Carolina at Chapel Hill
URL: www.med.unc.edu/bigs2/
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Content

1 Introduction to Deep Learning

2 Neural Network Basics

3 Tabular Data and Fully Connected Neural Network (FCNN)
4 Loss Functions

S Optimization Techniques

6 Computer Vision and Convolutional Neural Networks (CNN)

7 Language Modeling and Recurrent Neural Networks (RNN)
8 Graph Data and Graph Neural Networks (GNNs/GCNs)
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics
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S Old Models Representation Learning
s Shift from Networks autonomously Artificial neural networks: layers of
L psychqlo?lcal/ extract high-level d neurons, f
s physiological models “miir-product” features by non-linear activation
= from raw data. functions (e.g., ReLU, Sigmoid)
3 to learn patterns.

3. Backpropagation & Tabular Data

Backpropagation MLP
(1986?

—_——
Enabled O % Tabular Data (FNN/MLP):

( @ } g“ﬁ.c;::t training Health & Finance (credit

assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Leamning Rate Schedule
Deep networks create ~ Ueembecsy  Trained via SGD &
o e —eeoey | Aa

— sudnassDecay Adam with learning
landscapes.

b e schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies
Loss Functions: Dropout and Weight Decay simplify model
Measure error (MSE
for regression,
Cross-Entropy for

classification).

6. Computer Vision & CNNs

CNNs use sp icati

filters to extract Autonomous Vehicies,

spatial features. Medical Imnginq((llesket
for deep networks).

A of how well a
distribution or probability model predicts a sample.

RNN/LSTM

Transf “Self.
to process all tokens in parallel,
improving translation speed/accuracy.

A(Q.K,V)=0(QKT)V

® [ boes

RNNSs: Process sequences i applleatlnns:

one element at a time. i |_Laha‘:lllne Translation,
IS.

8. Graph Data & GNNs Architectural Comparison: Strengths by Data Type

"/5 FNN/MLP  Tabular/Structred  Dense Layers  hinance & Health (9
N \ - Medical I
& 7\ cl CNN Spatial/images  Convolutions  tiedica imegina’ gy
ci e RNN/LSTM  Sequential/Time ~ Recurrent States Speech-to-Text &)
if- Machine ‘
i, o teote Lty
s): Excel at relationa rug Discovery. Di: v
Sm ere symmetry is key. Soe?-lthwo 5 o Relational/Graphs  Message Passing 800 DiSeate X'
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Deep Learning

Deep Learning

Many hidden layers Supervised, semi-supervised, unsupervised
Learn adaptive parameters

e Use a cascade of multiple layers of nonlinear processing units for feature extract and transformation
e Learnin supervised and/or unsupervised manner

* Learnrepresentations in different level of abstraction

Why popular?

* Chip processing ability ‘ Deep models to efficiently exploit complex,

* Increased size of data for training compositional nonlinear functions to learn

* Advances in machine learning and distributed and hierarchical feature
signal/information researches representations, to make best use

ﬁ‘ l l P | GILLINGS SCHOOL OF
lﬁp GLOBAL PUBLIC HEALTH




Historical Summary

Deep Neural Network
(Pretraining)
Multi-layered SVM "
XOR Perceptron
ADALINE (Backpropagation)
4 4 A
Perceptron
[ Golden Age il Dark Age (“Al Winter") |
Electronic Brain

L
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V. Vapnik - C. Cortes

S. McCulloch - W. Pitts

X AND ¥ XORY NOT X @ . ——— Foward Activity —pp "t . g K i ,‘
e o0 ‘@O - - Tk S S AR S
R4 X . R o . -
7 AN i/ \ . N % 2 v 3 2 3 .
s+ 2 1741 - = ' Y | . 0o l .' 4 ) o . X q .
/!\. x/!\ ! ° 0 °° €— Backward Error & - . = =
 Learnable Weights and Threshold « XOR Problem + Solution to nonlinearly separable problems  + Limitations of leaming prior knowledge * Hierarchical feature Leaming
* Big computation, local optima and overfitting + Kernel function: Human Intervention

* Adjustable Weights
* Weights are not Learned
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Deep Learning Explosion

NATIONAL Al RESEARCH INSTITUTES m THE NOBEL PRIZE 2 THE NOBEL PRIZE
seec Awards b year IN PHYSICS 2024 : IN CHEMISTRY 2024

Select Awards by Institution

John J. Hopfield  Geoffrey E. Hintor

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

Baker Hassabis Jumpet

“for computational “for protein structure prediction”
protein design”

THE ROYAL SWEDISH AC CES THE ROYAL SWE

Title [+]

Deep Residual Learning for Image Recognition

Analysis of Relative Gene Expression Data Using Real-Time Quantitative PCR and the 2-AACT M
Using thematic analysis in psychology

Diagnostic and Statistical Manual of Mental Disorders, DSM-5

A short history of SHELX

Feature :

PAPERS 0 F I H E i Randomn Forests
Attention is allyou need
N ImageNet classification with deep convolutional neural networks
- kM Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for:

= ¥H Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for &

'E ikl Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA Statement
-8 U-Net: Convolutional Networks for Biomedical Image Segmentation
pE-Wl Electric Field Effect in Atomically Thin Carbon Films

p Y Fitting Linear Mixed-Effects Models Using lme4

© oo N OhAWN MR

An exclusive Nature analysis reveals the 25 highest-cited E%a Scikit-learn: Machine learning in Python

papers published this century and explores why they EEY Deep leaming

are breaking records. By Helen Pearson, Heidi Ledford, i Common Method Biases in Behavioral Research: A Critical Review of the Literature and Recom
Matthew Hutson and Richard Van Noorden PYoll Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2
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Deep Learning Platforms

f Q B¥ Microsoft 44 PaddlePaddle
ner CNTK g
TensorFlow  Chainer PYTORCH

theano Keras O Caffe2




Applications - Vision
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Applications — Medical Imaging

Segmentation Annotation U-Nets

SimpleClick Demo

Load {mage | Save mask me.m Exit
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(Clicks managesent
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m
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____________ 3
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Interactive Image Segmentation with Simple Vision Transformers. ICCV,, _ . , | , , ,
Minaee, Shervin, et al. "Image segmentation using deep learning: A

22290-22300. 2023 survey." IEEE PAMI 44.7 (2021): 3523-3542
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Application - Language

Language Translation in Natural Language Processing

Deep learning enhances real-time, accurate translation of languages, as seen in tools like Google Translate. The following picture
shows the translation of a webpage from English to Chinese.

+ Facebook Al is introducing M2M-100, the first multilingual machine

translation (MMT) model that can translate between any pair of 100
languages without relying on English data. It’s open sourced here.

» When translating, say, Chinese to French, most English-centric multilingual

models train on Chinese to English and English to French, because English
training data is the most widely available. Our model directly trains on
Chinese to French data to better preserve meaning. It outperforms English-
centric systems by 10 points on the widely used BLEU metric for evaluating
machine translations.

+ M2M-100 is trained on a total of 2,200 language directions — or 10x more

than previous best, English-centric multilingual models. Deploying M2M-
100 will improve the quality of translations for billions of people, especially
those that speak low-resource languages.

+ This milestone is a culmination of years of Facebook Al’s foundational work

in machine translation. Today, we’re sharing details on how we built a more
diverse MMT training data set and model for 100 languages. We're also
releasing the model, training, and evaluation setup to help other researchers
reproduce and further advance multilingual models.
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New Tools to Support Independent
Research

November 21, 2023
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Meta

Meta and Christian Louboutin File
Joint Lawsuit Against Counterfeiter

November 16, 2023
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- Bt ERPXEREREER, ASBNRERPONSEEREPREPIEIR

BNRENEE LHTIIE, BREENSBIBRBTZIMAN. RINORRER
MR XERENBIRATIIG, UEFHRES N, EIZERNATIHENSES
B BLEU $EIF L, EHEMRERFONRLARE 10 TR,

+ M2M-100 8327 83t 2,200 MES A @MIE, LEIXGIRFN. UEGERBL

MZIEEMERT 10 {5, BHM2M-100 BHYHZARBEFHAR, LREHD
LERRREZIESMA.

« X—Ef2H#R Facebook Al BERIENBEFVAEM TIFNSER, K, EN

AN 100 MIEEHREMSHAE MMT IISBERIMLOHEES.
REASH TR, ISHHERE, WEBRETRAR B S SE
=,

XERIARNF TR
2023 1MAB 218

>
~
S

7T
Meta # Christian Louboutin A B &2




Application - Language
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ChatGPT

4

Capabilties

said
Remembers what user
earlier in the conversstion

folow &
Alows user 0 P
corrections

Trined to e ;

Large language models

Large language models can perform
various tasks such as answering questions,
generating creative content, summarizing
text, translating languages, and engaging
in conversations. It’s designed to
understand and generate text in a
coherent and contextually relevant
manner.

https://www.nature.com/articles/d41586-025-03015-6



Application - Decision

March 2016, AlphaGo made Reinforcement learning methods
headlines by defeating Lee Sedol. have shown priority in video games.
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Application — Autonomous Driving & Robotics
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Some Future Directions in DL for Biostatistics

Self Assessment Research Findings

A
Al-driven Public
Health Interventions

Utilizing deep learning models to analyze
large-scale public health data for informed
decision-making and policy development.
Allowing better resource allocation, and more
effective epidemic control strategies.
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One-size-fits-all

Advanced Drug
Response Modeling

Using deep learning to model and
predict individual responses to drugs,
considering genetic, environmental,
and lifestyle factors. Developing more
effective personalized treatments.

Sequencing platforms ~~ Metagenome _

// Transcriptorne Matabolome Healthy Disease
v UL " Module 1
Ep:genome i 8 Modulsz-
Proteome A
. f Module 3
i
_. > |1H|l|

Mass spectrometry platforms

Integrative Analysis of
Multi-omic Data

Leveraging deep learning to integrate and
analyze data from genomics, proteomics,
metabolomics, and other omics fields for a
comprehensive understanding of biological
processes and disease mechanisms.



Generalist Medical Artificial Intelligence

Foundation Models in Medicine: These models leverage large-scale datasets and generalizable architectures to address
diverse medical tasks, moving beyond task-specific Al systems.

Generalist Al: Unlike traditional models, foundation models aim to function across multiple domains, such as imaging,
text, and genomics, enabling integration of multimodal data for holistic medical insights.
Challenges:

* Data heterogeneity: Medical data comes in varied formats, requiring harmonization.

* Privacy and ethics: Ensuring secure, unbiased Al while maintaining patient confidentialitv.

Perspective

* Interpretability: Providing clinicians with actionable insights from Al outputs.

Multimodal sef-supervised training Medical domain knowledge Flexible interactions

Applications: Ir
* Diagnostics: Detecting diseases across imaging modalities (e.g., radiology). NS o
* Prognostics: Predicting patient outcomes using integrated data. e \’“!’

. . . . . . . inical e Mutimodal inputs
* Personalized medicine: Tailoring treatments based on multimodal patient profiles. e L

Future Directions: 2 % g H
* Collaboration between Al experts and clinicians to co-design models. 9 9

Chabc for Interactive Augmented ~ Grounded  Text-to-protein Bedddecm
patients note-taking procedures adogypo gnerm

* Development of robust validation frameworks for clinical adoption. o 1558350 054

Fig. aAG i outtasksthat the user can specifyin real time. For this, the GMAI model can
s % A = i : 4 A

* Advancing explainability and trust in Al-driven medical decisions. i g
Moor, M., ... ., Rajpurkar, P. (2023) Nature. v :




The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics
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3. Backpropagation & Tabular Data

2 Neural Network Basics

Backpropagation
1986)
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4. Loss Functions & Landscape 5. Optimization & Regularization
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6. Computer Vision & CNNs
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filters to extract Autonomous Vehicies,
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A of how well a
distribution or probability model predicts a sample.
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to process all tokens in parallel,
improving translation speed/accuracy.
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What Exactly 1s Deep Learning?




Deep Learning

Deep learning is a subset of machine learning that focuses on training algorithmic neural
networks to perform tasks. Its algorithms were inspired by the working of the human brain.

It's characterized by the use of multiple layers (deep architectures) that allow networks to learn
hierarchical representations of data and to learn to complete specific tasks.

In contrast to traditional machine learning/data models, which often requires manual feature
extraction, deep learning can automatically learn features from raw data, which you can think of as
patterns that occur within the data.

Deep learning can be used for supervised, unsupervised, self-supervised, semi-supervised,
generative, contrastive, few-shot, as well as reinforcement learning.

Objective: teaching computer how to learn a task directly from raw data

DUNC
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Backbone of DL - Neural Networks

Neural networks, also called artificial neural networks (ANNSs) or simulated neural networks (SNNs),
are a subset of machine learning and are the backbone of deep learning algorithms.

The neural network 1s inspired by the human brain’s interconnected neurons. They are called “neural”
because they mimic how neurons in the brain signal one another.

* It consists of layers: an input layer, one or more hidden
layers, and an output layer.

* The “deep” in deep learning refers to the depth of layers
in a neural network.

* Usually, a neural network of more than three layers,
including the inputs and the output, can be considered a
deep-learning algorithm.

Output Layer

Input Layer
Hidden Layer Hidden Layer

Further details on neural networks will be in upcoming courses.
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Neural Network Basics

Recap:

What is the relationship between neural network and deep learning?

What are the three types of layers in neural network?

Neurons (Nodes)
e Fundamental units of a neural network.

* Receive input signals and perform

computations and produce an output.

* Neurons in hidden and output layers may
use activation functions.

* Activation functions introduce non-

linearities for learning complex patterns.
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Neural Network Basics

Channels (connections)

* The information is transferred from one layer
(or neurons) to another layer (or neurons) over
connecting channels.

* Each connection is associated with a weight

value that determines the strength of the
connection. These weights can be adjusted

during training to influence the network's

behavior,

* The output of one neuron 1s multiplied by the

weight of the connection and passed as input to Output Layer

the connected neuron in the subsequent layer.

Input Layer
Hidden Layer Hidden Layer
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(X1 0.1+ X, x0.8)

Neural Network Basics

Bias

* Biases are also adjustable parameters associated

with the connections between neurons in neural

uuuuuuuuuu

networks, which is added to the weighted sum
of inputs at each neuron and then applied to
activation function.

It allows the network to account for potential ‘
systematic errors or deviations from the 1deal
relationship between inputs and outputs.

* Bias is conceptually similar to the intercept in

linear regression, providing flexibility for the

Output Layer
network to fit data more accurately.

Input Layer
Hidden Layer Hidden Layer
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Neural Network Basics ¥

(X1 0.1+ X, x0.8)

Activation function

 Activation functions are threshold values that

uuuuuuuuuu

introduce non-linearities into the neural

network, enabling it to comprehend complex
relationships between mputs and outputs.

*  Common activation functions: sigmoid, tanh,
ReLU (Rectified Linear Unit), and softmax.

 The results of the activation function determine X1
if the particular neuron will get activated or not.

* An activated neuron transmits data (or X,

information) to the neurons of the next layer Output Layer

through channels.

Input Layer
Hidden Layer Hidden Layer
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Activation Function - The Gateway to Non-Linearity

* Introducing Non-Linearity: Activation functions introduce non-linear properties to the
network, enabling it to learn complex data patterns beyond the capability of linear models.

*  Transforming Inputs to Outputs: It takes mput from previous layers and converts it to some
form of mput for the next layers.

* Essential Building Blocks: It decides what 1s to be fired to the next neuron.

*  Beyond Linear Modeling: Without non-linearity, neural networks would be limited to linear
decision boundaries, similar to linear regression.

* Crucial for Performance: Non-linear functions allow neural networks to solve advanced
problems like image and speech recognition, and natural language processing.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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Activation Functions

a) b) c)

20 a) Logistic sigmoid and tanh
| functions.
sigl S | | softplusiz] b) Leaky ReLU and parametric
0,04 | LRelU[2] ReLU with parameter 0.25.
© o GelU[z] . .
1 SiLU[z] c) SoftPlus, Gaussian error linear
[ tanh[z] | PRelU[z,0.25] 1 unit, and sigmoid linear unit.
ol - - . - . d) Exponential linear unit with
4.0 0.0 4.0 -4.0 0.0 4.0-4.0 0.0 4.0 parameters 0.5 and 1.0.
d)m ) f) e) Scaled exponential linear unit.
f) Swish with parameters 0.4, 1.0,
and 1.4.
Y | swish|[z,1.4]
—0.0 ELU[z,0.5] e wishlz, 1.0]
["EU[z, 10 ] SELUE |
00 0.0 4.0 -4.0 0.0 4.0-4.0 0.0 4.0
Z 2z 2z
2
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Training of a Neural Network

2 Steps . Forward Propagation

1. Forward Propagation

* Forward propagation is how neural networks make predictions.
* Involves passing input data through the network layer by layer to the
output.

2. Backpropagation

* Backpropagation is the process of adjusting the weights of the Backpropagation
network by propagating through the neural network backward.

0D0Q00
(

* Involves calculating the gradient of the loss function with respect

)

Q0O«

to each weight by the chain rule.

0]0]010]010]0)0)0)0)

* The weights are adjusted in the direction that reduces the loss.

)

OT

Both steps are iteratively repeated for several epochs to minimize the
loss and improve the model's accuracy.

[0101010(0]07010]010)010)0]0)0)0)

QQO0LO0O0 -+

O00C
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Fitting DL. Models

AS=Applied Statistics

Define a set of functions/models

Find a criterion/measurement of goodness —

loss( + regularization)

4

Get the best model for the problem

Al=Artificial Intelligence

Design the neural network

4

Find a criterion/measurement of goodness —

loss( + regularization)

4

Get the best model for the problem



Types of Deep Learning

The neural network learns to
discover the patterns or to cluster the
dataset based on unlabeled datasets.
There are no target variables.

\
\

\ s’
s’
DDPG -~ _‘
e -
,/
,/
,/
,/
’

An agent learns to make decisions in Reinforcement

an environment to maximize a
reward signal. The agent interacts Le arning
with the environment by taking action

and observing the resulting rewards.

Neural network learns to make
Deep Q predictions or classify data
Network based on the labeled datasets.
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Workflow of a Typical DL Project

’ ini Modelin
Data Preprocessing\ Training Dataset g

-
==
Cleaning Data Define model architecture and hyperparameter
Input Layer Hidden Layer Output Layer

Validation Dataset

Scaling Numeric —N
Data Acquisition Ea . ZEM’

. Public Datasets
Test Dataset

e Databases i
. Handling g.
. Web-SCFaplng Categorical Data UM
*  Crowd Labeling & text
\ ) Splitting Data

Understand i ini
Problem Trining
sample
l Hyperparameter Tuning 5 0.37 037
Regression Classification | " > P—
I a © MSPE ) Prgg:islowkecall Image E 0.50 y= - Dog
| Qa Unsatisfactory A e , 013 0.13
‘ - oAdjusted R Square o Log-Loss E hree rediction represented Predicted
N — Tune hype rparameters Label nTlelJl! " i::save:tnr " class[\n::erren]
*  Tweak architecture
*  Addregularization « cViErmor
Depl oyment g . Hcve:ristic methods

to find K
* BLEU Score (NLP)

. Study why the model is
struggling

Acceptable
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Face Recognition System

Image o o
Acquisition Face Recognition Model Training
l
=~ I
a
f o '
|
Camera i]7 :
i

Face Matching

Results

. VVV’UX
Monitor
Videos

ﬁ'—"\ UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics

= o

2 )

= & :

52 JED

W=

% = Old Models Representation Learning

s Shift from Networks autonomously Artificial neural networks: layers of
< psycholo?lcal/ extract high-level d neurons,

s physiological models “miir-product” features by non-linear activation

= from raw data. functions (e.g., ReLU, Sigmoid)
3 to learn patterns.

=

3. Backpropagation & Tabular Data

Backpropagation
1986)

Enabled - e

3 Tabular Data and Fully Connected gy
Neural Network (FCNN)

Leaming Rate Schedule
Deep networks create - besmoec  Trained via SGD &
nonPcorwex = aanywidy

— sudnassDecay Adam with learning
landscapes.

b e schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies
Loss Functions: Dropout and Weight Decay simplify model
:Aeasure arlror (MSE P ing
for regression, small¢
Crosesg-Entrop for \ e

classification).

6. Computer Vision & CNNs

CNNSs use speci icati

filters to extract Autonomous Vehicies,

spatial features. Medical Imnginq((lleske\
for deep networks).

A of how well a
distribution or probability model predicts a sample.

RNN/LSTM

Transf “Self.
to process all tokens in parallel,
improving translation speed/accuracy.

A(Q.K,V)=0(QKT)V

® [ boes

RNNSs: Process sequences i applleatlnns:

one element at a time. i |_Laha‘:lllne Translation,
IS.

8. Graph Data & GNNs Architectural Comparison: Strengths by Data Type

s, Finance & Health
7 ™\ o FNN/MLP  Tabular/Structured  Dense Layers  L0anCe QU
N Medical Imaging/
cl
& \ 7/ CNN Spatial/Images Convolutions. Object Detection =
ci o cl RNN/LSTM  Sequential/Time  Recurrent States Speech-to-Text &)

Machine
RS, vl ot retstional x‘,n Di s =
s): Excel at relationa rug Discovery.
Sata ere symmetry is key. Soe?:l Networks. o Relational/Graphs  Message Passing S00DSeaen’ >,

A NotebookLM
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What is Tabular Data?

Tabular data are organized like a spreadsheet: rows are units (patients, visits, samples, genes, hospitals), and
columns are variables measured on those units.

DUNC

Clearly tabular examples

e Clinical trial CRFs

e Cohort / registry data

e Survey data (e.g., demographics,
exposure, outcomes)

e Administrative / claims tables

Also tabular in practice

* EHR extracts (labs, meds, diagnoses)
® Biobank phenotypes and covariates
* Proteomics / metabolomics matrices
e Gene-expression count matrices

Tabular after summarization

e Imaging-derived features

e NLP features from notes

e Wearable summary metrics

e Variant annotations and burden
scores

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

8 Tabular

Structured patient
data (EHR, biobanks,
surveys)

Patient Age Sex Promare | Diges

001 49 F 35-000 (8
003 38 F 35260 G
004 25 F 34-000 [

004 66 F 35-04.0 e

e Risk prediction
e Survival analysis
e Causal inference

Key Tasks

* Risk prediction
¢ Survival analysis
e Causal inference

Medical imaging
(MRI/CT, pathology
slides)

¢ Detection & segmentation

« Diagnosis / grading
* Modality translation

Key Tasks

» Detection sequence
« Phenotyping

» Modality translation

Unstructured language
(clinical notes)

clinical note:

Chest pain of possible cardiac origin.

HPI: 55-year-old male presenting
with chest pain rediating to the left
arm. PMH significant for HTN, DM.

Assessment. Suspected acute
coronary syndrome.

s Information extraction
» Phenotyping
o Summarization & retrieval

Key Tasks

* NLP pipeanes

» BERT /transformers
° LLMs, RAG

Biological networks
(PPI, pathways, connectomes)

e Link prediction
e Node/graph classification
o Pathway analysis

Key Tasks

o Noisy/incomplete edges
e Scalability

e Evaluationfiablity



Modern DL Model Architectures

Fully Connected Neural Networks (FCNNs)

|nput Hidden Hidden Output
» Key Features: Processes fixed-length feature Layer Layer 1 Layer 2 Layer

vectors using stacked dense layers.

 Key Components:
* Dense Layers: Every unit connects to all units in the

next layer.
» Activation Functions: ReLU, tanh, or sigmoid

introduce nonlinearity.
» Regularization: Dropout, normalization, and weight

decay improve generalization.

Dense layers transform all input features into
« Example Models: MLPs, feedforward neural progressively higher-level representations.

Figure. Basic FCNN structure.

* Applications in Biomedicine:

networks.

 Risk prediction from EHR, lab, and survey data.

* Classification/regression for omics and biomarker panels.

GILLINGS SCHOOL OF
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Single-Layer Neural Network

g(z,) Hidden layer:

25 z= b, +X"WW

9{z3) Output:

4zs) Y= by +X'W®
“Single layer” refers to a
network that has one layer of
hidden nodes between the input
and the output layers.
Corresponding code:

g(zm) Output self.hidden = nn.Linear (3, m)

w2 self.output = nn.Linear (m, 2)
Hidden Layer

T-‘m UNC GILLINGS SCHOOL OF
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Shallow Neural Network

Universal Approximation Theorem
Cybenko (1989) and Hornik (1991)

A feed-forward network with a single
hidden layer containing a finite number
of neurons can approximate continuous
functions on compact subsets of R", under
mild assumptions on the activation function.

T:ﬁr 'LJNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH

Hidden layer

Input layer Output layer

. Neuron or
Weight " hidden unit

D
y; = djo+ > djahad,
d=1



Multilayer Perceptrons (MLP)

* Definition: A Multilayer Perceptron (MLP) is a class of feedforward neural network (or fully
connected network) that consists of at least three layers of nodes: an input layer, 2+ hidden layers, and
an output layer.

*  Hyperparameters: The width of a network refers to the number of hidden units in each layer, while
its depth indicates the number of hidden layers. The total number of hidden units serves as a
measure of the network's overall capacity.

* Key Characteristics:

*  Multiple Layers: Unlike single-layer perceptrons, MLPs have multiple layers of neurons in a
directed graph, meaning that each layer feeds mto the next.

* Dense Connections: Each neuron in one layer connects with a certain weight to every neuron in
the following layer, facilitating complex data representations.
*  Why Multilayer?
* Single-layer networks are only capable of learning linearly separable functions. MLPs can
overcome this by learning non-linear decision boundaries.

GILLINGS SCHOOL OF
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Fully Connected Network

hy = a[B;+ Qx| By € R* o B, eR? B, € R? Bs € R?
hy = a8 +Qh
h3 — a:,BQ + ﬂghg]

i
sﬁ.

ié‘{#
; e
it
éﬂ
QIO
M
&

}

hK = a[IBK—l —|— QK—lhK—l] Q€ R4%3 O c R2x4 Q, R3%2 Q, € R2%3 )
Input, x Hidden Hidden Hidden C 5
y = ’BK T QKhK' ’ layer, h; layer, ho layer, hg )
D; =3 D=4 Dy =2 7. D

y = /BK + Qra [/BK—l + QK_la[. : ./62 + sa [,81 i Qla[ﬁo e Q()X]] - ]] .

** When it’s used:
¢ Great for tabular data and low-dimensional features
» Common as the classifier “head” on top of CNN/Transformer features
» Limitation:
¢ For images or sequences, fully connected layers can be parameter-heavy and ignore spatial/temporal structure,
so CNNs/Transformers are often preferred for those inputs.

DUNC

L0

L0

>

L)

D)

L)

0

*
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Deep Neural Network

Shallow vs deep networks

s both networks can approximate any function given
enough capacity,

s deep networks produce many more linear regions per
parameter,

+* some functions can be approximated much more

efficiently by deep networks,

K/

** in practice, the best results for most tasks are achieved

Hidden Hidden Hidden
Input, x layer, h; layer, ho layer, hg Output, y using deep networks with many Iaye Is.
D, =3 Dy =4 Dy =2 Dy =3 D, =2
Yy = Bg +Qka[Bg_; +Qx_1al... By + QaB, + a8, + Qox]].. ]].

s* The number of hidden units in each layer is referred to as the width of the hy = a[f;+ Qox]
network, and the number of hidden layers as the depth. The total number of hy, = a[3;+ Qhy]
hidden units is a measure of the network’s capacity. hy = a[By + Qohy]

** The depth version of the universal approximation theorem (Lu et al., 2017):
There exists a network with ReLU activation functions and at least D:+4
hidden units in each layer can approximate any specified D-dimensional hg = alBg_ +Qx-1hg_1]
Lebesgue integrable function to arbitrary accuracy given enough layers. y = [+ Qxhg.
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The Universal Approximation Theorems

BUNC |

Aspect Width Version Depth Version
Definition A single-layer network with A deep network with suf-
sufficient width can approx- ficient depth can approxi-
imate any continuous func- mate any Lebesgue integral
tion on a compact set. function efficiently.
Focus Number of neurons (width) Number of layers (depth) in
in a single layer. the network.
Advantages Simple structure; can ap- More efficient; fewer param-
proximate any function. eters for the same level of
approximation.
Disadvantages Requires exponentially Requires careful tuning to
many neurons for high- avoid overfitting or vanish-
dimensional problems. ing gradients.
Practical Implica- Rarely used due to ineffi- Forms the foundation of
tions clency. modern deep learning appli-
cations.
Efficiency Inefficient for high- Efficient at capturing com-
dimensional functions. plex hierarchical relation-
ships.
Example Single-layer perceptron. Deep networks like CNNs or
RNNs.

GILLINGS SCHOOL OF
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Universal Approximation Theorem

Theorem 1 (Universal Approximation Theorem for Width-Bounded RelLU Networks). For any
Lebesgue-integrable function f: R™ — R and any ¢ > 0, there exists a fully-connected RelLU
network < with width d,, < n + 4, such that the function F ., represented by this network satisfies

| 1#@) = Par(@lda < e ®

Theorem 2. For any Lebesgue-integrable function f: R™ — R satisfying that {x : f(x) # 0} is a
positive measure set in Lebesgue measure, and any function F',, represented by a fully-connected
Rel.U network </ with width d,, < n, the following equation holds:

/ (@) — Fur(2)ldz = 400 or / £ (2)|da. 4)
R™ R™

Theorem 3. For any continuous function f: [—1,1]" — R which is not constant along any direction,
there exists a universal €* > 0 such that for any function F's represented by a fully-connected RelLU
network with width d,, < n — 1, the L' distance between f and F 4 is at least €*:

/ £ (2) — Fa(z)lds > e (5)
[—1,1]"

Then it’s a direct comparison with Theorem 1 since in Theorem 1 the L' distance can be arbitrarii
small.
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Statistical Theory of Deep Learning

Approximation theory viewpoint Training Dynamics Viewpoint

Recently, a large collection of works bridge approximation

_ > Understanding non-convex loss functions for neural network
theory of neural network models with empirical processes.

models is crucial. Key implications for generalization capabilities.

Key Empirical Findings: Overparameterized neural networks
trained by stochastic gradient descent can fit noisy data or
random noise perfectly but still generalize well.

Applications: Fast convergence rates of excess risks in
regression and classification tasks.

Perspectives: Measuring complexities of neural networks

for function approximations. Overparameterization Insights:

« The dynamics of deep neural networks with large enough
width, trained via gradient descent (GD) in £2-loss, behave
similarly to those of functions in reproducing kernel Hilbert
spaces (RKHS),where the kernel is associated with a specific
network architecture.

parameters should scale with sample size, data dimension,
and function smoothness index.

Assumptions:

> Assumes global minimizers of loss functions are * In the Mean-Field (MF) regime, the network parameters have

the flexibility to deviate significantly from their initial values,

obtainable. : : el :
» Focuses on statistical properties without optimization even though it necessitates an infinite width.
concerns. « Comprehensive understanding of weight initializations and

> Recognizes non-convexity of loss functions due to non- learning rate scalings in gradient-based methods.

[
[
[
[
[
[
[
[
[
[
Scaling Parameters: Network width, depth, and active :
[
[
[
[
[
[
[
[
linear activation functions. I
[
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When does FCNN outperform traditional methods?

2X, x € [0,0.5]
Consider a piecewise linear function m(x) =<2 — 2x, x € [0.5,1] Define o(x) = max(0, x)
0 otherwise

m(x) y =0(2z, — 4z,)

* >
* 4
0‘ .0
* 4
* >
* 4
* >
* 4
* ! 4
* H 4
. ! *

0‘ : .0
P od
0"‘

LR 4
0’ \ “

4 *

* : *

1
1
'
1

z, = o(x) z; =0(x—0.5) ..
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When does FCNN outperform traditional methods?

m(m(x)) m(m(m(x)))

IVAVANEAVAVAVAN

-1 0 0.125 0.25 0.375 0.5 0.625 0.75 0.875 1

m(m(m(m(x))))
Depth

Generate a deep network: - Multiplicatively
3n+1 nodes to represent the m™ (x)
with width of each layer < 2
Q'Q@/Q' o VPP o O Width
If we generate a shallow one, we need 2™ nodes - additively

4
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning 2. The Neural Mechanics

G

o3
=
S
5
) %
25
W=
i = OId Models Representation Learning
S Networks autonomously Artificial neural networks: layers of
< psycholo?lcal/ extract high-level d neurons,
s physiological models “miir-product” features by non-linear a ctivatio
= from raw data. functlons (e g ReLU s:gmold)
=
=3
=

3. Backpropagation & Tabular Data

Backpropa?auon _—— MLP

Enabled

C @ eﬁ' cnent training

MODULE 4-5: THE TRAINING ENGINE

Health & Finance (credit
assessment, medical records).

Q?} Tabular Data (FNN/MLP):

4. Loss Functions & Landscape 5. Optimization & Regularization
Learning Rate Schedule
Deep networks create T ey, Trained via SGD &
non-convex — sudnassDecay Adam with learning
landscapes. rate schedules for
undersunding this stable convergence.
Y eometry is key to
opnmizanon
oss Functions e
Loss Functions: Dropout and Weight Decay simplify model
’Auwre arlror (MSE i
for regression, smal
Crosesg-Entrop for N o
classification). o
o\
D
Dropout Weight Decay

6. Computer Vision & CNNs MODULE 6-&: SPECIALIZED ARCHITECTURES

CNNs use

filters to extract Aufonomous Vehicies,

spatial features. Medical Imngmq((llesket
for deep networl

A of how well a
distribution or probability model predicts a sample.

RNN/LSTM

. . ® .
©
RNNSs: Process sequences
one element at a time.

T “Self.
to process all tokens in parallel
improving translation speed/accuracy.

A(Q K, V) =a(QK™)V
(Attention Operation)

plleatlnns
adllne Translation,

Architectural Comparison: Strengths by Data Type

Architecture | Primary Data Type | Key Mechanism | Typical Application

FNN/MLP  Tabular/Structured  Dense Layers m‘"“"" QU
/ \ / Cl CNN Spatial/lmages  Convolutions gqﬂs‘;"‘o'ﬂm -
RNN/LSTM  Sequential/Time  Recurrent States Speech-to-Text &)

" Yansiaton/tLite TR

osc:yl;rtnr:tlr.yﬁ:“k::y SD ??'“"l Ve, GNN Relational/Graphs ~ Message Passing Jrug Discorers/ s,

8. Graph Data & GNNs

A NotebookLM
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L.oss Function

Definition: a measure of error between what your model
predicts and what the actual value is.

Purpose: quantifies how well the neural network matches
what we want to output and thus guides the optimization
process.

Importance: The choice of loss function directly impacts
how the weights of the model are adjusted.

Examples: Mean Squared Error (Regression), Cross-
Entropy (Classification).

Notation:
L(lz X; W)y

Prediction

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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Feed new data

v/

X1

X2

X3

y (response variable)

\

Y_pred

Error

oY

vertical offset
[9-vyl \
Ayl w;, (slope)

i Ax ] =Ay [ Ax

w,, (intercept)

X (explanatory variable)
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Recipe for Constructing Loss Functions

Recipe for constructing loss functions

The recipe for constructing loss functions for training data {x;,y;} using the maximum
likelihood approach is hence:

1. Choose a suitable probability distribution Pr(y|@) defined over the domain of the
predictions y with distribution parameters 6.

2. Set the machine learning model f[x, @] to predict one or more of these parameters,
s0 0 = flx, @] and Pr(y[8) = Pr(y|flx, ¢]).

3. To train the model, find the network parameters qS that minimize the negative
log-likelihood loss function over the training dataset pairs {x;,y;}:

7
qAb = argmin {L[qb]} = argmin | — Z log [PT(Yz'|f[Xi, ) (R R
¢ ¢ i=1

4. To perform inference for a new test example x, return either the full distribu-
tion Pr(y|f[x,¢]) or the value where this distribution is maximized.

Data Type Domain Distribution Use
univariate, continuous, y€ER univariate regression
unbounded normal

univariate, continuous, yeR Laplace robust
unbounded or t-distribution  regression
univariate, continuous, y€ER mixture of multimodal
unbounded Gaussians regression
univariate, continuous, y Rt exponential predicting
bounded below or gamma magnitude
univariate, continuous, y€10,1] beta predicting
bounded proportions
multivariate, continuous, y € RE multivariate multivariate
unbounded normal regression
univariate, continuous, y € (=, von Mises predicting
circular direction
univariate, discrete, y€{0,1} Bernoulli binary
binary classification
univariate, discrete, el 2, 0 K} categorical multiclass
bounded classification
univariate, discrete, y€1[0,1,2,3,..] Poisson predicting
bounded below event counts
multivariate, discrete, y € Perm[1,2,..., K] Plackett-Luce ranking

permutation




LLoss Function for Classification

Binary Classification Task

Binary Cross-Entropy

Multi-Class Classification Task

Cross-Entropy Loss
Kullback Leibler Divergence Loss
Negative Log Likelihood Loss

T-‘m UNC GILLINGS SCHOOL OF
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Imbalanced Data-Loss Functions

s Consider Data Characteristics: 1. Weighted Likelihood: Modify the likelihood function to emphasize minority class
< Imbalanced Data: Use Weighted samples: .
Cross-Entropy or Focal Loss. L= wylog P(yi|z;; 0)
¢ Outliers: Use Huber Loss or o s
Mean Absolute Error. where w,, is inversely proportional to the class frequency.

2. Cost-Sensitive Likelihood: Introduce class-specific penalties:

Focal Loss for Different Values of gamma N 1
—— gamma=0 Lweighted == E @ logP(y,|xz, 0)
—— gamma=1 - Yi
=1
— gamma=2
ar —— gamma=5

where f,, is the frequency of class y;.
3t 3. Focal Loss: Focuses on hard-to-classify examples:

CE(p) = — log(p) Losstocal = —a(1 — p;) " log(pe)
FL(p) = —(1 — p)” log(p1)

Focal Loss

where a controls class weighting, and v modulates the focus on hard examples.

Class-Balanced Loss: Reweights classes based on their effective number of sam-

ples:
of 1-p
i i i ‘ We

0.0 0.2 0.4 0.6 0.8 1.0 1— fBre
p_t (predicted probability for the true class)

where n, is the number of samples in class ¢, and 5 € [0, 1).
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Outliers-L.oss Functions

Huber Loss: Combines /; and /5 loss to handle small and large residuals differ-

- 5 p(z, 0, c)
1 1 T T T T T T T T
_[iw-rwr ity fwl<e ;
LOSSHub(—:r . 5 52 I . =
ly— f(z)] =5 otherwise.
& 1
Tukey’s Biweight Loss: Suppresses large residuals: ’
05
3 3t | c
2(1-(1-%)) <o
LosSTukey = 6 ( 82 [l <6, 0
52
6 |T| > 5: 2t i
where r =y — f(2). .
1 T
Quantile Loss: Focuses on specific quantiles: .
—_ . el . 0 - s s . . . s i 4 L L 1 L L " n " " " " "
LOSSquantile = maX(T & (1 T) e) -6¢ -bc -4c -3¢ -2¢ -¢ 0 ¢ 2¢ 3c 4c Sc 6c¢ -6¢ -bc -4¢ -3¢ -2¢ -¢ 0 ¢ 2¢ 3c 4c 5S¢ 6c

T )
where 7 is the target quantile, and e =y — f(x).

Barron, J. T. (2019). A general and adaptive robust loss function. In CVPR. Flgure 1. Our general loss function (left) and its gradlent (I'lght)

(1 (/o) ifo =2 for different values of its shape parameter o.. Several values of o
log ( L(a/e)? + 1) Fa=0 reproduce existing loss functions: L2 loss (o = 2), Charbonnier
p(z,a,¢) = _ exp (_ 1 (s /6)2) o o loss (o = 1), Cauchy loss (o« = 0), Geman-McClure loss (o =
2 o —2), and Welsch loss (o = —00).
Ia;ZI ((I(:v/- )27 + 1) / — 1) otherwise
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Other Loss Functions

Machine/Deep learning tasks and data types used in this review Hin ge L OSS
| Log Loss |
Image/video Tabular data Cross.Eitro ’I_OSS AdVersarlal |.OSS€5 cSty|e Lofs'
— Py (6 ontent Loss
' «E "/ o MBS I0GG000s 10B01000 1005 s Mi0s 2t
— °"’e“"“'“"‘ e e || TR Perce U3| |.OSS
‘F 0L MGE for Focal Loss .
I o _— Tota Variation Loss
amrgmen | wotnstr i prasor | e o MO Tt Meting Lo
150 Figure %: Timlne fthe evoluton ofoss fnctions
https://arxiv.org/abs/2504.04242 https://arxiv.org/abs/2307.02694
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Other Loss Functions in Computer Vision

Image
classification

Object

detection

Cross- | | Cross-
Entropy Entropy
Binary
— MSE —  Cross-
Entropy
- loU — Smooth L1
|| Attention- || Focal
Target
Gaussian
— Ranking — Wasserstei
n distance
|| I(ull_back— - loU
Leibler

Efficient
loU

Action
recognition

Cross-

Entropy

— L1

Object

Tracking

| Correlation

— Cross-

Regression

— Focal

Cross-
Entropy

| S —

IS ~

Cross-

Softmax

Entropy

Smooth L1

Mahalanob
is Distance

Logistic

loU

.

—,

Triplet

Semantic

segmentation

L1

Cross-
Entropy

" Weighted |
Cross-
Entropy
Binary
Cross-
Entropy
Pixel-wise
Cross-
Entropy

Focal

Dice

Jaccard

Generative tasks

Image-to-image

generation

L1

H Adversarial

H Contrastive

4 Perceptual

Conditional
Adversarial

Cycle
Consistency

GAN

Context

— L1

— Adversarial

m Cross-

I~ Contrastive

— Diffusion

— Perceptual

Text-to-image
generation

Categorical

Entropy

Noise
Prediction

Variational
autoencod

er

Audio-to-image

generation

1

|_| Reconstruc

|| KL
Divergence

| Prediction

MSE

Perceptual

Adversarial

tion

Noise

Ranking

Contrastive

Image
Inpainting

— Style

|

— Perceptual

— Adversarial

| | Reconstruc

tion

Feature
matching

- MSE

Figure 7: Loss function used in various computer vision (Discriminative, generative) tasks.
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics
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i = Old Models Representation Learning

s Shift from Networks autonomously Artificial neural networks: layers of
< psycholo?lcal/ extract high-level d neurons,

s physiological models “miir-product” features by non-linear activation

= from raw data. functions (e.g., ReLU, Sigmoid)
3 to learn patterns.

=

3. Backpropagation & Tabular Data

Backpropagation MLP
(1986?

—_——
Enabled O % Tabular Data (FNN/MLP):

( @ } g“ﬁ.c;::t training Health & Finance (credit

assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Leamning Rate Schedule
Deep networks create ~ Ueembecsy  Trained via SGD &
o e —eeoey | Aa

— sudnassDecay Adam with learning
landscapes.

b e schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies
Loss Functions: Dropout and Weight Decay simplify model
Measure error (MSE
for regression,
Cross-Entropy for

classification).

S Optimization Techniques

CNNs use sp icati

filters to extract Autonomous Vehicies,

spatial features. Medical Imnginq((llesket
for deep networks).

A of how well a
distribution or probability model predicts a sample.

RNN/LSTM

Transf “Self.
to process all tokens in parallel,
improving translation speed/accuracy.

A(Q.K,V)=0(QKT)V

® [ boes

RNNSs: Process sequences i applleatlnns:

one element at a time. i |_Laha‘:lllne Translation,
IS.

8. Graph Data & GNNs Architectural Comparison: Strengths by Data Type
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Fitting DL Models

o0
@ © @Q\QS

9 %%@@g o © !

Find a criterion/measurement of goodness

@ @ @ Get the best model for the problem
h) = a;ﬁo + Qx| A loss function is needed here,
hy = a|3, +Qhy] to measure the difference between the output and truth
hy; = a|8; + Qahy)
Total loss: L= Z (¥, ¥;)
hK - a[ﬁK_l —I_QK_lhK_l] ?1 = BK +QKhK(X’L; [(50,Q0),"',(5K_1,QK—1)])

y = Bk +Qrxhg.
Find the network parameters to minimize the loss
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Optimization Methods: Overview

2. Landscape-Aware « , 3. Distributed

1. Gradient-Based iz Optimization
Methods v e E Centralnzed Methods

L = Ny —s ‘[ Deceenezetled
First-Order Methods ({7

(Downpour SGD, EASGD)

D-PSGD, MATCHA
\‘l_'/ (SGD, Momettum. Adam) )

(Newton, L-BFGS)

=| LFFSGD '
Second—OIde . Dechedated
Meths IelnodsJ | D::t?r:\;aa't'l‘g:\g '
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Loss Optimization

Goal: find the network weight that achieve the lowest loss.

Find the value of the parameters that help the loss function reach the lowestvaD

Write this goal in mathematical format: gl
4(z2)
9(zs) ~ @
W = argmin L(f(X; W)l y) 9(z4)
w Predictipn
The loss function 1s a @
function of the network Y
weights W. w=[wv w2, ]
contains all the weight | o Output
vectors needed to be adjusted w®
in the neural network Hidden Layer
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Gradient Descent

W = argmin L(f(X; W), y)
A first-order iterative optimization algorithm for finding the

minimum of a function.

Step 1. Compute the derivatives of the loss w.r.t. the

parameters
O0L(f(X; W),y)
ow

Step 2. Update the parameters according to the rule:

0L(f(X; W), y)

ow
where the positive scalar a (learning rate) determines the

magnitude of the change.

Wiew — W —
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Multi-Dimension Optimization Process

1. Randomly pick an initial, a start point

(Wo, W1) ‘/

Go through the neural
network feed forward
propagation process to get a
prediction of the output, .
Compute loss:

L#,y)
which 1s not satisfied.
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Multi-Dimension Optimization Process

2. Compute gradient respectto  dL(f(X; W), y)
all the interested parameters: ow

The opposite direction of the gradient is
where we can decrease the loss.
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Multi-Dimension Optimization Process

3. Take a small step in the opposite direction
of the gradient to get a new proposal of the
parameter values.

The magnitude of this
step 1s determined by
learning rate.

Compute loss with the new values:
LFXW),y)

e Check if it converges.

4. Repeat steps 2 and 3 until the loss converges.
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Gradient Descent

3. Take a small step in the opposite direction
of the gradient to get a new proposal of the
parameter values.

The magnitude of this
step 1s determined by
learning rate.

A
.....

Compute loss with the new values:
LFXW),y)

= == == ;’_’ >¥ieeV) Check 1f 1t converges.

4. Repeat steps 2 and 3 until the loss converges.
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Gradient Computation: Backpropagation

w
W1 Z1 2 > L(f(X; W)) y)
LFXW),y) _ LFXW)y) 09 Chain rul
ow, ay dw, e
0V ay 9,
- Vi’l — a_zyl . a_vzvll Chain rule again
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Gradient Computation: Backpropagation

—3— LK W), )

Z1
Backpropagation
ILFX;w),y) _ LFXW),y) 9y 0z
dw; ay 0z dw,

Repeat this process for each layer, see the visual on the right:
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Optimization Algorithms in Py Torch

Stochastic Gradient Descent (SGD)

optimizer = torch.optim.SGD (model.parameters (), lr=0.01)

Gradient Descent with Momentum

optimizer = torch.optim.SGD (model.parameters (), lr=0.01], momentum=0.9)

AdaGrad (Adaptive Gradient Algorithm)

optimizer = torch.optim.Adagrad (model.parameters (), 1lr=0.01)

Adam (Adaptive Moment Estimation)

optimizer = torch.optim.Adam(model .parameters (), 1lr=0.001)
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Stochastic Gradient Descent (SGD)

Characteristics:
* Basic form of gradient descent used in neural networks. Batch Size:
* Fixed learning rate. Epoch:

* In each iteration, randomly select a single data point (or a batch of data points) from the

training set to calculate the gradient of the loss function.
» Updates parameters for each training example, leading to frequent updates with high variance.

Advantages:
* Simple and easy to understand.
e (Can escape local minima due to its inherent noise.

Disadvantages:
* Slow convergence on large datasets and high variance in updates.
* Sensitive to learning rate and other hyperparameters.
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Gradient Descent with Momentum

Characteristics:
* Builds upon SGD by considering past gradients to smooth out the updates.
* Uses a momentum factor to accelerate SGD in the relevant direction.

Parameter update rule:

1. Update Velocity: v = yv — aVf(x).
2. Update Parameter: x = x + v

Stochastic Gradient Stochastic Gradient
Descent withhout Descent with
Momentum Momentum
Advantages:
1 0L,
» Faster convergence than standard SGD. My ¢« fome+(1-P) Z 5 36, - o ]
. . . . iEB; 1O —ap- 1M
» Reduces oscillations and improves stability. = My ¢ ﬂ-mﬁ(l—ﬁ)z o t

0o

P & G—a-mgy, icB,

01 & 0= 0 My,
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AdaGrad (Adaptive Gradient Algorithm)

Parameter update rule:

1. Update accumulation: G = G + g2, where g is the gradient of the loss function with respect
to each parameter.

2. Adjust Learning Rate: Scale the learning rate for each parameter inversely proportional to
the square root of G.

3. Update Parameters: Update the parameters using the adjusted learning rate, x = x — ¢ . g
VG + €
where « is the initial learning rate, € 1s a small constant added to improve numerical stability.
IL[¢]

my;q S mt_|_1
99 - ,
o1, \? -

e ( Ty ) |

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




AdaGrad (Adaptive Gradient Algorithm)

Characteristics:

* Adjusts the learning rate to each parameter, decreasing it for parameters with large gradients.

» FEach parameter has its own learning rate, which can be beneficial for datasets with features
of varying importance or scale.

Advantages:

* The effective learning rate decreases over time for each parameter. Eliminates the need to
manually tune the learning rate.

* Well-suited for dealing with sparse features or data with different scales.

Disadvantages:
* The continuously accumulating squared gradient can lead to an excessively reduced learning
rate, causing the algorithm to stop learning too early.
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Adam (Adaptive Moment Estimation)

Parameter update algorithm:

1. Moving averages: two vectors m and v are used to store moving averages of the gradients
and squared gradients, both initialized to zero.

2. Hyperparameters: f; and f5,, close to 1 (common defaults are 0.9 and 0.999).
3. Update Moving Averages: m = Bym + (1 — f)g and v = S,v + (1 — B,) g°.

. ~ ~ 9t [¢t]
4. Correct Bias: m = mtandv= - 7. g ﬂ'thl—ﬁ)Z B
1- 1 1_B2 1EB}
@ o9\
. 1 : — — m — v+ (1 — o
5. Adjust parameters: x = x G Vit a0 o (; 96 )
where « 1s the initial learning rate, € 1s a small constant added to improve numerical stability.
- My
mt+1 “— ¥
1— gttt b My My
~ ¢, —a- : ¢ ~ ¢,—a-
t+1 t = t+1 t )
{Z-t+1 — 1 :ft:;—i:—l . \V Vit + € v/ Vitl + €
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Adam (Adaptive Moment Estimation)

Characteristics:

* Designed to combine the advantages of two other popular optimizers: the adaptive learning
rate feature of AdaGrad and the momentum feature of RMSprop.

 Different learning rates for different parameters and adjusts them throughout training.

» Corrects the bias in moving averages, especially important in the imitial training phase.

Advantages:

* Combines the benefits of AdaGrad and RMSprop.

e Performs well in practice and across a wide range of non-convex optimization problems and large
dataset.

Disadvantages:
* (Can be memory-intensive due to storing moving averages for each parameter.
* Might not converge to the optimal solution in certain theoretical cases.
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Adam (Adaptive Moment Estimation)

Infernational Conference On
Learning Representations

{,}‘, ICLR

- Announcing the Test of Time Award
1 Adam: A method for stochastic optimization Winners from |CLR 2015

Diederik P. Kingma Authors  Diederik P Kingma, Jimmy Ba

Publication date  2014/12/22 CARL VONDRICK / ICLR 2025

Journal  arXiv preprint arXiv:1412.6980 We are honored to announce the Test of Time awards for ICLR 2025. This award recognizes papers
published ten years ago at ICLR 2015 that have had a lasting impact on the field. The 2025 program
Total citations  Cited by 239290 chairs and general chair reviewed the papers published at ICLR 2015, and selected the two papers

below for their profound influence and impact on machine learning today.

Congratulations to the authors of the Test of Time winner and runner up!

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

Test of Time

Adam: A Method for Stochastic Optimization
Diederik P. Kingma, Jimmy Ba
https://arxiv.org/abs/1412.6980
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Optimization )
I R DI I oy 2
1E€EB: Vt-l_l

oule)) Wy Vi <
Viel ’Y'Vt+(1—’>’)(z éh;bt) 1 — Attt

iEB; ‘

Dy g — Py — g
€8 b — ¢ —a Mt 41
Vig1 €
> Batch SGD » Adaptive Moment Estimation (Adam)

l b = arg;)nin [L[qb]]

» Momentum > Backpropagation algorithm

m; 1 — fB-mg+(1-— Z Oti| ¢t o % o, _ ol;

i€B 08,  of 08, ofy
Pii1 < Qp— My, fo = /60 + QpX; ol; B ol; W7 ol; B ol 7
T oof K o€ - Of !

he = alfia]  my OF P N

i 7 Ot
fk; — IBk + Qkhk ft [ffi1 >0/ (ﬂk a_fk)
Forward Pass Backward Passes
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Efficient Gradient Calculation

Why It’s Important:
* Neural networks often contain billions to trillions of parameters (e.g., models with ~billions+parameters).
* During training, gradients need to be computed for every parameter at each iteration of the optimization process.

Challenges:

* Computational Complexity: Calculating gradients for all parameters in large-scale models 1s computationally
Intensive.

* Memory Constraints: Storing intermediate results for backpropagation in large models requires significant memory.

Solutions:
* Backpropagation Algorithm: Efficiently calculates gradients by applying the chain rule of differentiation.

* Automatic Differentiation Libraries: Frameworks like TensorFlow, PyTorch, and JAX automate gradient
computation.

* Distributed Training: Parallelizing computations across multiple GPUs or TPUs helps handle large models.
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Backpropagation Algorithm

2 Steps . Forward Propagation

1. Forward Propagation

Forward propagation is how neural networks make predictions.

Involves passing input data through the network layer by layer to the
output.

2. Backpropagation

* Backpropagation is the process of adjusting the weights of the
network by propagating through the neural network backward. Backpropagation

* Involves calculating the gradient of the loss function with respect
to each weight by the chain rule.

YO OO OO0
YOOUQO

* The weights are adjusted in the direction that reduces the loss.

D00Q000

YO(

Both steps are iteratively repeated for several epochs to minimize the
loss and improve the model's accuracy.

OC

[o[0[0]e10[010]0]010]¢

OQQOO0OQOC
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Backpropagation Algorithm

i = (f[%a Cf’] - ye’)g flz, ] = B3 + ws - cos [Bg + wa - exp [81 + wy - sinfBo + wo ZUH]
fo = ;60 + Qox; f1 = 61 + Qhy f2 = B, + Qhy f3 — B, + Qshy
Forward pass: ;,, _ _ ity e
Backward pass #1: _ by 0fs O,
f2 df, Ohg Ofs
Ohy of1 Ohso dfa

ae dfo (00,\ Oh1 [90,\ Of1 [9¢;\ Ohs (D¢, 8fz 0L, 8h3 04,
5’fo Oh1 o f1 Oha O0f2 Ohs 0f3

Backward pass #2:
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Parameter Initialization

Proper initialization is critical because:

a) Convergence Speed: Poor initialization can slow down the training process.

b)  Gradient Stability: Ensures gradients do not vanish or explode during backpropagation.

¢)  Optimization Performance: Facilitates better navigation of the loss landscape, avoiding saddle points and bad
local minima.

Challenges in Parameter Initialization:

a. Vanishing Gradients: Occurs when the gradients become excessively small during backpropagation, leading to
negligible weight updates. This is typically caused by: Small initial weight values and Activation functions like Sigmoid
or Tanh that squash outputs to a narrow range.

b. Exploding Gradients: Occurs when gradients grow exponentially during backpropagation, causing instability and
divergence in the optimization process. This is typically caused by: Large initial weight values and Improper scaling of
weights in deep layers.

c. Symmetry Breaking: Initializing all weights to the same value (e.g., zero) causes symmetry in the network, preventing
neurons in the same layer from learning distinct features.
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Initialization Techniques

Zero Initialization: All weights set to 0, leading to symmetry.

Random Initialization: Weights are initialized randomly (e.g., sampled from N(0, 1)). Issue: Without proper
scaling, it can lead to vanishing or exploding gradients.

Xavier Initialization (Glorot Initialization): Designed for Sigmoid and Tanh activation functions. Ensures

variance of activations remains consistent across layers: : :
W (_\/fanjnJrfan_out’\/fanjn+fan_out) e fan in: Number of input connections.
He (Kaiming) Initialization: Designed for ReLU and its variants. W~ N(0 2 ) o fan_out: Number of output connections.
" fan_in
LeCun Initialization: Suitable for activation functions like SELU: W ~ N(0, fari_in)

Orthogonal Initialization: Ensures weights are orthogonal, maintaining variance stability across layers.
Effective for RNNs and deep networks with large dimensions.

Bias Initialization: Biases are often initialized to small positive values (e.g., 0.01).
Pretrained Initializations: Using weights from pretrained models (transfer learning).

Layer-Specific Initialization: Input layers: Focus on uniform weight distribution.
Qutput layers: Smaller initialization to stabilize predictions.
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Batch Normalization

* Definition: Batch Normalization (BN) is a technique used in
deep learning to normalize the inputs to each layer within a
neural network. It ensures that the inputs have a consistent
distribution, which stabilizes and accelerates training.

* Purpose: Reduce internal covariate shift: This occurs
when the distribution of inputs to a layer changes during
training.

* Benefits:

a) Improved Stability: Keeps activations in a stable range,
mitigating vanishing/exploding gradients.

b) Faster Convergence: Allows for higher learning rates and
reduces sensitivity to initialization.

c) Regularization Effect: Adds noise due to batch statistics,
reducing overfitting.

d) Enhanced Generalization: Produces better results on unseen
data.

https://kharshit.github.io/blog/2018/12/28/why-batch-normalization
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Input: Values of x over a mini-batch: B = {x; . }:
Parameters to be leamed: ~, 3
Output: {y; = BN, 5(z;)}

M

1

LR — — T; /f mini-batch mean

I
i=1

l . ,

op & — Y (z; — pp)’ /I mini-batch vanance
m 4

B e // normalize
‘I.,.-"JEE + €

y; + vx; + 5 = BN, g(x;) /f scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.




Batch Normalization

Training Losses

16 ‘ = Using batchnorm
Mo norm
14 1
=)

§4 20 2 4 § 420 21 12 \
1.0 .
- G.B '}
§ 3420 2 4 § 420 24 06 -
0.4 -
=) 1
1l
02 .
e L
6 4 2 0 2 4 6 4 2 0 2 4 0.0
0 2 4 6 8
https://e2eml.school/batch_normalization https://kharshit.github.io/blog/2018/12/28/why-batch-normalization
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Regularization Methods

Four Mechanisms:
+» Make the modeled function smoother.
\ *» Increase the effective amount of data.

Make function smoother

Increase data

Data % Combine multiple models to mitigate uncertainty
augmentation _ in the fitting process.
Multi-task < Encourages the training process to converge to
learning a wide minimum, where small errors in the
E::;if:gr estimated parameters are less important.

a) Original b) Flip C) Rotate and crop d) Vertical stretch

f) Blur g)

Vignette h) Pincushion

Combine multiple models Find wider minima
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics

= o

2 )

E8 & -

23 Q 9,

W=

i = Old Models Representation Learning

s Shift from Networks autonomously Artificial neural networks: layers of
< psycholo?lcal/ extract high-level d neurons,

s physiological models “miir-product” features by non-linear activation

= from raw data. functions (e.g., ReLU, Sigmoid)
3 to learn patterns.

=

3. Backpropagation & Tabular Data

Backpropagation MLP
(1986?

—_——
Enabled O % Tabular Data (FNN/MLP):

( @ } g“ﬁ.c;::t training Health & Finance (credit

assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Leamning Rate Schedule
Deep networks create ~ Ueembecsy  Trained via SGD &
o e —eeoey | Aa

— sudnassDecay Adam with learning
landscapes.

b e schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies
Loss Functions: Dropout and Weight Decay simplify model
Measure error (MSE
for regression,
Cross-Entropy for

classification).

6. Computer Vision & CNNs

CNNs use sp icati

filters to extract Autonomous Vehicies,

spatial features. Medical Imnginq((llesket
for deep networks).

A of how well a
distribution or probability model predicts a sample.

6 Computer Vision and Convolutional
Neural Networks

RNN/LSTM

Transf “Self.
to process all tokens in parallel,
improving translation speed/accuracy.

A(Q.K,V)=0(QKT)V

® [ boes

RNNSs: Process sequences i applleatlnns:

one element at a time. i |_Laha‘:lllne Translation,
IS.

8. Graph Data & GNNs Architectural Comparison: Strengths by Data Type
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& 7\ cl CNN Spatial/images  Convolutions  tiedica imegina’ gy
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Sm ere symmetry is key. Soe?-lthwo 5 o Relational/Graphs  Message Passing 800 DiSeate X'
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Nature Image Data is Everywhere

StanfordCS231n
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Major CV Tasks

- —

Semantic Object Instance
Segmentation Detection Segmentation

Classification

CAT GRASS, CAT, TREE, DOG, DOG, CAT DOG, DOG, CAT
“ J N ™ g .
Y Y Y
No spatial extent No objects, just pixels Multiple Object hiimage s CC0 ublic doain
StanfordCS231n

ﬁ UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Medical Image Data is Everywhere
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Scenario Challenges

Scale variation

- Deformation Occlusion

i |

StanfordCS231n
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High Dimensionality

* Key Feature:

* Images are inherently high-dimensional data. For example, a standard image in classification tasks with a
resolution of 224x224 and 3 color channels (RGB) has 224x224x3=150,528 input dimensions.

* Each pixel represents a separate input feature, and the number of features grows quadratically with image
resolution.

* Challenge:

* Fully connected networks scale poorly with such high-dimensional data. For even a shallow network, the
number of weights can exceed 150,5282"2 (~22 billion). This massive number of weights:

 Increases the risk of overfitting, as more parameters require a proportional increase in training data.
e Results in impractical memory and computational requirements, especially for larger images.
* Slows down the training process significantly, making optimization difficult.

* Real-World Implication:

* As image resolution increases (e.g., 512%x512 or beyond for high-definition images), the dimensionality
becomes even more unmanageable for fully connected networks.

e Solution: CNNs reduce the number of parameters by using shared weights (convolutional filters) and

processing local regions of the image (kernels). This drastically decreases memory requirements and
computational complexity.
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Spatial Relationships in Pixels

Key Feature:

* Nearby pixels in an image are statistically correlated and form local patterns or textures (e.g., edges, corners,
and gradients). These local relationships are critical for understanding the content of an image.

* For example, in an image of a cat, nearby pixels may collectively form the texture of fur or the shape of an ear.

Challenge:

. Fullly connected networks ignore spatial relationships by treating all input pixels equally. They lack the notion

of "locality" and process the relationship between each pixel and every other pixel, regardless of their
proximity.

 This lack of spatial awareness means that a fully connected network cannot naturally exploit the structural
dependencies within an image.

 If the pixels of an image are randomly 1permuted in the same way for both training and testing, a fully
connected network can still learn, highlighting its disregard for spatial coherence.

Real-World Implication:

. l\)Nit.hout spatial awareness, models become inefficient and require a larger number of neurons to learn even
asic patterns.

Solution:

* (CNNs address this by using local receptive fields to capture spatial relationships. Filters (kernels) process
small, overlapping regions of an image, preserving spatial coherence and focusing on local patterns. This
makes CNNs particularly effective for tasks like object detection and image segmentation.
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Stability Under Geometric Transformations

* Key Feature:

* Images maintain their interpretation under geometric transformations such as translation, rotation, scaling, or
flipping. For example:

* A tree remains recognizable as a tree even if shifted slightly to the left or rotated by a small angle.
» Similarly, a flipped or resized image of a cat does not change its underlying identity.

 This invariance 1s essential for real-world applications like autonomous driving or medical imaging, where
objects may appear in various positions or orientations.

* Challenge:

* Fully connected networks treat each pixel independently and do not account for geometric transformations. A
simple translation (e.g., shifting an 1ma§e to the left by a few pixels) alters every pixel in the input vector,
forcing the network to relearn patterns for each possible position.

* This redundancy results in inefficient learning and requires significantly more data to cover all potential
transformations.

* Real-World Implication:

* Models that lack invariance to transformations are less robust in real-world scenarios where objects appear in
varying contexts.

e Solution:

* CNNs inherently address this issue by leveraging translation invariance throuﬁh shared filters. These
filters recognize patterns (e.g., edges or textures%regardless of their position within the image.

* Data augmentation techniques, such as randomly rotating, flipping, or cropping images during training,
further improve the model's ability to handle transformations.
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Major Considerations

* Noise in Images:

* Real-world imalges often contain noise (e.g., sensor artifacts, motion blur, or lighting
Varlatlonsg‘i Fully connected networks struggle to differentiate between noise and meaningful
patterns, further emphasizing the need for specialized architectures.

. CIITNS are more robust to noise due to their focus on local features rather than mmdividual pixel
values.

* Scale and Hierarchy:
* Images often contain hierarchical features at multiple scales:
* Low-level features: edges, corners.
* Mid-level features: textures, patterns.

* High-level features: objects or entire scenes.

* Fully connected networks cannot naturally represent this h.ierarchgl, while CNNs achieve this
using multiple convolutional layers with increasing receptive fields.

* Conclusion The unique pro}lloerties of unstructured mmage data pose significant challenges for fully
connected networks. These challenges necessitate specialized architectures like CNNs, which
leverage shared weights, local receptive fields, and hierarchical feature extraction to process
images efficiently. Additionally, techniques like data augmentation and multi-scale analysis enhance
the robustness of these models for real-world applications.
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ImageNet

What is ImageNet?

* Definition: ImageNet is a large-scale visual database designed to advance research in object detection,
classification, and other computer vision tasks.

* Dataset Size: It contains over 14 million labeled images
spanning 20,000+ categories, with the most commonly used
subset having 1,000 object categories.

Key Features of ImageNet

a) Diversity of Classes: TN
Includes both broad categories (e.g., "dog," R I
"car") and fine-grained subcategories (e.g., "golden retriever," "sports car").

b) Real-World Images:

Images collected from the internet represent real-world complexity, including cluttered backgrounds,
occlusions, and multiple objects.

c) Hierarchical Organization:

Based on the WordNet hierarchy, where classes are semantically related, providing meaningful
relationships between categories.
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ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) winners

30 28.2
152 layers| |152 layers| [152 layers
25
Ao e A
20
15
19 layers| |22 layers|
10 —
7.3 6.7/
. o 5.1
| 8layers [ 3.6
" HEm e B
. N
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez &  Krizhevsky etal  Zeiler & Simonyan & Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogleNet) (ResNet) (SENet)
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Modern DL Model Architectures

Convolutional Neural Networks (CNNs)

Fully
Convolution f‘_'g“-:“fmd
* Key Features: Utilizes convolutional layers to Input Pooling " 5 i Output
process data in a grid pattern (like images). E‘Fﬁ giig
Frommly LB
« Key Components: g* 0
« Convolutional Layers: Extract features from \ JAN )
input images using filters. Featur:'E/xtraction Classi:'if:ation
* Pooling Layers: Reduce dimensions and Figure. Basic CNN structure.

computational load, retaining key information.

£ + Applications in Biomedicine:
« Fully Connected Layers: Classify images based pplications In B10medicine

on extracted features * Image classification in diagnostics

(e.g., cancer detection from scans).

 Example Models: LeNet-5, AlexNet, VGGNet. « Image segmentation for identifying

regions of interest in medical images.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Key Components of CNNs

Convolution Layers Pooling Layers Fully-Connected Layers

224x224x64
112x112x64
pool 1
[t>o _ X h s

112
/ 224 downsampling !
112

224

Activation Function Normalization

10

’ 2
u \/aj + £
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Key Components of CNN

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | /—M
 Convolutional layers (B sl kewnel Max-Pooling (5x5) kernel  pay-pooling (with
valid padding (2x2) valid padding (2x2)
. . . /_A /-M * 0
* Rectified Linear Unit (ReLU) ,7 .‘ J k
* Pooling layers (S s
Tt .7:::,,.' 2
* Fully connected layers —
INPUT nl channels nl channels n2 channels n2 channels 9
(28 x 28 x 1) (24 x24 xn1) (12 x 12 x n1) (8x8xn2) (4x4xn2) —

n3 units

lllustration of architecture of CNNs applied to digit recognition (source)
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https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Feature Extraction Using Convolution

* Input, kernel, and output

* Fully Connected Networks

e “fully connect” all the hidden units to
all the input units. Only
computationally feasible to learn
features on the entire image for
relatively small images.

» order of 10° parameters to learn for
96x96 images. The feedforward and
backpropagation computations
would also be about 100 times
slower, compared to 28x28 images.

* Locally Connected Networks

Prince (2023)
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Feature Extraction Using Convolution

* Input, kernel, and output (right figure)

* Fully Connected Networks

* Locally Connected Networks

DUNC

A simple solution to this problem 1is to limit
connections between hidden and input units, allowing
each hidden unit to connect to only a small subset of
input units, such as a contiguous region of pixels. For
other data types different than images like audio,
hidden units can be connected to specific time spans.
This concept of local connections is inspired by the
visual cortex, where neurons respond to stimuli in
specific locations.
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Illustration of Discrete 2D Convolution (source)


https://en.wikipedia.org/wiki/Convolution#:~:text=The%20term%20convolution%20refers%20to,shift%2C%20producing%20the%20convolution%20function.

Understanding the Convolution Operation

What is convolution?

Mathematically, Convolution is defined as f,g: R* - R :

(f * 9)(x) = f F(2)g(x — 2)dz

Whenever we have discrete objects, the integral turns into a sum. For instance, in CNN, we used
discrete convolution for vectors from the set of square-summable infinite-dimensional vectors
defined as:

(f DD =) fDgli—a

For two-dimensional tensors, we have a corresponding sum with (a,b) for f (i-a,j-b) for g,
respectively:

(F @) =) ) flablgli—aj—b)
a b
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Padding, Stride, and Pooling

* Padding

» Zero-padding and why it's necessary (The pixels at the corner in the previous images are less
counted than those in the middle)

* How padding affects the dimensions of the output

lllustration of padding effects (source)
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https://towardsdatascience.com/the-most-intuitive-and-easiest-guide-for-convolutional-neural-network-3607be47480

Padding

One tricky 1ssue when applying convolutional layers is that we tend to lose pixels on the perimeter of our image.
The following figure depicts the pixel utilization as a function of the convolution kernel size and the position

within the image.
We can see that the pixels in the corners are hardly used at all.

Pixel utilization for convolutions of 1x1, 2x2, and 3x3 respectively.
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Padding

One straightforward solution to this problem is to add extra pixels of filler around the boundary of our
input 1image, thus increasing the effective size of the image. Typically, we set the values of the extra
pixels to zero.

Example on padding 3x3 input to 5x5 matrix:

Input Kernel Output

' 0¢0°0°¢0¢O0 ¢

) ¢ [ (] [] (

e Nl 0| 3|8]|4
v 0l [0 1] 2] |0

p Rl 0] 1 9 119125(10
0| (3|45 |0 * —

g Nl 213 2137|4316
0l |67 |8 |0

] Ml 61718]|0

0¢0°¢0

) O

) O

[ L . 9

[

raw
)
)
raw
)
)
)
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Padding, Stride, and Pooling

Stride

 Example with stride of 1 vs. 2

Convolution with zero Padding

Input 7x7

Output 7x7

Stride-1 Convolution

Filter 3:

x3

Output 4x4

Stride-2 Convolution

Input Dim ~ filter size + 2 X Padding
+1
Stride

Qutput Dim =

lllustration Convolution Operation with Stride Length =1 Vs 2 (source)
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https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Padding, Stride, and Pooling

* Pooling
* Types: Max pooling, average pooling
* Role in reducing dimensionality

* Example: Pooling on an image

max pooling

20|30
112 37

average pooling

Illustration of 3x3 pooling over 5x5 convolved feature (source)
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https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Average Pooling

Average pooling is essentially as old as CNNs. The idea is akin to downsampling an image. Rather than just
taking the value of every second (or third) pixel for the lower resolution image, we can average over adjacent
pixels to obtain an image with better signal-to-noise ratio since we are combining the information from multiple
adjacent pixels.

Rectified feature map 3 reference image averagepooled
1 4 2 7 Pooled feature map 100 - : 50 |
2 68 5 3.2 m 200 100

2-5 300 A

L

4400

-

Average{3, 4, 1,2)=2.5 0 100 200 300 400 0 S0 100 150 200

https://blog.paperspace.com/a-comprehensive-exploration-of-pooling-in-neural-networks/
https://www.digitalocean.com/community/tutorials/pooling-in-convolutional-neural-networks
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Maximum Pooling

Max-pooling was introduced in Riesenhuber and Poggio (1999) in the context of cognitive neuroscience to
describe how information aggregation might be aggregated hierarchically for the purpose of object recognition;
there already was an earlier version in speech recognition (Yamaguchi et al., 1990).

In almost all cases, max-pooling is preferable to average pooling.

Consider example:

reference image maxpooled

Input Output ‘B == 07 ==
100 4! 1 501
0 1 2 200 100

3[4]s 2Xx2 110 |

Max-pooling 7| 8 300§ 150 A

6 4 8 400 200 i LTI —

0 100 200 300 400 0 50 100 150 200

https://www.digitalocean.com/community/tutorials/pooling-in-convolutional-neural-networks
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AlexNet

 With high performance hardware (GPUs from
Nvidia) and sufficiently rich data-set, Krizhevsky
et al. proposed AlexNet (Alom et al. 2018), which
consists of five convolution layers and three
fully connected layers.

Each convolution layer contains a convolution
kernel, a bias term, a ReLU activation function,
and a local response normalization (LRN)
module.

In the 2012 ILSVRC, AlexNet won the
competition with a Top-5 classification error rate
of 16.4%, became the dividing line between
traditional and deep learning algorithms, and was
the first deep CNN model in modern times.
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oft o 1. Jf ] 3
55 {77 — = dense
Mo Max 192 192 128 Max
4 Pooling 128 Poolir\s Pooiing 204% 204%

Layoer Type Filter /Kernel Size  Number of Filters  Stride Output Size
Input RGB Image Input - - - 227 % 22T = 3
Layer 1 Convolution + Max Pooling 11 = 11 06 4 0how 5D ox 06
Layer 2 Convolution + Max Pooling Sxh 256 1 97 % 97 = 256
Layer 3 Convolution =3 3584 1 13 = 13 = 384
Layer 4 Convolution =3 384 1 13 = 13 = 384
Layer 5 Convolution + Max Pooling =3 256 1 L3 = 13 = 256
Layer 6 Fully Connected 4096 4006

Layer 7 Fully Connected - 4096 - 40096

Layer 8 Fully Connected {Output) 100H) 1000 (class probabilities)

Table 10 Architecture of AlexNet (Rotated Table).



Visual Geometry Group (VGG) models

 To examine the impact of a CNN’s depth on its
accuracy, Karen Sengupta et al. (2019) conducted a
comprehensive evaluation of the performance of
network models with increasing depth, while using
smaller convolution filters (3 X 3) instead of the
previous 5 X 5 kernels and proposed a series of Visual
Geometry Group (VGG) models in 2014.

* The smaller kernel size lowers the computational
complexity and the number of training parameters.

* Simultaneously, VGG supports the hypothesis that
performance can be enhanced by continually
deepening the network topology.

* In the 2014 ILSVRC, VGG won the competition in
the Localization Task with a Top-5 classification
error rate of 7.3%,

ﬁ UNC GILLINGS SCHOOL OF
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224 %224 x 3

224 x 224 x 64

N2xMn2x128 convolution + ReLU

max pooling
56 x 56 x 256 fully nected + RelLU

softmax

28x28x 512

14 x 14 x 512

. 1x1x 4096
N

7 x7x512
\ 1x1x 1000
~

~

Sengupta et al. Front Neurosci (2019)




VGG Models

Layer Type Filters Kernel Size Stride Padding Output Size a) Increased Depth:
Input ] _ _ ] 224 x 224 x 3 : : : :
O + ReLU o 323 X X 2t 3t o o Depth allows VGG to learn hierarchical features, improving
Conv + ReLU 64 3% 3 1 1 924 x 224 x 64 accuracy.
Max Pooling . 2% 2 2 0 112 x 112 x 64 . .
Conv 4+ ReLU 128 3x3 1 1 112 x 112 x 128 b) Slmple Des.lgn' . ) .
Conv + ReLU 128 3x3 1 1 112 x 112 x 128 Stacks of identical convolutional layers make it easy to
Max Pooling - 2x2 2 0 96 x 56 x 128 le th hitect
Conv + ReLU 256 3% 3 1 1 56 X 56 x 256 scale the architecture.
gonv + ReLU 256 3x3 1 1 56 X 56 x ggg c) Transfer Lea rning:
onv + ReLU 256 3x3 1 1 56 x 56 X . .
Max Pooling ) 9 % 2 9 0 98 % 28 X 256 VGG models pretrained on ImageNet are widely used for
Conv + ReLU 512 8x3 1 ! 28 x 28 x 512 transfer learning in other tasks.
Conv + ReLU 512 3x3 1 1 28 x 28 x 512 .
Conv + ReLU 512 3% 3 1 1 28 x 28 x 512 d) Small Filters:
Max Pooling ; 2% 2 2 0 14 x 14 x 512 - y :
Conv + ReLU 619 2% 3 . X 14 % 14 % 219 Using 3x3 ﬁlters. result.s in fe.:wer parameters compafed to
Conv + ReLU 512 3x3 1 1 14 x 14 x 512 larger filters, while maintaining the receptive field size.
Conv + ReLU 512 3x3 1 1 14 x 14 x 512 .
Max Pooling ] 2 x 2 2 0 7% 7 % 512 e) VGG-16:
Flatten - - - - 25088 16 layers: 13 convolutional layers and 3 fully connected layers.
Fully Connected - - - - 4096 ) eyq-
Fully Connected . ] ] ] 096 Parameters: ~138 million.
Output (Softmax) - - - - 1000 f) VGG-19:
Table 1: VGG-16 Architecture: Layers, filters, and output sizes. 19 layers: 16 convolutional layers and 3 fully connected layers.

Parameters: ~143 million.
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GoogLeNet

* GoogleNet, also known as Inception-v1, is a deep CNN
introduced by Szegedy et al. in 2014.

* It won the ILSVRC 2014 the Classification Task with a
top-5 error rate of 6.67%, outperforming other models.

e Main Innovations:

a) Inception Module enables the network to capture
features at multiple scales while reducing
computational cost.

b) Dimension Reduction. Uses 1x1 convolutions for
reducing dimensionality before applying larger
filters, significantly reducing parameters.

¢) Auxiliary Classifiers: Two intermediate softmax
classifiers are added to help with gradient flow and
prevent vanishing gradients.

* Motivation: Despite having 22 layers, GoogleNet has
only ~SM parameters, significantly fewer than
AlexNet (~60M) and VGG-16 (~138M).This is
achieved using 1x1 convolutions for dimensionality
reduction.

I convolution

I max pooling

I channel concatenation
0 channelwise nomalization
I fuly-connected layer

~ softmax

final output

£
H
H
H

Inception cel

i auxiliary loss
auxiliary loss

zegedy et al. Proceedings of the IEEE Conference
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GoogleNet Architecture

Layer Type Filters/Units Kernel Size Stride Padding Output Size
Input - - - - 224 x 224 x 3
Conv + ReLU 64 TXT 2 3 112 x 112 x 64
Max Pooling - 3x3 2 0 96 x 56 x 64
Conv + ReLU 64 1x1 1 0 56 X 56 x 64
Conv + ReLU 192 3x3 1 1 56 X 56 x 192
Max Pooling - 3x3 2 0 28 x 28 x 192
Inception Module 1 - Multi-scale - - 28 x 28 x 256
Inception Module 2 - Multi-scale - - 28 x 28 x 480
Max Pooling - 3x3 2 0 14 x 14 x 480
Inception Module 3 - Multi-scale - - 14 x 14 x 512
Inception Module 4 - Multi-scale - - 14 x 14 x 512
Inception Module 5 - Multi-scale - - 14 x 14 x 528
Auxiliary Classifier 1 1000 - - - 1000
Inception Module 6 - Multi-scale - - 14 x 14 x 832
Auxiliary Classifier 2 1000 - - - 1000
Inception Module 7 - Multi-scale - - 7Tx7x1024
Global Average Pooling - TX7 - - 1x1x1024
Fully Connected 1000 - - - 1000

Table 1. GoogleNet Architecture: Layers, filters, and output sizes.

GILLINGS SCHOOL OF
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*Input Layer: 224x224x224x3 RGB image.
*Convolutional Layers: Apply 7x7, 1x1, or 3x3 filters
to extract features.

*Inception Modules: Multi-scale processing

with 1x1, 3x3, 5x5, and pooling operations.
*Auxiliary Classifiers: Intermediate softmax layers
for training regularization.

*Global Average Pooling: Replaces fully connected
layers with spatial pooling across feature maps.
Output Sizes:

*The output size at each stage is shown,
demonstrating how spatial dimensions decrease
progressively.




Inception Module

L. g e oz i G TR 851 Input: Feature map dimensions H x W x Cj,, = 28 x 28 x 192.

2. Four parallel paths: Paths:

o 1 x 1 convolution. o 1 x 1 Convolution: 64 filters, output 28 x 28 x 64.

¢ 1 x 1 convolution followed by 3 x 3 convolution. o 1x1+ 3 x 3 Convolution: 96 and 128 filters, output 28 x 28 x 128,

* 1x1 convolution followed by 5 x 5 convolution. o 1x 1+ 5x5 Convolution: 16 and 32 filters, output 28 x 28 x 32.
M ling followed by 1 x 1 lution.
¢ e pooiing ToZowed by % % £ comvotution o Max Pooling + 1 x 1 Convolution: 32 filters, output 28 x 28 x 32.

3. Concatenate the outputs to produce a feature map with dimensions H x W x (C + Concatenation: Final output 28 x 28 x (64+ 128432 +32) = 28 x 28 x 256

Cy+Cs+ 04)

* Multi-Scale Feature Extraction: Processes feature maps at multiple scales for rich. representations.

* Dimensionality Reduction: 1 x 1 convolutions reduce computational costs while preserving important
information.

* Efficiency: Deep networks can process large input data with fewer parameters compared to traditional
architectures.

* Improved Generalization: Captures features across different abstraction levels.

DUNC
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Inception Cell

Succeeding
layers

Fllter

/ concatenation \

1x1 filters 3x3 filters 5x5 filters S I
pooling

Preceding
layers

(a) Architecture of inception

Succeeding
layers
F1lter
concatenation \
3x3 filters 5x5 filters 1x1 filters
1x1 filters T T
1x1 ﬁlters 1x1 filters s rrlax
\/ pooling
Preceding
layers

(b) Architecture of inception V1

Example architecture of inception
Zhao et al. Artificial Intelligence Review (2024)
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Residual network (ResNet)

* Degradation Problem: Deeper networks (e.g., >20 layers) suffered from degradation of accuracy, not just
overfitting, but actual performance decline.

* Key Idea: Instead of learning the direct mapping (H(x)), ResNet learns the residual mapping (F(x)=H(x)—x).
This simplifies optimization and allows gradients to flow through skip connections, improving convergence.
* Impact:
* Ease of Optimization: Learning residuals is simpler than learning direct mappings.

* Deeper Architectures: ResNet-152 outperforms shallower networks while maintaining high accuracy.
» State-of-the-art Results: Top-5 error dropped to ~3.6% on ImageNet (ILSVRC).

e Connection to Highway Networks (Srivastava et al., 2015): ResNet can be seen as a special, simplified
case of highway layers where gates are mostly open.

* Residual connections enable building much deeper and more powerful networks by addressing gradient vanishing
and “degradation” issues.
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Why is ResNet so popular?

0.0

Solving the "Depth Barrier”

Residual Learning Philosophy

Foundations of Modern Architectures

The "Industry Backbone Inherited by Transformers
Stable Convergence

Efficiency & Scalability

Parameter Economy: offering higher accuracy with

L)
ﬁ&V Deep Residual Learning for Image Recognition

J
0.0

Kaiming He Authors  Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun

J
’0

L)

Publication date 2016
Conference  Computer Vision and Pattern Recognition (CVPR), 2016

Description  Deeper neural networks are more difficult to train. We present a residual learning
framework to ease the training of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learning residual functions with
reference to the layer inputs, instead of learning unreferenced functions. We provide
comprehensive empirical evidence showing that these residual networks are easier to

» V VY

L)

A\

optimize, and can gain gccuracy from considerably increased depth. On the ImageNet fewer Wei ghts .

dataset wg evalgate residual nets \_Nlth a depth of up to 152 Iaygrs-—-Sx deepe.r than VGG . . .

557% oot on 1 InageNet et et Thi el won he 1 lce o h ILSVRG 2015 > Transfer Learning: Pre-trained ResNet weights are
o e o e o oy s e ™ the most widely available and reliable starting points
T ey S ot s s " for custom Al tasks.

submissions to ILSVRC & COCO 2015 competitions, where we also won the 1st places
on the tasks of ImageNet detection, ImageNet localization, COCO detection, and COCO
segmentation.

Total citations ~ Cited by 310651

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Residual Block

Building Block:
| a) Input: x (feature map from the previous layer).
X b) Path 1 (Residual Function):

-——— —I— _—— _I l i. 3x3 convolution -> Batch Normalization -> PHYSICS wFORMED
I . RelU. \
I Weight layer | X ii. 3x3 convolution -> Batch Normalization. W’f 2 %o
| Fx) i ReLU : N identig) c) Path 2 (Skip Connection): $ |
| . | i. ldentity mapping: Directly passes the input x. ’ X = ¥ +fxp)
: Ry | d) Addition: | —
————— l ————a i.  Output: F(x)+x (summation of the two paths).

e) Activation:

Fx)yx ?T{eLU i. Apply ReLU to the combined output.
f) Output:
Final feature map retains the same dimensions as the
input.

lllustration of a residual block
Zhao et al. Artificial Intelligence Review (2024)
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CNN Optimization Techniques

CNN optimization involves techniques to improve the performance, efficiency, and generalization of
Convolutional Neural Networks during training and inference.

* Goals:

a) Reduce overfitting.

b) Improve convergence speed.

c) Optimize computational resources.

 Common Strategies:
a) Data Augmentation
b) Regularization (L1, L2, Elastic Net)
c) Dropout & Early Stopping
d) Transfer Learning

ﬁ UNC GILLINGS SCHOOL OF
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Data Augmentation

Input Augmentation Output
« Data augmentation is a strategy used to artificially increase the size and
diversity of a training dataset by applying transformations to the existing
data.

* Purpose: Improve model generalization. Prevent overfitting.
Compensate for limited training data.

Flipping

Cropping & Resize

* Why? Increases effective training set size without extra data collection.

 Common Methods:

 Color jittering, cropping, flipping, rotations, scaling.

Noise Injection

* PCA-based color augmentation (as in AlexNet) (Krizhevsky et
al., Commun. ACM, 2017).

* Transfer learning approach using well-known CNN models
(GoogleNet, AlexNet, VGG16, VGG19, DenseNet, etc.) along with
data augmentation techniques can be used to accelerate the training
and testing process while yielding good results and performance.

Color Spacing

Color Jitter

* He et al. implemented data augmentation along with regularization
techniques such as dropouts and weight decay (CVPR, 2016).

Teerath et al. IEEE Access (2024)
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Data Augmentation

* Geometric Transformations: Chiems d G < 2vAvwmention , ,
Flipping: Horizontal and vertical flips. . Edge-aware Local ! ”
Rotation: Rotates images by a specified angle. e ; ' \E o '
Scaling: Resizes images while preserving aspect ratio. . L Astectopke Difeo - ﬂ
Cropping: Extracts subregions from the image. Pneumonia ' , N

* Color Transformations: . : nd —
Brightness Adjustment: Alters image brightness. Opecy ' Shiﬁedezcro- Tmmm m
Contrast Adjustment: Modifies contrast levels. : " :

Saturation Adjustment: Changes color saturation. Normal m ' Saaling m

Hue Adjustment: Shifts color hues.
* Noise Injection: Adds random noise to images to improve |
robustness. ’

* Affine Transformations: Applies scaling, shearing, or . “ o . " H - n
. . b P :, .
translation to the images. j | rocuocai Opacity

Example of using preprocessing techniques along with the
well-known CNN models for COVID-19 and Lungs
Pneumonia detection using transfer learning.

Latif et al. AIMS Mathematics (2024)

Inverse Fourier
Transform
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Regularization methods

* Definition: Regularization refers to techniques that
improve a model's generalization by reducing overfitting
to the training data.

* Why Regularization? Deep learning models are prone
to overfitting due to high capacity and complex
structures. Regularization helps balance the trade-off
between model complexity and performance.

* L2 Regularization (Weight Decay)

* Penalizes the square of weights — discourages
large weight values, helps smooth solutions.

* L1 Regularization (Lasso)

* Penalizes the absolute value of weights — y
encourages sparsity (some weights become zero).
* Elastic Net

* Combines L1 and L2 — can both shrink weights
and promote sparsity.
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Dropout & Early Stopping

* Dropout * Early Stopping
* Randomly “drops” neurons during training. Monitors validation performance and
* Reduces co-adaptations among neurons — halts training before overfitting sets in.
mitigates overfitting. Balances bias/variance by stopping at the

optimal point.

hidden layer 2 ‘

Error

hidden layer 1

Validation

_____ Training

- —
early stopping Epachs

https://www.pinecone.io/learn/regularization-in-neural-networks/  https://www.comet.com/site/blog/4-techniques-to-tackle-overfitting-in-deep-neural-networks/
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Transfer Learning

Train on ImageNet Small Datasets Bigger Datasets
|__FC-1000 | FC.C L_Fcc |
| _Fc4096 | FC4006 e | FC40% | Train these
| FC-4096 | FC-4096 | Rlelnmallze. | FC-4096 |
| MaxPool | | MaxPool | this and train MaxPool \
|__Conv512_| | Conv-512 | |__Conv512_| With bigger
| Conv-512 | [ Conv-512 | ' Conv-512 | dataset. train
| MaxPool | " MaxPool | | MaxPool | more |ayers
| Conv-512 | [ Conv-512 | | Conv-512 |
| Conv-512 | | Conv-512 | | Conv-512 |
| MaxPool | [ MaxPool ] > Freeze these | MaxPool |
|_Conv-256 | " Conv-256 | | Conv-256 | > Freeze these
| Conv-256 | Conv-256 | | Conv-256 |
| MaxPool | [ MaxPool ] | MaxPool | _
| Conv-128_| e | | Conv-128 | Lower learning rate
| Conv-128 | " Conv-12s | |_Conv-128 | when finetuning;
| MaxPool | ™ WaxPoor |__MaxPool _| 1/10 of original LR
" Conv-64 | [ Conved | " Conv-6a | is good starting Donahue et al, ICML
| Conv-64 [ Convea | ) . Conv-64 | } point 2014
| Image | ez |__Image | Razavian et al, CVPR
Workshops 2014
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Object Detection

hRoad Sign
)

Challenge:

* Objects can be anywhere in the scene, in any orientation, rotation, color hue, etc.
e How can we overcome this challenge?

Answer:

e Learn a ton of features (millions) from the bottom up

e Learn the convolutional filters, rather than pre-computing them

GILLINGS SCHOOL OF
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What is Object Detection?

To determine: What objects are where?
-- Object bounding box: location and size
-- Object category.

T o WA
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|
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NG - — i
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~
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~

By NIPS15-Faster RCNN
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Object Detection Milestones

SSD (W. Liu Retina-Net

tal-16 T. Y. Linetal-17
YOLO (J. Redmon , €t @26/ ( )

DPM etal-16,17)
HOG Det. (P. Felzenszwalb et al-08, 10) One-stage
(N. Dalal et al-05 )
VJ Det. detector
(P. Viola et al-01) |/ +AlexNet >
2014 2015 2016 2017 2018 2019
/ > o000
2001 2004 2006 2008 2012
0 2014 2015 2016 2017 2018 2019
Traditional Detection RCNN\ Two-stage
Methods (R. Girshick et al-14)  sppyyet detector
Wisd fthe cold (K. He et al-14)
1saom O € CO weapon K H
p / Deep Learning based Fast RCNN
" Detection Methods (R. Girshick-15)
Technical aesthetics of GPU Faster RCNN Pyramid Networks
(S. Ren et al-15) (T. Y. Lin et al-17)
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R-CNN: Regions with CNN features

Ross B. Girshick et al., (CVPR2014)

aeroplane? no.

:
i

i1 209
4]

1

- -
:w:

!
’
i

person? yes.

I

o L

. | _. tvmonitor? no.
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions
 Object Proposal+CNN features
* Bounding Box Regression Drawbacks
* Fine tuning The redundant feature computations on a large number
e \VOCO7 mAP:33.7>58.5 of overlapped proposals (>2000 boxes/img) leads to an
extremely slow detection speed (14s per image with
Time: 14s/image on a GPU GPU).
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R-CNN: Regions with CNN features

Ross B. Girshick et al., (CVPR2014)

aeroplane? no.

Each boxis a 4
dimensiaonal vector
with (X, Y, H, W).

person? yes.

N 4 )
A\ | -
. \ r .- . L,
e A —
V‘ \ X
/ U
: & -

2 HPE) : tvmonitor? no.
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

 Object Proposal+CNN features
* Bounding Box Regression
* Fine tuning The redundant feature computations on a large number of

e VOCO7 mAP:33.7->58.5 overlapped proposals (>2000 boxes/img) leads to an
extremely slow detection speed (14s per image with GPU).

Drawbacks

Time: 14s/image on a GPU
DUNC
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R-CNN: Regions with CNN features

Definition: R-CNN is a deep learning framework for object detection introduced by Ross Girshick in 2014.
It integrates region proposals with CNNs to detect objects in an image effectively.

Key Contributions:

¢ Combines region proposals with CNN-based feature extraction.

¢ Demonstrates the use of transfer learning for detection tasks.

¢ Achieves significant performance improvements over traditional methods.

Workflow of R-CNN:

» Input image is processed using Selective Search to generate region proposals.

» NMS (Non-Maximum Suppression) is a post-processing algorithm used to clean
up redundant, overlapping bounding boxes.

» Each region is resized to 224x224 and passed through a CNN to extract features. 2
» SVM classifiers predict object categories for the proposals.
» Bounding box regression refines the coordinates of the proposals.
» Outputs are the predicted class labels and refined bounding boxes.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Fast RCNN

F ' ‘ Outputs: bbox Fast R-CNN is an object
1 | IDeep SO pnEatsnT detection framework
TS ’ B ConvNet £ ,g  introduced by Ross Girshick in
2;]% Rol =3 FC E:tSBFC 2015. It improves upon the
TS EE ||| | pooling inefficiencies of R-CNN by
\\§ BN Rol | layer | introducing Region of Interest
\ & g : (ROI) Pooling and enabling
;; prigiectian < I shared computation, leading
F Conv ‘\ Rol feature to faster and more accurate
feature map vector object detection.

For each Rol!

* ROl Pooling
Multi-task loss (Clc. + BB Reg.)

Time:
 BP through Rol pooling layers _
. VOCO7 mAP: 58.5570.0 0.32s/image on a GPU

Ross B. Girshick (ICCV15)
DUNC S




Fast RCNN: Technical Details

Fast R-CNN: A Unified Framework
for Efficient Object Detection

Image — Projection
of Region

Deep CNN Backbone

. do Iutional Backb

Proposals

Variable-sized regions are

The Rol Pooling
Mechanism

Fixed-Length
Vector

Converts variable-sized

and p
directly onto the
pre-computed shared

g into a 9xed 7x7
grid using max
pooling for consistent

Shared

Feature Map

(e
&= — 33%

’ — 0.5%
— o00%

Bounding Box Regressor

Softmax
(Classification)

(Localization)

Output Br
A Softmax layer predicts class
whi il

e a reg
bounding box coordinates.

~84 Hours

47s per image

\_ feature map. classification.
D R-CNN (@) Fast R-CNN
Training
e ~8.75 Hours
Inference
Speed

Feature
Storage

DUNC

0.32s per image

Hundreds of GBs
=
@ No disk cache needed
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Key Advantages &
Performance

Shared Computation

Eliminates redundant
calculations

200x

Faster Inference
than the original R-CNN model

Single-Stage Training
Uses a multi-task loss
(including Smooth L1) to train
the whole network end-to-end

4

A NotebookLM

The Mathematics of Fast R-CNN:
Precision in Multi-Task Learning

Unified Multi-Task
Loss Formula

L(p,u,t*,v) = Las(p, )

L(p,u,t*,v) =
Leos(p, w) +~ Au = 1] Lioe(t%, v)

The Smooth L1 Loss Function

0.5x2 ifi|a] <1

SmoothL,(z) = {|z’ — 0.5 otherwise

Robustness to Outliers

Smooth L1 is less sensitive to outliers than
L2 loss, preventing gradient explosion
during training.

+ X[z = 1] Lioc (%, v)

Coordinate
Offset Calculation

Offsets convert raw coordinates into
scale-invariant targets for the regressor

T xy) Ko ¥a) Ba
-— W — -— W —>
The 4-D Regression Targets
T —x v —uv.
WSS - O

h
T = log(—:: ) tp = 108(_‘h )
a @

Anchor-Based Normalization Variables

Variable Definition

Center coordinates of the
(x’ y) bounding box
(w’ h) Width and height of the

bounding box

a . . Denotes the reference anchor
subscript | box (e.g., Ta, Wu)

A NotebookLM




Faster RCNN

Shaogqing Ren et al., (NIPS2015)

Faster R-CNN is a successor to Fast R-CNN and introduces the Region Proposal Network (RPN) for
generating region proposals, making the detection pipeline fully end-to-end.

Region Proposal Network

60
40 a
Backbone
E
600

3x 3 conv

) e

600 |
1%
Proposal
pruning
1 f N region proposals
.
a
c
units
| | WERRIA =R
g Op=[NxC]
z
Backbone
CNN (VGG) R
S BB Regression
.g‘ Op=[NxC"4]
w
Fast RCNN Network
4
Snils
E,({pi} {t } E LCES(p‘l ) - }‘- -

cIS
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60 | dkscores | | dkcoordinates | «mm  Kanchorboxes

cls layer ‘ t reg layer D

256-d
t intermediate layer

sliding window, -

conv feature map

Anchors (reference boxes)

Region Proposal Network
Detection Network
Sharing Features

VOCO7 mAP: 70.0->78.8

D PiLreg(ti, t]).




Semantic Segmentation: The Problem

GRASS, » TREE, At test time, classify each pixel of a new image.
SKY; s
Paired training data: for each : :
C . .. Classify center pixel
training image, each pixel is labeled with Cfl}\,IN P

with a semantic category.
\JJEJ \E%\Ej\ Cow

P\‘@ LN )

Full image

T s

et

i1 =<
|

Impossible to classify without context Q: how do we model thi s’? '

. . ?
Q' how do we include context: Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014
N GILLINGS SCHOOL OF
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U-Net: Motivation

In CNNs, different layers learn different feature levels:
* Lower layers: Learn low-level, fine-grained details
(e.g., edges, textures)
* Higher layers: Capture high-level, coarse-grained
semantic features (e.g., shape, structure)
*This hierarchy is ideal for classification tasks but
introduces limitations for pixel-level tasks like
segmentation

Challenges in Medical Image Segmentation
*Medical images often suffer from:

* Noise

* Low contrast

e Blurred or unclear boundaries
*Relying only on low-level features results in poor object
recognition
*Relying only on high-level semantic features leads to
inaccurate boundary detection

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

Need for Multi-Level Feature Integration
*Effective segmentation requires a combination of:
* High-level semantic understanding (context)
* Low-level spatial precision (details)
*General CNNs lack explicit mechanisms to combine
both effectively

Encoder-Decoder Architectures
*Designed to combine high-level and low-level features
*Consist of:
* Encoder: Downsamples and extracts abstract features
* Decoder: Upsamples to recover spatial resolution and
integrates detail
*Enables pixel-level prediction with semantic awareness



Modern DL Model Architectures

ﬁ UNC GILLINGS SCHOOL OF
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U-Net

Key Features: U-shaped architecture with symmetric encoder
and decoder paths. Skip connections that concatenate feature
maps from encoder to decoder

Structure: Encoder: Series of convolutional and max-pooling
layers that capture context. Bottleneck: Intermediate layer
connecting encoder and decoder. Decoder: Series of up-
convolution and concatenation layers that restore resolution.
Final Layer: Convolutional layer that maps features to the desired
output.

Types: 2D/3D U-Net, Attention U-Net.

Applications in Biomedicine: Medical image segmentation.
Satellite image segmentation. Biomedical image analysis.
Autonomous driving. General image segmentation tasks.

Crop and concatenate

(Crop and concatenate

Crop and concatenate

Crop and concatenate \nﬂ'i-‘]'\
o* V)

k
Lgrdigad
0 m\""j' '&‘ﬂg(f’ﬁ R o \“1'

4” S o
P o ok U‘Q\LP oo™

U-Net for segmenting Hela cells. The U-Net has an
encoder-decoder structure, in which the representation is
downsampled (orange blocks) and then re-upsampled (blue
blocks). The encoder uses regular convolutions, and the
decoder uses transposed convolutions. Residual
connections append the last representation at each scale in
the encoder to the first representation at the same scale

in the decoder (orange arrows).




Semantic Segmentation Idea

Design a network with only convolutional layers without downsampling
operators to make predictions for pixels all at once!

- b - | argmax -

Y / Scores: Predictions:
CxHxW HxW

Problem: convolutions at
original image resolution
will be very expensive ...

Convolutions:
. DxHxW . . .
Design network as a bunch of convolutional layers, with downsampling and

upsampling inside the network!
Med-res: Med-res:

D,xH/4 xW/4 D,xH/4 xW/4

Upsampling:
Unpooling or strided
transposed convolution

Downsampling: §
Pooling, strided
convolution

Low-res:
D;x H/4 x W/4

Input: High-res: Predictions:

High-res:
3xHxW D, x H/2 x W/2 D, x H/2 x W/2 HxW

T-‘m UNC GILLINGS SCHOOL OF
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Downsampling and Upsampling  conesponding pivs of

downsampling and
upsampling layers

Max Pooling

) Max Unpooling
Remember which element was max!

Use positions from

11216l 3 pooling layer ol o BB o
3 /5|21 56 12 of1]o0]o0
—_— ——> e — » —

3 4
112121 F|®8 Rest of the networl ol Kl B
7 314 8 3 0 0 |4
Input: 4 x4 Output:2x2 Input: 2 x2 Output: 4 x 4

Common Downsampling types: Common unpooling strategies:
* Max pooling: Takes the maximum value in each window « Max-unpooling with indices:

* Average pooling: Computes the average value * Fixed-position unpooling: inserts values at top-left
» Stochastic pooling: Randomly selects an activation corner of window
based on a probability distribution .

Interpolation-based unpooling: uses nearest-
neighbor or bilinear interpolation to expand feature
maps

Learnable unpooling: introduces parameters to
learn where and how to upsample

Often followed by convolutional layers to refine outputs

* LP-pooling: Generalized pooling that uses the p-norm
over each region
* Global pooling: Applies pooling over the entire feature .
map to reduce to a single value per channel
*Purpose: (i) Reduce computation; (ii) Increase receptive field;
(iii) Achieve spatial invariance; (iv) Introduce regularization

DUNC
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U-Net: Vanilla Version

Skip Connections: anal Output: _
» Link encoder and decoder layers at the same depth level “ A 1".1 convolution maps
> Concatenate encoder feature maps with decoder inputs to the final feature map to
& U-Net is a neat end- combine detailed and contextual information the number of target
to-end neural » Help restore spatial resolution and sharpen boundaries classes
. f | ** Produces a pixel-level
network with a lassificati (
characteristic "U" | )| classitica |9n map (e.g.,
segmentation mask)
shape |
Input Image {'; ,l g m |:E Y Segmentation Mask
\ .
| 81| B Expanding Path (Decoder):
. | |
Contractlng Path (EnCOder): v \J&’ ‘—/ 0:0 Upsamples feature maps to
+» Captures context through repeated m @ [7 m j match input resolution
downsampling blocks 44 V +* Each block includes one 2x2
. . J& » 3X 3 Convolution (ReLU)
«» Each block includes two 3x3 convolutions @ﬁ@,ﬁ:/@, @L@ =) 2X2Max Pooing transposed convolution (up-
+ RELU, followed by 2%2 max pOO“ng ‘@7 : 2 X2 Transposed Convolution ConV), two 3x3 ConVOIUtionS +
% Gradually increases the receptive field Bottleneck:} =77 e RELU
without heavy computation +* Connects encoder and decoder

% Two 3x3 convolutions + ReLU
+*»* Reduces spatial resolution and
increases depth for high-level
Ronneberger, O., Fischer, P, & Brox, T. (2015, May 18). U-Net: Convolutaldstva@@bi@dor Biomedical Image Segmentation. arXiv.Org. https://arxiv.org/abs/1505.04597v1
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Contracting Path (Encoder)

1 64 B4
+»» Block 1:
_input s Input: 572x572x1 (grayscale image)
'miﬁz 1™ Block 1 +* Two 3x3 unpadded convolutions + ReLU - 64 channels
ol s 2x2 max pooling (stride 2) > downsampled to 284x284
6| o) @ ** Block 2:
NS K % Two 3x3 convolutions + ReLU - 128 channels
T +* 2x2 max pooling > 140x140
¢ Block 3 & Block 4:
Block 2 +* Same as previous blocks with doubled channels (256,
) 512)
3§ +* Max pooling after each block halves spatial dimensions
¥ oo o ¢ Block 5 (Bottom):
ol b Block 3 +* Two 3x3 convolutions + ReLU = 1024 channels
=8 3 E’ s ¢ First conv in this block included here, second used in
s>+l -~ Block4 expanding path for symmetry
:E E ’ 1024
;me-mmm Block 5

ﬁ'—"\ UNC GILLINGS SCHOOL OF
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Expanding Path (Decoder)

128 64 64 2
*Block 5:
* Continues from the bottom block with a second 3x3
Block 1 - s lolelsl Output convolution + RelLU
EEE rsnegmentatlon * Followed by a 2x2 up-convolution = doubles spatial
939 " resolution, reduces channels to 512
ol o 8 & *Block 4:

« Skip connection: concatenate encoder feature map
(cropped to match size) - 1024 channels

e Two 3x3 convolutions + ReLU - reduce to 512 channels

e 2x2 up-convolution - upsample and reduce channels to

256 128

Block 2 - >
A B E

256
*Block 3 & Block 2:
t  Same as Block 4, with halved channels: 256->128->64
2lz 256 *Block 1 (Final Block):

Block 3 ®. ¥ I:I:I =»conv 3x3, ReLU * After skip connection: 128 channels

s 512“' == =& copy and crop * Two 3x3 convolutions + ReLU = reduce to 64 channels
Block 4 = & >l § max pool 2x2 * Final 1x1 convolution - maps to number of classes (e.g.,

i d oG § up-conv 2x2 2 for binary)

Block 5 > — o B it * Followed by activation function (e.g., sigmoid for binary

~N

classification
GILLINGS SCHOOL OF

GLOBAL PUBLIC HEALTH
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3D U-Net

* Due to the abundance and representation power of volumetric data, most medical image modalities are
three-dimensional. 3D U-Net was commonly used in Brain tumor segmentation (e.g., BraTS dataset), Lung
nodule detection, and liver and pancreas segmentation.

* 3D U-Net is proposed to deal with 3D medical data directly. It replaces all 2D operations with their 3D
counterparts. The users can annotate some slices in the volume to be segmented. The model then learns
from these sparse annotations and provides a dense 3D segmentation.

* However, due to the limitation of computational resources, it only includes three down-sampling, which
cannot effectively extract deep-layer image features, leading to limited segmentation accuracy for

medical images.
HH

128+256 128
‘ 128 256 2564512 2586
oS — e
- =p concat
‘ 256

conv (+ BN) + RelLu
S B R — e

‘ max pool

up-conv

train and

apply
3D u-net

raw image manual sparse annotation dense segmentation

apply trained 3D u-net

raw image dense segmentation

.. P conv
Cicek, O., Abdulkadir, A., Lienkamp, S. S., Brox, T., & Ronneberger, O. (2016). 3D U-Net: Learning Dense Volumetric Segmentation from

Sparse Annotation (No. arXiv:1606.06650). arXiv. https://doi.org/10.48550/arXiv.1606.06650
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U-Mamba

Motivation: CNNs (e.g., U-Net) suffer from limited
receptive fields. Transformers offer global context but
are computationally exPensive. There is a need for models
that efficiently capture long-range dependencies.

Key Contributions:

e U-Mamba combines:
e CNN Residual blocks: for local feature extraction.

* Mamba blocks (SSMs): for scalable long-range
dependency modeling.

* Employs a hybrid encoder-decoder architecture with skip
connections.

* Self-configuring like nnU-Net: adapts automatically to
various datasets.

Architecture Overview:
* Encoder: Residual + Mamba blocks.
* Decoder: Residual blocks with transposed convolution.

e Variants: U-Mamba Bot (bottleneck only) and U-
Mamba Enc (full encoder).

Gu, A, & Dao, T. (2024). Mamba: Linear-Time Sequence Modeling with Selective State Spaces (No.

arXiv:2312.00752). arXiv. https://doi.org/10.48550/arXiv.2312.00752

ﬁ UNC GILLINGS SCHOOL OF
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a
g {8, C,H,W,D)
Reshape
Linear (B,L,C)
E A 4
N | B N\ BaS |
I SiLU SiLU
1D Conv ~N Vot
Linear Linear
i: (B,L,C) I | Input
Flatten l Output
(B, C, H, W, D) ~ r
@_ U-Mamba Block
N | 20 ERSS e I | Residual Block
IN + Leaky ReLU ™\ Strided Convolution
Y  a .
Conv ¢~ Convolution Transposed
X2 - - -- Skip Connection
(B, C,H, W, D)
A
- 7 o] = —
— ~ —_—
- [ 3 .
M
he-q I hy
— I S
X, N —— |
‘N B, | — ¢ ye

\\\ mmmI%IAt £
____E_T T GPU HEM

Selection Mechanism

Ma, J., Li, F., & Wang, B. (2024). U-Mamba: Enhancing Long-range Dependency for Biomedical
Image Segmentation (No. arXiv:2401.04722). arXiv. http: iv.org

arxiv.org/abs/2401.04722
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U-Mamba

e U-Mamba also enjoys a self-configuration mechanism, as it is implemented within the nnU-Net framework.

* It outperforms STOA CNN-based and Transformer-based segmentation networks across all tasks.

1 Organs in Abdomen CT Organs in Abdomen MRI
Methods DSC NSD DSC NSD
nnU-Net 0.8615+0.0790  0.8972+0.0824 | 0.8309+0.0769 0.8996+0.0729
SegResNet 0.792740.1162  0.8257+0.1194 | 0.814640.0959 0.884140.0917
UNETR 0.6824+0.1506  0.7004+0.1577 | 0.6867+0.1488 0.744040.1627
SwinUNETR ~ 0.759440.1095 0.7663+0.1190 | 0.7565+0.1394 0.821840.1409

U-Mamba Bot 0.8683+0.0808 0.9049+0.0821|0.8453+0.0673 0.9121+0.0634
U-Mamba Enc 0.8638+0.0908 0.8980+0.0921|0.8501+0.0732 0.9171+0.0689

Methods Organs in Abdomem MRI [nstruments in Endoscopy | Cells in Microscopy
DSC NSD DSC NSD F1
nnU-Net 0.7450£0.1117  0.8153+0.1145 10.6264£0.3024 0.6412+0.3074 | 0.5383£0.2657
SegResNet 0.7317£0.1579  0.8034£0.1386 |0.5820£0.3268 0.5968+0.3303 | 0.5411+0.2633
UNETR 0.5747£0.1672  0.6309£0.1858 |0.5017£0.3201  0.5168+0.3235 | 0.4357£0.2572
SwinUNETR ~ 0.70284+0.1348  0.7669+0.1442 |0.5528+0.3089 0.5683£0.3123 | 0.3967+0.2621
U-Mamba_Bot 0.7588+0.1051 0.8285+0.1074/0.6540-£0.3008 0.6692+0.3050 0.5389+0.2817
U-Mamba_Enc 0.762510.1082 0.8327+0.1087|0.6303£0.3067 0.6451+0.3104 0.5607+0.2784

Ground Truth nnU-Net SegResNet UNETR SwinUNETR ~ U-Mamba Bot ~ U-Mamba Enc
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U-Net in Clinical Image Analysis Pipelines

Input Network Output

Signals y Criteria R 4 Classification, Detection and, Segmentation

: lormal Mass
1
1 . I
\] ’ : Other - i
E [ i s ’
External data . Transformer neural Generative Do [ L o Morphological
[ resource J [ Generative data J [ network networks : : 1 Target visualization : : operation
) S 1 > L |
[ . l ; :
1

Text - Document

Semamlc se gmematmn

 U-Net plays a central role in clinical image

analysis pipelines

Overview of key stages:

* Input Preparation: Image acquisition,

, normalization, and preprocessing for

5 consistent input format

* Architecture Search: Automatic
selection of the most efficient U-Net
variant via neural architecture search

*  Postprocessing: Refinement of

segmentation masks (e.g.,

=
g
4]
g
E
2
! N
\
g
®
g
—
(%]
k]
g
5
g
—

Detecnon

-_—————— -

monitoring support

l Operation | i Deep belief | 'I : ekt 1y Rule-based |
(‘v veine | (oo e | [k] -------------------- ] --------------- [ _____ — ) At [“““] morphological operations)
[ D uson | [ patching | e swewse v oo * Clinical Application: Supports decisions
. Treatment Diagnosis, Planing, and Monitoring ) .
ok peprocesng A D 7 ‘\ ; such as tumor growth tracking or
AN R e Eatyds dosion| | LS & .| treatment planning
B e L RV @ [ ] Tanor growth Therapy planming ]
! o Medication regimen [ Anatomical studies 3

LI .
: i | De-aliasing / Resolution ; 1
i| De-noising enhancement | } :

i g

i Image Image = ! Surgery planning Remote surgery

! | correction registration | i | ; \ /
-"l ...............................--.“ L

Measurement of tissue /

. Diagnostic support system
Region volumes 80 PP i

I'

Azad, R., Aghdam, E. K., Rauland A., Jia, Y., Avval, A. H., Bozorgpour, A., Karimijafarbigloo, S., Cohen, J. P., Adell E., & Merhof, D. (2022). Medical Image Segmentation
Review: T?ze success of U Net (No. aerv 2211 14830). aerv http://arxiv. 0r2/abs/2211 14830
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics

ord

learn patterns.

o3
=
=]
5
) %
o3
W=
::E:: E Old Models Representation Learning
S Shift froi Networks autonomously Artificial noural networks: layers of
< psycholo?lcal/ extract high-level d neurons,
s “miir-product” features by non-linear activation
= from raw data. functlons (e g., ReLU, Sigmoid)
=
o
=

3. Backpropagation & Tabular Data

Backpropagation MLP
(1986?

Enabled - e

Cﬁ e;ﬁcientlraining = Q?) Tﬂf&’i?ﬁﬁ‘cﬁ'fﬁe’ﬂkp’
@ of deep assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Learning Rate Schedule
Deep networks create - besmoec  Trained via SGD &
non-convex — sudnassDecay Adam with learning
landscapes. h rate schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies

Loss Functions: Dropout and Weight Decay simplify model

Measure error (MSE

(or regresslon
s-Entrop

classuf catlon

6. Computer Vision & CNNs

CNNs use
filters to extract Aufonomous Vehicies, (e,

spatial features. Medical Imngmq((llesﬁet
for deep networl

A of how well a
distribution or probability model predicts a sample.

Transformers: Use "Self-Attention”
to process all tokens in parallel,
improving translation speed/accuracy.

RNN/LSTM

aeee
® ® © ®

RNNSs: Process sequences
one element at a time.

A(Q K, V) =a(QK™)V
(Attention Operation)

appllcatlons
aelllne Translation,

7 Language Modeling and Recurrent S A
Neural Networks (RNN) S0P it

o o Object Detection B

ci o cl RNN/LSTM  Sequential/Time ~ Recurrent States Speech-to-Text &)
- Machine ‘
é‘lﬁl“NEx Il it Iaﬁ. 1] Di Sl
s): Excel at relational scovel Di i/
Sm ere symmetry is key. Soc? | Netwol o Jetionel/Craphe) {Nessapebaseing %w X'

A NotebookLM
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Motivation

Recurrent Neural Networks (RNNs) are motivated by their ability to address challenges inherent in sequential data.

- | @ 8

Weath(_er Stock market Autocomplete Genetic
forecasting trends for texting sequencing

Many real-world datasets are inherently sequential, where the order of data points is crucial.

“ Time series: Stock prices, weather forecasts, and sensor data require capturing patterns over time.

¢ Text: The meaning of a sentence depends on word order (" The cat chased the dog" vs. *"The dog chased the cat'").
“* Speech: Phonemes and intonation must be processed sequentially to understand spoken language.

“* Video: Frames in a video sequence have temporal relationships that determine the flow of events.

@ P g =

Speech Video frame Musip_
recognition prediction composition
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Sequences

e D
A sequence 1s an ordered list of elements, where the order of the elements

matters. They are fundamentally different from unordered data because each

clement 1s dependent or influenced by the previous elements.
- J
Examples:

e Letters (words)
Words (sentences)

 Sent d t i
entences (documents) "Hello, how are you?" (chatbot input).

« Frames (video) e.g., A security camera capturing a person walking.

" Amino-acids (genetic code) e.g., "ACGTAGCTAGT" represents a biological sequence.

« fMRI/ECG signals

" Why Are Sequences Important? h
Unlike independent data points, sequences contain temporal or contextual dependencies:

* Future values depend on past values (e.g., predicting tomorrow’s weather).

* Words in a sentence rely on context (e.g., in "bank deposit" vs. "river bank").

\_* Biological sequences determine genetic functions. y

DUNC
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Sequences

Challenges in modeling sequential data

= [Infinite number of possible sequences:

¢ Sequences can vary in length (short vs. long sequences).

¢ Sequences can have variable patterns (c.g., DNA sequences, language models).

% Order matters, meaning different orders of the same elements can have different meanings.

= Need for Probability Distributions Over Sequences:

» Since an infinite number of sequences exist, we cannot store all possible sequences explicitly.
» Instead, we model a probabilistic function that assigns a likelihood to each possible sequence.
» Example: Given a sequence S=(x1,x2.,...,xT), we want to learn a probability distribution P(S).

Output: y" y@ B y@ 6 6

B S

RNNSs are designed for modeling sequences
* Sequences of any length in the input, in the output, or in both
* They can remember past information

* Apply the same weights on each step

Input: XTH xtz) XT3) xt%) xT5) XTG) Time
S E————
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Different Categories of Sequence Modeling

one to one one to many many to one many to many many to many

Vanilla mode without RNN Sequence output Sequence input Sequence input and output  Synced sequence input
e.g. image classification e.g., image captioning e.g., sentiment analysis e.g., machine translation and output
e.g., video classification
Source: https://karpathy.github.io/2015/05/21/rnn-effectiveness/
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https://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://karpathy.github.io/2015/05/21/rnn-effectiveness/

Machine Translation

Machine Translation (M) is the task of translating a sentence x from one language (the source language) to a
sentence y in another language (the target language).

Goal: Produce translations that are both fluent and faithful to the meaning of the source text.

Applications: Global communication, localization cross-lingual information retrieval, etc.

x: L'homme est né libre, et partout il est dans les fers

English:
y: Man is born free, but everywhere he is in chains

Chinese:

“ANEMBER, BRI HRINDIERE, ”

Japanese:

TANEFBERCEFNDIH. ESICWTEHITHE SN TL
Do |
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Not trivial to model!

Morgen ] 1eh nach Kanadal| |zur Konferenz
Tomorrow will fly to the conference||in Canada

15196002 BT SF NES= TS &L, HMER/LE S A
Bl mimE, fIRREBEM(ImME=a2",

In 1519, six hundred Spaniards landed in Mexico to conquer the Aztec Empire with a
population of a few million. They lost two thirds of their soldiers in the first clash.

translate.google.com (2009): 1519 600 Spaniards landed in Mexico, millions of people to
conquer the Aztec empire, the first two-thirds of soldiers against their loss.
translate.google.com (2013): 1519 600 Spaniards landed in Mexico to conquer the Aztec
empire, hundreds of millions of people, the initial confrontation loss of soldiers two-thirds.

translate.google.com (2015): 1519 600 Spaniards landed in Mexico, millions of people to
conquer the Aztec empire, the first two-thirds of the loss of soldiers they clash. StanfordCS224n
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NMT: the first big success stoty

Neural Machine Translation (NMT): Uses deep learning and end-to-end training to model translation and
offers improved fluency and the ability to capture complex dependencies.

Neural Machine Translation went from a fringe research attempt in 2014 to the leading standard method in 2016

* 2014: First seq2seq paper published [Sutskever et al. 2014 ]

* 2016: Google Translate switches from SMT to NMT — and by 2018 everyone had
* https://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html

B Microsoft &svstran  Google
Bailmm B8weme  Tencent i O

 This was amazing!

« SMT systems, built by hundreds of engineers over many years, were outperformed by NMT systems trained by

small groups of engineers in a few months StanfordCS224n
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http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html
http://www.nytimes.com/2016/12/14/magazine/the-great-ai-awakening.html

Deepseek v.s. OpenAl

1000 o

GPT-3 (175B)

100 3 Megatron-Turing NLG (530B)

Megatron-LM (8.3B)

10

Model Size (in billions of parameters)

BERT-Large (340M)
0.1

ELMo (94M)

0.01
2018 2019 2020 2021 2022

Modern NLP Systems

https://ai.plainenglish.io/deepseek-r1-vs-chatgpt-01-my-experience-ddbe09e80aa9
https://huggingface.co/blog/large-language-models
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Challenges

« Standard NN models (MLPs, CNNs) are not able to handle sequences of data

¢ They accept a fixed-sized vector as input and produce a fixed-sized vector as output.

R/

*» The weights are updated independently, meaning there 1s no memory of past computations.
¢ The models do not have recurrence, so they cannot learn patterns across time steps.

‘e Many real-world problems require capturing context over time: A
% Speech Recognition — Words depend on previous words.
¢ Time-series Prediction — Future values depend on past observations.
* DNA Sequencing — Genetic patterns unfold over long sequences.
¢ Natural Language Processing (NLP) — Meaning depends on word order.
- J

* Example: Simple Context-Dependent Problem: Output YES if the number of 1s in the sequence is
even; otherwise, output NO.
e Input: 1000010101 — YES; Input: 100011 — NO

GILLINGS SCHOOL OF
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Challenges

* High Dimensionality and Complexity - Sequential data often involves high-dimensional inputs with complex
interdependencies:

¢ Text: Words and phrases have semantic and syntactic relationships across sentences.

*» Time Series: Multivariate time series data (e.g., temperature, humidity, and pressure) exhibit interdependencies
between variables over time.

*» Biological Data: DNA sequences and protein structures involve intricate, sequential patterns.

* Solution: RNNs address this by learning hierarchical representations through their recurrent structure, encoding both
local and global patterns.

Noise and Missing Data - Sequential data often contains noise or missing values:
» Noise: Sensor readings and time series data may have irregularities or anomalies.
» Missing values: Gaps in sequences arise from interruptions in data collection.

Solution: RNNs aggregate information over time, making them robust to noise and capable of interpolating missing
values using contextual information.

GILLINGS SCHOOL OF
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Challenges

* Temporal Dependencies

% Short-term dependencies: In text, the current word depends on immediately preceding words (e.g., '] want to eata...”).

% Long-term dependencies: Distant elements in the sequence can influence the current state (¢.g., in a paragraph, the topic
sentence affects subsequent sentences).

* Solution: RNNs maintain memory through hidden states, enabling them to model temporal dependencies. Variants like Long

Short-Term Memory (LSTM) and Gated Recurrent Units. (GRU) address challenges such as vanishing gradients, allowing
effective modeling of long-term dependencies.

Variable-Length Inputs and Outputs - Many real-world tasks involve sequences of varying lengths, which

traditional models struggle to handle. RNNs process inputs dynamically, making them ideal for tasks with variable-
length data.

Examples:

*» Natural Language Processing (NLP): Sentences have varying word counts, and RNNs can process each word
without requiring fixed input dimensions.

“» Speech Recognition: Audio recordings vary in duration depending on the speaker or content.

*» Time Series: Data collected over irregular time intervals often results in sequences of differing lengths.

GILLINGS SCHOOL OF
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Text Processing for RNN

DUNC

Step Task Description

1 Preprocessing Text Clean text, tokenize, remove stopwords, and normal-
ize case using NLTK.

2 Build Vocabulary Assign a unique index to each word using a
frequency-based vocabulary.

3 Convert Text to Sequences Map tokenized words to their corresponding integer
indices.

4 Padding Sequences Standardize input sequence lengths by adding
padding tokens where necessary.

5) Dataloader Preparation Create PyTorch dataset and dataloader for mini-
batch training.

6 Load Pretrained Word Embed- | Use GloVe embeddings (100D) for better semantic

dings representation.

7 Define RNN Model Construct an RNN with an embedding layer, hidden
layers, and output layer.

8 Loss and Optimization Use Binary Cross-Entropy Loss (‘BCEWithLogit-
sLoss‘) and Adam optimizer.

9 Train Model Train the RNN model using mini-batches from the
dataloader.

10 Make Predictions Preprocess new text, convert it to sequences, and run
inference using the trained model.
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Word Embeddings

Most similar to ‘paper

offer salesman

promote regional

\th position

branch
employee
documentary

SO et

Webste  property  account

small

SRy MK e business

! company
senvice oriner :
'

product gl ol
infinty :

sabre
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Word embeddings are a fundamental technique in NLP. They convert words intc
dense, continuous vector representations. Word embeddings place similar word:

closer in vector space. Unlike traditional one-hot encoding, embeddings preserve:
% Semantic relationships between words.

% Contextual meaning of words in sentences.
¢ Word similarity and analogies.

One-hot encoding.

For vocabulary size V, represent word w by x(w) € {0,1}V.
Problem 1: No graded similarity.

Thus “cat” vs “dog” has the same similarity as “cat” vs “microwave”.
1, wg =w
T ’ 1 2
x(wy) x(w2) = {

0, w1 7& wWo.
Problem 2: High dimensionality. \/ can be 10°-107.

Embedding matrix:
E ¢ RV*9 d < V.

For token id i € {0,...,V — 1}, the embedding is the i-th row:

e = E[f] < Rd.



Word Embeddings

« We will learn a dense vector for each word such that words appearing in similar contexts have similar
vectors, where similarity 1s measured by the dot (inner) product. These word vectors are also called word
embeddings or neural word representations, and they provide a distributed representation of meaning.

a E £ .
0.413
T 0.286
el w: el w:
cos(e(wy), e(ws)) = (w1) e(u) ) 0.792 0.582
le(wi)|[le(wa)]| 0177 -0.007
banking = ~0.107 monetary = 0.247
NN(w) = arg maxcos(e(w), e(u)). 0.109 n
(w) = arg maxcos(e(w), e(u)) :
0.349 0.147

cos(banking, monetary)~ 0.8570. \_ 0271 ) .

Close (high similarity) Distant (low similarity) Teaching moments (quirks)
Near-synonyms: Unrelated concepts (low similarity): Antonyms can be close:
doctor—physician; car—automobile +* banana—democracy; hot—cold; good—bad
Same category (co-hyponyms): ** microscope—basketball; Polysemy mixes senses: “bank” may
Cat_dog’- apple_orange 0:0 piano_chlorine’- blend ﬂnance + river neighbors
Strong association: ¢ volcano—-spreadsheet; Tip: contextual models (BERT/GPT)

X4

resolve meaning using sentence context

RY

hospital-nurse; coffee—cup neuron-suitcase

DUNC
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Types of Word Embeddings

A. Count / Frequency-based (Distributional, “classical”)

** TF-IDF (sparse weighting; mainly for retrieval/features)

“ LSA/LSI (SVD on term—document or term—context matrix — dense vectors)
s PPMI + SVD (common “explicit-to-dense” pipeline)

Embeddings in Natural Language Processing

Object 1 ‘05‘03|01| ...... |

Embedding

GloVe (factorizes a global co-occurrence objective — Object2 model °8\°-5\°-3\ ----- |

count-based/matrix factorization) \M\M|M| ...... |
Object 3

Set of Objects Objects as Vectors

B. Predictive Neural (Static, context-free)
 Word2Vec

* CBOW (predict center word from context)

e Skip-gram (predict context from center word)

Turning Words.
C. Subword / Character-aware (Static, better for Out-Of-Vocabulary A B
(0ov)) Into Vectors

s fastText (word vectors built from character n-grams)

D. Contextual / Transformer-based (Dynamic, context-dependent)
 BERT / RoBERTa (masked language modeling; bidirectional context)
* GPT (causal language modeling; left-to-right context)

@UNC GILLINGS SCHOOL OF
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Word Embeddings Dimensions

Word Embeddings:

Mapping the Meaning of Language
Enooting Semantia Manning Word Embeddings Dimension Key Features

Words as High-Dimensional Vectors

Vehicle

NS
Continuous

== Word2Vec 50-300 Trained on large corpora like Google News
e R GloVe 50-300 Uses word co-occurrence statistics

characteristics, mcludmg syntas and

aaaaa

Real-valued vectors in
high-dimensional spece where

similar meanings are closer together. forr
Evolution ofi Representation FastText 50-300 Handles subword information
Sparse One-Hot Encoding Dense Word Embeddings . « a. .
e fnjgzﬁz%'E:;{zj}%E:‘;%:jﬁ{ﬂf"ﬁ"q:“} Sl = Contextual embeddings from bidirectional
lejlo ol elle L3 3L @)
(=] E)E)E EE)E)E] E) el el E El . ,11,](: SE) @ ‘ ‘ ] ll
slaioaiclalolol slalialoliaol: ELMo 1024 LSTMs
WORD
L“'?:;,.sa';::,sz,vk:ﬁ‘;';sm:‘z.;f;:’:z-;.;ifgz:.:?;:.s R e by G Grmensrnainy: BERT (base) 768  Transformer-based, context-aware

The Core Philosophy

éé BERT (large) 1024  More parameters than BERT base

A word is characterized by Learning from Context
the company it keeps

OB P95 99 Hpotheets GPT-2 (small) 768  Transformer-based generative model

The Logic of Vector Math Static vs. Contextual Models

" e <, d‘;:;;?:;;?:;,:; 5 .L‘Lv;gﬁz;fgggxk GPT-2 (medium) 1024  More layers and parameters
s~ Paris .__Haly Q 3 /BK . . .
= = - BAHIC S GPT-3 12288 High-dimensional transformer model

King RIVER
1 ! ; Static Models 5 Col(ttextual Mocgels
Word2Vec, GloVe, ELMo, BERT,
King - Man + Woman = Queen Paris - France + Italy = Rome One fixed vector per word; Generates dy’namic vectors

Capital City i fails to based on si

SRR S @ For small models or mobile applications — Use 50-300
op Algorithms Comparison . .
P . 5 GI:Ve (Stanford.p2014) fastTest (Facebook, 2016) dlmenSlonS (Wordzvec, Glove).

= Global co-occurrence = Breaks words into subword

Word2Vec (Google, 2013)

c‘ - Skip-gram (predicts context

from word), GBOW (predicts statistics across entire units (prefixes/sutfixes);

word from context); corpus - Handles misspelled

. 228 From o «J o e e Hones misspeiied’s @ For NLP applications with context-awareness — Use 512-
Reaisip i PRI toRs 1024 dimensions (BERT, ELMo).
1((C I % ’
«@B» ® @ @ For large-scale generative Al —

Search Engi & Voice Assi dati Sennment Analysus
Undersland user intent (e.g., cheap Suggest products based on semantic Detect tone in

G e e e Use 1024+ dimensions (GPT-3, Transformers).

A NotebookLM
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BERT vs GPT: Originating from the Same Transformer, but Diverging into Two Main Paradigms

Encoder-only: centered on understanding the input Decoder-only: centered on autoregressive next-token prediction

OpenAl GPT

Ay = — Z log P(z; | m\M) Leopn = —ZlogP(ma' | ;)
ieM i=1

* The GPT family is built on Causal Language Modeling
(CLM).

» Its training objective is to predict the next token given the
previous sequence.

* This modeling strategy mirrors the natural human process of
language use: from left to right, using prior context to infer

what comes next.

* BERT is fundamentally built on Masked Language
Modeling (MLM).

» Its training objective is to reconstruct masked tokens
based on the surrounding context.

* The model learns bidirectional contextual
representations, integrating both left and right context.

GILLINGS SCHOOL OF
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Word2Vector

Word2Vec is a framework for learning dense word vectors (embeddings) from large text corpora.

Core Idea: » Start with a large corpus: a long sequence of tokens wy, ..., wr.

» Assign each vocabulary word a trainable vector representation.

v

For each position t, choose a center word ¢ = w; and its surrounding context
(outside) words

0 € {Wt—ma cee sy W1, Wit 1, ..., Wt—l—m}:
where m is the context-window radius.

» Use a similarity score (typically a dot product) between the vectors of ¢ and o to
define a conditional probability, e.g., p(o | ¢) (Skip-gram) or p(c | context)
(CBOW).

» Update the vectors to maximize the likelihood of observed center—context pairs
across the corpus (often implemented efficiently via negative sampling or
hierarchical softmax).

Goldberg, Y., and Levy, O. (2014). "word2vec Explained: deriving Mikolov et al.'s negative-sampling word-embedding method." arXiv preprint
arXiv:1402.3722.

Mikolov, T., Sutskever, 1., Chen, K., Corrado, G. S., and Dean, J. (2013). "Distributed Representations of Words and Phrases and their Compositionality."
Advances in Neural Information Processing Systems (NeurlPS), 26.
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Word2Vector: Skip-Gram Architecture

SKIP-GRAM ARCHITECTURE

Input Layer Hidden Layer Output Layer Input Layer Hidden Layer Output Layer

D w(t-2)
D wit-1)

[j w(t+1)

Example windows and process for computing

Pw—a | we) P(Weyp | W)

problems  turning banking  crises  as

O

{ )
Y ' Y ! L d

Y
outside context words center word outside context words

in window of size 2 at position t in window of size 2
D w(t+2)
P(wi_p | W) P(Wtyp | W)
Cxv=dim P(we—q | wy)

For each positiont =1, ..., T, predict context words within a window of fixed size m,

. L, problems  turning into as
given center word w;. Data I|keI|hood'
\ Y J \ Y J
outside context words center word outside context words

PG L(H) - 1_[ 1_[ P(WH] | Wi ) in window of size 2 at positiont in window of size 2

g isall varlables —msjsm

to be optimized Jj#0

We want to minimize the objective function: J(6) = z Z log P(we.; | wi; 6)
-m<jsm
j#0 StanfordCS224n
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Word2Vector

Question: How to calculate P(WH_}- | Wy; 9) ?

Answer: We will use two vectors per word w: - -

Vaardvark
* 1, when wis a center word .
* u, when wis acontext word :
i We typically take v, as the embedding; u,,is the context
Softmax Function embedding; optionally use (v,, + u,,) /2. "
(2 Exponentiation makes anything positive 0 = zebra - RZdV
J (D Dot product compares similarity of o and c. Uagardvark
)</ W=y =Y Uy, o
P(OlC) " eXp(Uo Vg Larger dot product = larger probability
= = .
ZWEV exp (uwvc) )
3 Normalize over entire vocabulary
to give probability distribution | Uzebra

Why Two Vectors?

*Modeling Flexibility: The distribution of contexts given a word ("word as center") does not necessarily match the
distribution of words appearing around it ("word as context").

*Performance: Having separate v_w and u_w allows the model to capture more nuance, typically leading to higher-

quality embeddings. StanfordCS224n
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Word2Vector results

_— trial-and-error.
00 e ‘i ; unreached, Zealous
winnefstrained, Admonitory, recursivey awarsiglatin dolingrgig @
" . heti indolent’ % mw
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0.75 1 adhegtil ot activistic, quisitie Frivolous ~ sh8
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acropeta‘ 1 Mai
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Wrou sellat ®
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: 2 SRt artesianin _pla‘
o Allusiv — :_urface-to-ai; enegtive tralles .
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mrbuncl@%ﬂ?%:ais s ideal air-to unnatural © S
stri fonsi erﬁ$l age W %?Mv -
'~ e nsolin '
) ien bls mﬂ‘ “’;,"ﬁ'a“nciv goo lo e, . ﬂoe'« :
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Disbelievin jaing,  Lyrica % :
Detacheg
-0.50 A Matsterant fact : 047
out_oh_mﬁ‘olinergi idug : \
o in .qtas ta S e _ wild-eyed | Wetr ]
energy SM“‘ g%skﬂesugn getmnmmog,.l& Jegorginal d . striame.
; u i rgy-releasi
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Baek, J. W., & Chung, K. Y. (2021). Multimedia recommendation using Word2Vec-based social relationship mining. Multimedia Tools and Applications,
80(1), 1-18.

T:ﬁr 'LJNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Formulation: Language Modeling (LM)

A language model (LM) is a statistical or machine learning model
that predicts the next word in a sequence or assigns

Books
probabilities to sequences of words. / / Laptops
the students opened their
Predicts the likelihood of a sequence of words \\ Lunch Boxes
Generates human-like text (e.g., GPT models) Exams

Understands context and meaning

Enables Al systems to process and generate natural language
More formally: given a sequence of words :L’(l), :c(2), e (1), P((L'(t-l_l) ‘ w(t) 33(1) )
compute the probability distribution of the next word g (t+1) : e

where ™Y can be any word in the vocabulary |/ — {’wl, cens w|V|}

Example:

» Input: "I am going to the"

» Model prediction: "store” (80%), "beach"” (15%), "moon" (5%)

» The model assigns probabilities and selects the most likely next word.

GILLINGS SCHOOL OF
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Language Modeling

e You can also think of a Language Model as a system that assigns a probability
to a piece of text

« For example, if we have some text (1) ... z(T) then the probability of this text
(according to the Language Model) is:

Pz, .. ™) =Pa®) x P(e®]| M) x ... x P(xD| 7D . z0)

T
= H P(x®) 2D 2W)
t=1
U

J

Y
This is what our LM provides

StanfordCS224n
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Recurrent Neural Networks (RNN)

A family of neural architectures

outputs
(optional) {
~
hidden
states <
-

input sequence {
(any length)

2 (1) 2(2) (3 (4

Core idea: Apply the same

weights W repeatedly

nn.RNN (input size, hidden size, num layers, batch first=True)

ﬁ‘ l l P | GILLINGS SCHOOL OF
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o )1 = P(x(®|the students opened their)
A Simple RNN Language Model * . )
I |
output distribution
§M = softmax (U A + b2> e RIVI —
U
h(4i

AN

Q

o) SO AC) h(3)
(@) W @ - O W O W @
hidden states : hy : hy : Py : hy :
h®) =g (Whh(t_l) + W.e® + bl) Q) @ @ @ @
O o — e —— —r—’ ——
h is the initial hidden state w. w. w. w.
: r—.—\ r o ) ’—._*

. (1) (2)] © 3) © (4) ©
word embeddings € : “le| “le| € |o
c® — Bp® © © ©

Tz e e &
the  students opened their
words / one-hot vectors 1) 2(2) 2(3) (1)
:E(t) - R|V| Note: this input sequence could be much /
longer now! StanfordCS224n
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RNN Language Models

RNN Advantages:

9@ = P(z®)|the students opened their)
books

laptops

Can process any length input
Computation for step ¢ can (in

theory) use information from many

steps back U
*  Model size doesn’t increase for longer h(©)__ h)__ A h® h*)
input context © © (0] @ @
. . Q| Wi |0\ W, || WL |@| Wi | @
* Same weights applied on every o >l @ l @ 1o 1 @
timestep, so there 1s symmetry in how L L .4 @ (0] (0]
: ) N Y N
inputs are processed. ~ l;Ve W, W, w.
o @) @) @)
RNN Disadvantages: - e(D) : e(2) : e(3) : e :
* Recurrent computation is slow [®) o o o
 In practice, difficult to access - Vore on T T T
information from many steps back E E E E
these later :
the  students opened their
StanfordCS224n (1) 2(2) 2(3) 2(4)
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Training an RNN Language Model

¢ Prepare the dataset (tokenize text into words) and convert words to numerical tensors (word embeddings).

¢ Build an RNN-LM and compute output distribution Q(t) for every step t.

. . . o e e
% Loss function on step ¢ is cross-entropy loss between predicted probability distribution 'y( )
and the true next word y(t) (one-hot for AR ):

JOO) = CBY,9") = = 3 v logy()) = —logyy),
weV

% Average this to get the overall loss for entire training set:
1 — 1 —
__2: (t) __2:_ 5 (t)
J(g) _ T o J (9) - T — log y:ct+1

StanfordCS224n
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Training an RNN Language Model

= negative log prob
of “students”

DUNC

Loss > | J1(6) J@e) IO JW()
Predlcjced . g e e )
prob dists
U U U U
h__ h h(2) h®) h4)
@ ® @ @ @
@ W, (10| W, |l@|Wr (@ Wr |0 Wi _
@ 10 1@ | @ 1@ :
@ @ O @ O]
— 7 N = g
W, W, W, W,
1 2)| © 3)| © (4)
Vol <ol o] ¢o
o o O ®)
Te Tz Tz s
Corpus =— the  students opened their exams
2(1) (2 2(3) 2(4) StanfordCS224n
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Training an RNN Language Model

= negative log prob
of “opened”

Loss > JW(6) J2) () J3)(9) J@ ()
Predicted T T T T
— (D) 7(2) 7(3) 7(4)
prob dists J Y Y Y
U U U U
h__ h h(2) h®) h4)
@ ® @ @ @
@ W, |0 W, |[@| W, (0| Wh |0 Wi
@ 10 1@ @ 1@ g
@ ;._J (0] (0] @
— A
W. W, W. W,
(1) (2) (3) © (4)
ele|l “le| “le| € e
© @) O @)
Te Tz Tz s
Corpus =— the  students opened their exams
21 2(2) 2(3) 24 StanfordCS224n
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Training an RNN Language Model

= negative log prob
of “their”

Loss > JD(9) J)(0) J3)(6) JW(6)
Predicted T T T T
— (D) 7(2) 7(3) 7(4)
prob dists y & y o
U U U U
h__ h h(2) h®) h4)
@ ® @ @ @
Q| W, |0| Wi |@| Wh (@ Wh |0 Wi _
@ 10 1@ | @ 1@ .
@ ;._J (0] @ @
R A .
W W, W W,
(1) (2) 3) © (4)
ele|l “le| “le| € e
o @) O @)
Te Tz Tz s
Corpus =— the  students opened their exams
2(1) (2 2(3) 2(4) StanfordCS224n

T:ﬁr 'LJNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Training an RNN Language Model

= negative log prob
of “exams”

Loss > JD(9) J)(0) J3)(6) JW(6)
Predicted T T T T
— (D) 7(2) 7(3) 7(4)
prob dists y & y o
U U U U
h__ h h(2) h®) h4)
@ ® @ @ @
Q| W, |0| Wi |@| Wh (@ Wh |0 Wi _
@ 10 1@ | @ 1@ .
@ ;._J (0] @ @
R A .
W W, W W,
(1) (2) 3) © (4)
ele|l “le| “le| € e
o @) O @)
Te Tz Tz s
Corpus =— the  students opened their exams
2(1) (2 2(3) 2(4) StanfordCS224n
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Training an RNN Language Mode}

“Teacher forcing”

T
Loss > JO@) + JO@G) + JO@) + JHEG) +.. = JO)= %Zj(t)(g)
/I\ N N N t=1
Predlcjced e e 5@ g®
prob dists N N "
U U U U FC Layer
h©)___ hD h(2) h(3) h4)
: 1%% : |%% o W, ° |%% o W,
h h | @ h h | @
@ 1 @ 1@ >: @ £ RNN Layer
@ @ O (0] @
— 7 N = N
W W, W W,
(1) (2) 3) © (4)
e : e o e o e o
© et © Embedding Layer
Te Tz Tz e
Corpus — the  students opened their exams
(D) x(2) x(3) x®) StanfordCS224n
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RNNs greatly improved perplexity

n-gram model —

Increasingly
complex RNNs

ﬁ l l P | GILLINGS SCHOOL OF
»-.-Mp GLOBAL PUBLIC HEALTH

Model Perplexity

Interpolated Kneser-Ney 5-gram (Chelba et al., 2013) 67.6
RNN-1024 + MaxEnt 9-gram (Chelba et al., 2013) 5k.3
RNN-2048 + BlackOut sampling (J1 et al., 2015) 68.3
Sparse Non-negative Matrix factorization (Shazeer et 52 .9
al., 2015)

LSTM-2048 (Jozefowicz et al., 2016) 43.7
2-layer LSTM-8192 (Jozefowicz et al., 2016) 30
Ours small (LSTM-2048) 43.9
Ours large (2-layer LSTM-2048) 39.8

Perplexity im

proves

(lower is better)

Source: https://research.fb.com/building-an-efficient-neural-language-model-over-a-billion-words/
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Why is vanishing gradient a problem?

J2) (9) J4) (6)
N N
A1) h(2) h3) h(4)
0 0 0 0
0 144 o) 114 | @ 44 o)
o[ . o @ 1@
0 ~_|o 0 0

» Short-Range vs. Long-Range: Imagine a long chain of dominos where each domino represents a layer or time step. If
the force transferred from one domino to the next diminishes (say by a constant factor each time), then after a long chain,
the force reaching the first domino becomes nearly zero. This means the first few dominos (or layers) barely "feel" the
impact of the initial force (or error), and thus they do not adjust effectively based on long-term dependencies.

» Resulting Behavior: The model ends up "paying attention" only to the parts of the sequence that are immediately
relevant (the nearby gradient signals) while ignoring distant context. This leads to challenges such as:

¢ Inability to learn relationships or dependencies that span many time steps.

¢ Poor performance on tasks that require integrating information over long sequences.
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° ° ° This contextual representation of “terribly”
Bldll'e Cthn al RNNS has both left and right context!

Concatenated
hidden states

ﬂoooooooo]
\

Vﬂoooooooo]
/ﬂoooooooo]
}/Aoooooooo]

Backward RNN

Vﬂoooooooo}
©@00®@0000)|
0000

~
O
O
O
7%

{0000
y
ﬁ[....}

Forward RNN

©000)

TR/
bt

\
(o000
n
0000

S

StanfordCS224n
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movie was terribly  exciting !
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Bidirectional RNNNs

This is a general notation to mean
“compute one forward step of the
RNN” —it could be a simple RNN or
LSTM computation.

On timestep t:

\

Forward RNN ﬁ(t) = RNNFw( hf(t_l)a w(t)) } Generally, these

Backward RNN %(t) _ RNNBW(%('&‘H), a}(t)) two RNNs have

. > Yl

DN

We regard this as “the hidden
state” of a bidirectional RNN.
This is what we pass on to the
next parts of the network.

StanfordCS224n
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Stacked RINNs

Stacked RNNs (also known as deep RNNs): multiple recurrent layers are placed on top of each other.

P The output of each RNN layer serves as the input to the next, creating a hierarchical representation of the sequential
data. The lower RNNs should compute lower-level features and the higher RNNs should compute higher-level features.

P This architecture is used to capture complex, abstract temporal patterns. Hierarchical layers can learn more abstract
features. Better capture complex temporal dependencies.

P Improved Performance: Often achieve higher accuracy on tasks such as language modeling, speech recognition, and
time series prediction.

» However, they also introduce challenges such as increased training complexity and computational cost.

P With careful design and tuning, stacked RNNs are a powerful tool for sequence modeling.
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Three-layer RNNs

Yt = g(Wth:S) + bo)

olwefe]l (o] (6] [e] [e 1
RNN layer 3 : ”>: ,: >: >: >:
o) o) 1o (o (o) (o u=A(wOh+ W n? +b0)
W)£3) t
RNN layer 2 o o —le| e[ —lel —le| HY- F(WOh) + w2 h?, +b@)
AR t
el (s B 5[
h | @ - N N 1 1),.(1
RNN layer 1 o e —le| e[ e[ —le| hi’= f(W)Sl)XrJr Wi, +b(1))
o 0 o 0 o
wl 17T

Q@
Q@
Q@
Q@

T StanfordCS224n
/

the movie was terribly  exciting
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The Deep Learning Roadmap:

C Ontent From Foundations to Advanced Architectures

1. Evolution to Representation Learning

2. The Neural Mechanics

ord

learn patterns.

o3
=
=]
5
) %
23
W=
::E:: E Old Models Representation Learning
S Shift froi Networks autonomously Artificial noural networks: layers of
i psycholo?lcal/ extract high-level d neu
s “miir-product” features by non-linear activation
= from raw data. functlons (e g., ReLU, Sigmoid)
=
o
=

3. Backpropagation & Tabular Data

Backpropagation MLP
(1986?

Enabled - e

led o Tabular Data (FNN/MLP
C ﬁﬁ 8?'2%'22' training C Q?) Health & Fmans:e (credit b

assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Leamning Rate Schedule
Deep networks create ~ Ueembecsy  Trained via SGD &
o e —eeoey | Aa

— sudrusse Decay  Adam with learning

landscapes. h e schedules for
Understanding this stable convergence.
geometry is key to
optimization.

Regularization Strategies
Loss Functions: Dropout and Weight Decay simplify model

Measure error (MSE

(or regresslon
s-Entrop

classuf catlon

6. Computer Vision & CNNs

CNNs use
filters to extract Aufonomous Vehicies, (e,

spatial features. Medical Imngmq((llesﬁet
for deep networl

A of how well a
distribution or probability model predicts a sample.

Transformers: Use "Self-Attention”
to process all tokens in parallel,
improving translation speed/accuracy.

RNN/LSTM

aeee
® ® © ®

RNNSs: Process sequences
one element at a time.

A(Q K, V) =a(QK™)V
(Attention Operation)

appllcatlons
aelllne Translation,

8. Graph Data & GNNs Architectural Comparison: Strengths by Data Type

Architecture | Primary Data Type | Key Mechanism | Typical Application
Records

8 Graph Data and Graph Neural Networks &P e e

Yansiaton/tLite TR

GNN Relational/Graphs  Message Passing 31ug Discovery/ )(.

rmll Neural
SC s): Excel at relational Soc? Discovel
jata where symmetry is key. | Netwol

A NotebookLM
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Graph-Structured Data

g Graph-structured data 1s a type of data representation where entities (nodes) and |
their relationships (edges) are explicitly modeled as a graph. This structure captures the
connections between data points, allowing for more effective analysis of relational

| patterns. )
Examples:
 Social networks, citation networks, multi-agent systems Graphs are a general
- Knowledge graphs language for describing
 Recommendation System and analyzing entities with
 Protem interaction networks relations/interactions

* Molecules
e Road maps
e Brain networks

s
Why Are Graph-structured Data Important?

Graphs capture complex relationships and dependencies between entities:

*Interconnected entities influence each other (e.g., in social networks, a person’s behavior depends on their connections).

*Knowledge is structured in relational forms (e.g., in knowledge graphs, concepts are linked based on meaning and context).

*Biological and medical data exhibitintricate interactions (e.g., protein-protein interaction networks, brain connectivity graphs).

By modeling data as graphs, we can better understand structures, uncover hidden patterns, and improve Al-driven decision-making.
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Graph-Structured Data is Everywhere

2

T A S, S

age credit: SalientNetworks ZNRF;. .IGEjR : 9 ,
Event Graphs Computer Networks Disease Pathways mage rdit: Medium mage credit: Scence
Social Networks Economic Networks

Food Webs Particle Networks ~ Underground Networks ~ Citation Networks Internet Networks of Neurons

StanfordCS224w
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Graph-Structured Data 1s Everywhere

Spock Science Fiction

o R

played characterln ~ EEMFE M chamacterln  played
Qo) F o)
Leonard Nimoy Star Trek ~ Star Wars Alec Guinness

Image credit: Maximilian Nickel et al

Knowledge Graphs

.
static {} \
A\ //\)‘(/ /I
‘v/ .\

cleamMsg() | 1} //
Ceos ". 7
~ 4

Image credit: ResearchGate

Code Graphs

Obi-Wan Kenobi

T"“ 'LJNC GILLINGS SCHOOL OF
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Image credit: ese.wustl.edu

Regulatory Networks

Molecules

Image credit: math.hws.edu

Scene Graphs

Image credit: Wikipedia

3D Shapes

customer_id integer

order_id integer e
orces_cate date _\L =

loan_id |int

account_id]int

amount  |int

duration  |int

payments |decimal

status | verchar

tem id integer

customer_id integer tem_id integer
customer_phone varchar(12) item_name varchar(i00)
customer_emak et m_price numer

Commerce

card
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Challenges

Graph-structured data pose significant challenges due to their irregularity, high
dimensionality, and computational complexity. The major challenges include:

» Scalability and computational inefficiency

» Irregular and dynamic nature

» Data sparsity and missing values

» Complex relationships and non-Euclidean space
» Challenges in learning meaningful representations

» Privacy, security, and adversarial attacks

GILLINGS SCHOOL OF
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Homogeneous Graph

* Key Characteristics of Homogeneous Graphs
* Single Node Type: All nodes in the graph belong to the same category.
% Single Edge Type: All edges represent the same kind of relationship between nodes.

¢ Uniform Structure: The graph follows a consistent connectivity pattern, making it easier to apply traditional
graph-based algorithms.

* Examples of Homogeneous Graphs

» Social Networks (e.g., Facebook, Twitter, LinkedIn)

* Nodes: Users. Edges: "Friends" or "Follows" relationships between users.

» Citation Networks (e.g., Google Scholar, ArXiv, PubMed)

* Nodes: Research papers. Edges: "Cites" relationships, where one paper references another.
> Protein Interaction Networks (e.g., Biological Networks)

* Nodes: Proteins. Edges: "Interacts with" relationships, representing biological interactions between proteins.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




How to build an effective graph?

4

4

L)

YV V. V

DUNC

Nodes (or vertices) represent the fundamental entities in a graph. They can correspond to different
objects depending on the problem domain.

Edges (or links) define relationships or interactions between nodes. Edges can be:
Directed or undirected (e.g., one-way vs. mutual friendships).
Weighted or unweighted (e.g., flight routes with different distances).
Static or dynamic (e.g., evolving relationships over time).

Choosing the Proper Network Representation. The way we construct a graph determines
our ability to extract meaningful insights. Different representations can lead to different outcomes.

Cases Where Representation is Unique and Unambiguous
Cases Where Representation is Not Unique

How the Choice of Links Affects the Questions You Can Study

The way you define connections (edges) influences the type of insights you can extract.
If you ignore certain relationships, you may miss critical aspects of the data.
If you add unnecessary edges, you might introduce noise and bias in analysis.

GILLINGS SCHOOL OF
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Graph Set-up

* Graph G = (V,E) is defined by a set of nodes V and a set of edges E between these nodes. An edge
going fromnode u € Vtonodev € Vas(u,v) € E.

Undirected Directed
‘node’

LSV

GILLINGS SCHOOL OF
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Adjacency Matrix

« A convenient way to represent graphs is through an adjacency matrix A € RIVI*IVI, We order the
nodes in the graph so that every node indexes a particular row and column in the adjacency matrix.

Weighted Multigraph

(undirected) (undirected) j
if there is a link from node i to node j

1
. 0 otherwise SEIf-Edges (se'f-IOOPS)
ij ;
(undirected)

0O 1 0 1) (0 0 0 1
1 0 0 1 1 00 0 ‘
A= A=
O 0 0 1 O 0 0 O [
1 1 1 0 0 1 1 0

GILLINGS SCHOOL OF
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Graphs and Graph Signals

V=A{v,...,uon}
E={e,...,enm}

G=1{V,£&}
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Graphs and Graph Signals

Graph Signal: f : ) — RN

<~
I 1
Prign
A RN NN
| ]

G=1{V,¢&}




Graphs and Graph Signals

Graph Signal: f : ) — RNV *d

V={vy,...,uon}

E={er,...,em} Y

N P W W W W W N
| ]

NN N N~~~
0O ~J O O = W N =

1 1
e

G=1{V,¢&}
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Graphs and Graph Signals

N
Graph Signal: J: V=R

<~
I 1
Prign
A RN NN
| ]

G=1{V,¢&}




Matrix Representations of Graphs

Spectral graph theory. American Mathematical Soc.; 1997.
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Matrix Representations of Graphs

Vg

%1

vs Adjacency Matrix: A[i, j| = 1if v; is adjacent to v;
Ali, j] = 0, otherwise

Ve

Adjacency Matrix 197
(01000000\
1 01 00100
01 010110
00101000
00010100
01 101010
00100101
\0 00000 1 0

A
Spectral graph theory. American Mathematical Soc.; 1997.
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Matrix Representations of Graphs

Vg

%1

vs Adjacency Matrix: A[i, j| = 1if v; is adjacent to v;
) Ali, j] = 0, otherwise
6
Us
v, Degree Matrix: D = diag(degree(vy), ..., degree(vy))
Vg
Degree Matrix Adjacency Matrix 108
/100000 0 0\ (0010000 0 0
03000000 101007100
00400000 010101710
00020000 _ 00101000
00002000 00010100
00000400 011010710
00000030 00100101
\0 0 00000 1) \0 0 0 0001 0
D A

Spectral graph theory. American Mathematical Soc.; 1997.
= GILLINGS SCHOOL OF
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Matrix Representations of Graphs

Vg

%1

vs Adjacency Matrix: A[i, j| = 1if v; is adjacent to v;
) Ali, j] = 0, otherwise
6
Us
v, Degree Matrix: D = diag(degree(vy), ..., degree(vy))
Vs
Degree Matrix Adjacency Matrix 199 Laplacian Matrix
/10000 0 0 0\ (001000 0 0 0\ /(1 =1 0 0 0 0 0 0)
03000000 101007100 -1 3 -1 0 0 -1 0 0
00400000 01010110 0 -1 4 -1 0 -1 -1 0
00020000 _ 00101000 _ 0 0 -1 2 -1 0 0 0
00002000 00010100 0 0 0 -1 2 -1 0 0
00000400 01101010 0 -1 -1 0 -1 4 —=1 0
00000030 00100101 0 0 -1 0 0 -1 3 -1
\0 0 00000 1) \0 0 0 0001 0 \0 0 0 0 0 0 -1 1)
D A L

Spectral graph theory. American Mathematical Soc.; 1997.
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Heterogeneous Graph

Key Characteristics of Heterogeneous Graphs

“* Multiple Node Types: Nodes represent different entities, such as users, items, papers, or institutions.

¢ Multiple Edge Types: Different relationships exist between nodes, such as "authored by," "cites"

¢ Rich Semantic Information: The diverse relationships provide deeper insights than homogeneous graphs.

Examples of Heterogeneous Graphs
» Academic Citation Network

Nodes: Papers, authors, journals. Edges: "Cites" (paper-to-paper), "Authored by" (paper-to-author).
» Knowledge Graphs (e.g., Google Knowledge Graph, Wikidata) S

Nodes: People, locations, organizations, events. —
Edges: "Works at" (person-to-organization), "Located in" (place-to-countryzm:

cerebral
haemorrhage
78
s ® pryg
@ Disease
elonephritis

& Adverse event

Protein
A Pathways

Why Are Heterogeneous Graphs Important? e M, e

J More expressive than homogeneous graphs, capturing richer information. weon

] Essential for real-world applications in social networks, recommendation systems, and knowledge graphs.
(J Enhance AI models by incorporating multi-type relationships in representation learning.
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Node, Edge, and Global Features

Node features represent characteristics or attributes of individual nodes for downstream tasks like node classification,
clustering, and link prediction.

Common Types of Node Features

¢ Categorical Features: Node types (e.g., "user" or "product" in a recommendation system).

** Numerical Features: Values like age, price, or degree centrality.

¢ Textual Features: Descriptions, reviews, or labels in textual form.

¢ Vectorized Embeddings: Learned representations from NLP models or pre-trained embeddings.

Edge features define relationships or interactions between nodes for link prediction and edge classification.
Common Types of Edge Features

» Weight: The strength or importance of a connection (e.g., frequency of interactions).
» Type: The kind of relationship (e.g., friendship, purchase, citation).

» Timestamp: When the connection was established (useful for dynamic graphs).
» Directionality: Whether the edge is directed or undirected.

Graph-Level Features: graphs have global properties or features that apply to the entire network.
Examples include:

» Graph Density (How connected is the graph?).

» Average Clustering Coefficient (Tendency of nodes to form clusters).
» Graph Size (Number of nodes and edges).
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The Construction of Knowledge Graphs

B
Zi= //‘ ::iriP‘ 3 \
*-;;E\L f"". e W \ .
e 5 o SR
‘ - L Al : . -.-.: -:‘l'-
= ladl ? > What Comes Next ? . *mele.dg? G?apti.(l{e_):._
| R uE o VoY uA®
- PR | >>> A 3‘\. e e _..'! 2
1 pi— \ - . l.‘ "- IF.
S\ ®
Data standardization LR = 4
Link they all!!!

< KG turn data into a network of evidence that can be queried, reasoned, and reused.
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What is a Biomedical Knowledge Graph

A graph of nodes (entities) and edges (relations) capturing

biomedical facts.

O Entities: diseases, genes, proteins, drugs, organs,
phenotypes

O Relations: ”causes”, ’interacts with”, “’treats™, % } ___-?—:?:_? &
”associated with” %% '%— oy :
O Attributes: provenance, confidence scores, timestamps ;P e s e 00 .
= sl & ek Biluré-&-—
s — -

% —G&o-. o i

Risk Factor \;;) o S e -
B~y Disease KG

Triples: Drug-gene KG ‘i—ﬁsﬁgm

(Cardiovascular Disease, Association,

Postpartum Depression) — - .
(Stress, Risk Factor, Cardiovascular Disease) @ Clinical Trials KG
» (Stress, Risk Factor, Postpartum Depression) % IRCOm m

(Brexanolone, Treatment for, Postpartum
Depression 1] @
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Why Knowledge Graphs Matter

A Knowledge Graph doesn’t just store data — it makes your entire evidence ecosystem think together.

Integration
Unified Knowledge Fabric

Knowledge Discovery Computability

LA LR
\

See 1ns 1ghts no Sing le Study can reveal "-.,_~.:-.l'\Illﬂl:.!_..-'l Algorlthmlc Reasoning and DIS covery

Continual Learning Explainability

The graph evolves as science evolves Transparent Reasoning
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@ BioMedKG G ARG R RN e

WELCOME TO OUR BIOMEDICAL
KNOWLEDGE GRAPH INTERFACE

Home to the Mental Disorder Knowledge Graph (MDKG) and
Alzheimer's Disease Knowlodge Graph (ADKG).

Utilize our search functionally 1o etfortiessly explore and retriey
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Entity | Name ‘
oprevelon immune response
l el . | | stimulation
. selecti i Hifon depressi g
Beiect e HScales) Depression Scale
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Different Types of Task

Graph-based machine learning involves multiple
tasks categorized by the focus of analysis. The
main categories of tasks include:

» Node-Level Tasks: Predicting properties of
individual nodes.

: » Edge-Level Tasks: Inferring relationships

ti . Community between node pairs.

' (subgraph) P Community-Level Tasks: Detecting and

Node level

Graph-level «—
prediction, :
Graph

ti level analyzing groups of closely connected nodes.
generation » Graph-Level Tasks: Understanding global
Edge-level graph properties.

GILLINGS SCHOOL OF
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Modern DL Model Architectures

Graph Neural Network

Input

* Key Features: Ability to process graph-structured data. Utilizes l %

node features and graph topology for learning. Effective in
capturing dependencies between nodes. Supports inductive and
transductive learning.

e Structure: Nodes, Edges, Node Features, Graph Convolution,
and Readout Layer.

Hidden layer Hidden layer

<.

* Types: Graph Convolutional Networks (GCNs), Graph Attention Ewﬁ |

Networks (GATs), Graph Recurrent Networks (GRNs), Graph
Autoencoders, Graph U-Net

* Applications in Biomedicine:

Social Network Analysis, Knowledge Graphs, Drug Discovery,
Recommender Systems, Network Security

GILLINGS SCHOOL OF
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GNN Designs

s Summary
Step Task
1. Define Graph Nodes, edges, features
/ __________ \ 2. Feature Engineering Define node and edge features
’ \
; Skip ' 3. Message Passing Select aggregation method
1 Connection
e / 4. Choose Architecture GCN, GAT, GraphSAGE, etc.
5. Loss Function Supervisc-:\d (cross-entropy), unsupervised
__________ - oo (contrastive)
[ ’ ; )
4 Sampling Conv/Recurrent Pooling : 6. Training Use mini-batching and optimizers
I Operator Operator Operator |
Smm s e Ssssssoas Z . Classification, link prediction, graph-level
7. Evaluation
= - tasks
\‘\ /'/ 8. Deployment Optimize for inference speed
Input ; ~\:~\~r \"o”’ Output Hidden layer Hidden layer
Node 4 Loss Function )
Embedding
GNN GNN gt Output
— — = o = [T |edge =) || TrainingSetting Task
Layer Layer , . ; . i ReLU ReLU
Embedding Supervised Node-level - =
* Semi-supervised * Edge-level ™ S e
. i * Graph-level
Graph Unsupervised raph-leve
. N, Embedding \ j @ é

Jie Zhou, et al. (2020). AI Open
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Key Modules in Graph Neural Networks

GNNss process graph-structured data by propagating and aggregating information across nodes and edges.

Three key modules in GNNs:

¢ Sampling Module

Aims to reduce the size of each node’s neighborhood, especially for large graphs, preventing the neighbor explosion
problem.

¢ Propagation Module

»  Performs message passing via convolutions (e.g., GCNs) or recurrent operators (e.g., GRUs) on node features.
»  Uses skip connections to mitigate over-smoothing and incorporate historical representations.

¢ Pooling Module

Aggregates node-level embeddings into subgraph or graph-level representations, extracting higher-level features needed for

SN - ssification.

Tasks
Propagation Module - ) N_Ode c|a§5|ﬁcatlon
Sampling Module Cometton | & Pooling Module * Link prediction
o Convolution ecurrent p ”
e Reduces neighborhood ops . :A%greg:tes nI:;de rehps _‘ o Graph C|aSSIfIC3tI0n
size " o Skip connections mitigate - level repi PUERP . Anomalous nOde deteCtion
©q . over-smoothin .
* Ithment p;ocessmg en ¢ o Extracts high-level ¢ C|USterIng
arge grapns o Aggregates feature + features
topological info L —
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The Sampling Module

» Efficient Graph Processing via Sampling
* P Direct propagation on large graphs is computationally infeasible.
* P The Sampling Module reduces cost by selecting subsets of nodes or edges.

* Key Challenge:

% Neighbor Explosion: The number of neilghbors grows exponentially with depth. GNNs aggregate messages from each node’s neighbors in the
back multiple

grevious layer. Trackin ayers can exponentially increase the neighbor set. Storing and processing all neighb orhood information
ecomes intractable for large graphs.

)
0‘0

Computational Efficiency: Full neighbor aggregation is impractical for large graphs.

)
0’0

Memory Constraints: Storing all neighborhood information for each node is infeasible.

Scalability: Enables GNNs to handle large graphs effectively.

0‘0

¢ Common sampling techniques: Node Sampling; Layer Sampling; Subgraph Sampling.

Impact on Permutation Properties:

P Node-level predictions remain unchanged under node reordering.

P Node representations transform consistently when input ordering changes.

Impact on Task Performance:

P Preserve downstream performance in classification, link prediction, etc.

P Sampling strategies must capture essential structural information despite reduced neighborhood size.
» Aim for low variance while avoiding high computational costs.

GILLINGS SCHOOL OF
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Common Sampling Methods

* Node Sampling: Selects a subset of nodes and their immediate neighbors.

P Reduces computational complexity by limiting the number of participating nodes.

P Often used in algorithms like GraphSAGE.

Layer Sampling: It selects a fixed number of neighbors per layer.

P Controls exponential growth by restricting the number of aggregated neighbors.
P Balances efficiency and performance in large-scale graphs.

Sampling
Module

|<

GILLINGS SCHOOL OF
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Subgraph Sampling: Extracts a subgraph based on connectivity patterns.

» Useful for mini-batch training by working on graph partitions.
P Preserves graph topology while reducing computation.

Node ==
__________ J
(T TETEETT I
Layer ==
e e oo J
S
Subgraph r--

GraphSAGE VR-GCN PinSAGE
FastGCN LADIES
ClusterGCN GraphSAINT

Jie Zhou, et al. (2020). AI Open
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The Propagation Module

* Facilitates message passing between nodes to integrate structural and feature information.

» Key operations:

% Convolution Operators: Aggregate neighbor information.

*¢* Recurrent Operators: Maintain temporal dependencies in dynamic graphs (e.g., Graph GRU, Graph LSTM).

®,

: (5) Learning objective
¢
I
- D (2) Aggregation
{ GNN Layer 2 aE
N (1) Message
(3)Layer °
connectivity " @ "
GNN Layer1 o i '.,
‘ ‘~~ e pt
00;0‘
(4) Graph augmentation

Propagation |
Module

«» Skip Connections: Mitigate over-smoothing by retaining historical representations.

Spectral
- - -S ——————— L Network ChebNet GCN AGCN
| pectral rFiFmrrmRasE=-n- —
DGCN GWNN
"Convolution | 7 -
onvolution
Operator 1 s e Neural FPs DCNN PAST[(\:II\I{Y LGCN
_________ ! Basic 1S
L GraphSAGE
: Spatial :-<

:' Attentional ,:- iy GAT GAAN
s S
|__Framework == MoNet MPNN NLNN GN
S S

_________ . ! Convergence r---  GNN GraphSEN SSE LP-GNN

Recurrent ' ) TTTTmoooems d
Operator 1

_________ L g —————
| _Gate r--1  GGNN Tree LSTM Graph LSTM B

""""" \

Skip L o i S e S S e S Highway
Connection ;" JKN GCN CLN DeepGCN

Jie Zhou, et al. (2020). Al Open




Permutation Equivariance and Invariance

Image Maps ° .
Input - ;
@ s ® P'e _::\'
or this: ) N
Output : “.‘7, A . —
® o | e
Convolut|ons FU“Y Connected &) . - i
Subsampllng ¢ 4

lllustration of LeCun et al. 1998 from CS$231n 2017 Lecture 1

Key Observation: e Permutation Equivariance (PE): Node embeddings maintain
P A graph does not have a fixed, canonical ordering of its nodes.

: 1 : structure when node order changes.
P Any permutation of node indices can still represent the same &

underlying graph.  Permutation Invariance (PI): Graph-level representations
Implication: rematn . _
P The labeling or numbering of nodes is arbitrary. * unchanged under different node orderings.

P Reorder node IDs without changing the graph’s structure.

Node features X;  Adjacency matrix A
ABCDEF Order 2

Node features X, Adjacency matrix 4,
A BCDTEF

Ordera

mmoOoNn @ >
mm oONn ®@ >
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Definition of PE and PI

Permutation Invariance:

» A function f(-) is invariant if permuting inputs does not
change the output:

f(m(A, X)) = F(A, X), Vr€S,

» Typical for graph-level tasks (e.g., entire graph classification).

Permutation on Graphs:
» Let P be an n X n permutation matrix.
» Then A— PAPT, X — PX.

* f(A,X) = 1" X : Permutation-invariant
« Reason: f(PAPT,PX) = 1TPX = 17X = f(A,X)
= f(A,X) = AX : Permutation-equivariant
- REsom: f(PAPT, PX) = PAPTPX = PAX = Pf(A,X)

= f(A,X) = X : Permutation-equivariant
= Reason: f(PAPT,PX) = PX = Pf(4,X)

GILLINGS SCHOOL OF

GLOBAL PUBLIC HEALTH

Permutation Equivariance:
» A function g(-) is equivariant if the output is permuted in the
same way:

g(m(A, X)) =n(g(A X)), Vre S

» Typical for node-level tasks (e.g., node embeddings, node
classification).

= Permutation-invariant
f(A,X) = f(PAPT, PX)

= Permutation-equivariant
Pf(A,X) = f(PAPT,PX)

Order1:A1,X1 Order2:A2,X2

/%.

é
f(Az,X3) =

f(A, X)) =

-nmUhm)>
MmO N @™ >




Designing GNN

* Designing GNN Layers must preserve or respect permutations at each update step. PI and PE are crucial for robust GNN
models that handle node reorderings gracefully.
% Sampling + Approximation: Avoid violating permutation properties in large-scale graphs (random sampling, etc.).

¢ Pooling Mechanisms: Summation/average pooling ensures invariant graph-level outputs.

¢ Challenges: Hierarchical pooling, dynamic graphs, and advanced aggregator designs can complicate these properties.

GNN consist of multiple permutation equivariant / invariant functions. A general GNN framework
Yy e _// l (5) Learning objective

N ~
h \\
N
Iso - 9
- = N o = I
= __.-r'.--’
-~ \ -
Pro/~=--
1 ,
-~ -~
- Fd
Cd

& : .
INPUT GRAPH
L 4

-

(2) Aggregation

2

GNN Layer 2

o
-

-
-~

- e ’ (1) Message
ayer r

connectivity ‘ @ '&‘
GNN Layer 1 .,’ i i Y
‘ § [
0. D=2
YL
(4) Graph augmentation
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The Pooling Module

» Extracting High-Level Representations

% Generates compact representations of subgraphs or entire graphs.

% Essential for tasks like graph classification and hierarchical learning.

* Key pooling techniques:

» Node Dropout Pooling: Drops less informative nodes (e.g., Top-K pooling).

% Cluster-based Pooling: Merges similar nodes into clusters (e.g., DiffPool).

¢ Attention-based Pooling: Assigns weights to nodes based on learned importance.

*» Maintaining Permutation Invariance: Ensures that graph representations remain unchanged.

* Two main categories:

% Direct (Readout) Pooling Modules: Aggregate node embeddings into a single graph-level embedding in one step.

% Hierarchical Pooling Modules: Iteratively coarsen (or cluster) the graph, creating a hierarchy of smaller graphs or subgraphs.

PR ———— :
' Direct - Slmple Set2set SortPooling
__________ ; Pooling

[ Pooling ] <

Module il
pmmmmmm | Coarsening ECC DiffPool gPool
Hierarchical 5
_  EigenPooling SAGPool

Jie Zhou, et al. (2020). Al Open

ﬁ UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




GNN Training Framework

Training Approaches

¢ Supervised Learning: Uses labeled data to train GNNs for node/graph classification.

¢ Semi-supervised Learning: Uses both labeled and unlabeled data to improve training.

+» Unsupervised Learning: Uses self-supervision (e.g., contrastive learning) to learn node embeddings.

Prediction Tasks in GNNs

¢ Node-focused: Predicts node labels (e.g., node classification) using an MLP or softmax layer.

*» Edge-focused: Predicts relationships between nodes (e.g., link prediction) using similarity functions or MLPs.
¢ Graph-focused: Generates graph embeddings using pooling layers for tasks like graph classification.

Cross-Entropy Loss: Example Types of Nodes in GNN Training
¢ Training Nodes: Used in loss computation.
L= Z yilog(o (th 0)) + (1 —yi)log(l —o (h’,Tg)) % Transductive Test Nodes: Processed in GNN but not
i€ Vtrain included in loss computation.
where: ¢ Inductive Test Nodes: Not included in GNN

_ . computation or loss function.
» h; is the node embedding at the last GNN layer.

» y; is the true class label of node 1.
» 0 represents the classification weights.
» o is the sigmoid function.

DUNC
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GNN Training Pipeline

INPUT GRAPH

Evaluation
metrics

Input Graph Node
Graph Neural embeddings /\

Al [l Prediction

. * = — —>| Predictions Labels
B ] [l head

LK 1° 0 ] \./

ppppppppp ...'. LOSS
function

Implementation resources:

PyG provides core modules for this pipeline
GraphGym further implements the full pipeline to facilitate GNN design
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Spectral and Spatial GNN Framework

Spatial Based Filtering Spectral Based Filtering

Original GNN
(Scarselli et al.
2005)

GraphSage Spectral
GAT (Hamilton et al. | Graph CNN
(Veligkovié etal. | nips 2017) (Bruna et al.
ICLR 2018) ~GN ICLR 2014)
(Kipf & Welling.

ICLR 2017)

MPNN
(Glimer et al.

ICML 2017)

ChebNet
(Defferard et al.
NIPS 2016)
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Spatial GNN Framework

Key Concepts:

¢ Spatial approaches define convolutions directly on the graph using graph topology.
¢ Unlike spectral methods, these approaches operate in the node domain without eigen-decomposition.

K/

¢ The challenge lies in handling variable neighborhood sizes and preserving local invariance.

TARGET NODE

General Spatial Convolution: 1

Initial O-th layer embeddings are
hg = x, _— equal to node features embedding of

/ v at layer k Layer-0

h(k) INPUT GRAPH Layer-.‘l‘ ....................... ® X A
h_'(}k-l-l) =E|(Wk Z u + Bk.); Vk E {O, ."’._ 1} .A‘q ..................... ‘ XC
N
UEN(v) \

Total number e

_Zl_L|= ht()K ) Avera\ge of neighbor’s of layers @ « e ................. .4-3: gcig

\ T previous layer embeddings ‘® XF
layers of neighborhood NOn-linearity | N | .' .......

aggregation {E8 RELLY o G T . — ® X4y
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Neural Message Passing

TARGET NODE

l

(5) Learning objective

INPUT GRAPH E (2) Aggregation
 GNN Layer 2
.._' (1) Message
(3)Layer el
connectivityE ‘. ..... ' Q‘
NN Layer1 o i 1\
5 0 Nsov o
CQ.O‘
(4) Graph augmentation

GILLINGS SCHOOL OF
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The defining feature of a GNN is that it uses a form of neural
message passing.

During each iteration k, a hidden embedding hftk) for node u is
updated according to the information aggregated from its
neighborhood N(u), which can be expressed as follows:

Y = update® (hz(tk): aggregate™ ({ hy,vv € N (u)}))

We often denote my ) = ag gregate™ ({ hf,k), Vv EN (u)})

as the “message” aggregated from neighborhood. The initial
embeddings at k = 0 are set to the input features for all nodes,

1e., hl(to) = x,,. After running K iterations of the GNN message
passing, we can use the output of the final layer to define the

embeddings for each node, i.e., z,, = h,SK), YuelV.



Neural Message Passing: Intuition

Intuition Behind Message-Passing Framework
¢ The core idea of message passing is simple:

» At each iteration, every node aggregates information from its 1-hop neighbors.

» As iterations progress, nodes encode information from progressively farther regions of the graph.
¢ This allows nodes to capture both local and global structures over time.

What Do Node Embeddings Encode?
Node embeddings contain two main types of information: Aggregation
* Structural Information: Local connectivity patterns; Higher-
order graph structures; the importance of a node based on its
graph position (e.g., centrality measures).
 Feature Information: Numerical attributes (e.g., temperature,
population density in spatial graphs); Categorical attributes
(e.g., user preferences in recommendation systems); Learned
representations from deep neural networks.

Why is Message Passing Powerful?

¢ Combines local and global information efficiently.

¢ Enables deep learning models to capture rich relational patterns.

¢ Supports various tasks like node classification, link prediction, and graph generation.

GILLINGS SCHOOL OF
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GNN: Basic Form

The basic GNN message passing is defined in node-level:

k k k-1 k k-1
H0 = o (WD D) K40

VEN(u)
where Wse ¢, Wheign are trainable parameter and o denotes an elementwise non-linearity such as ReLU. Alternatively, it can
also be succinctly defined in graph-level:

- k — k
H® = U(H(k 1)]/|/S(613c + AH DWn(ei)gh)

The basic GNN message passing can be simplified by omitting the explicit update step:
k+1
hfl ) — aggregate ({ h,(,k), Vv e N(u) U {u}})

where now the aggregation is also taken over the node u itself. Adding self-loops is equivalent to sharing parameters
between self and neighbor transformations. B
HY — o ((A +T)H l)w(t))

The self-loop GNN approach balances simplicity and efficiency but has some limitations. Self-loops make it harder to
differentiate between node and neighbor information. Blurs the distinction between structural and feature information

DUNC
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Permutation Invariant and Equivariant

NodefeatureX;  Adjacency matrix A Embeddings H;

= Intuition: Network neighborhood defines a gy i
" A-
computation graph Order 1 E- E
- - o ] D
Every node defines a computation E E
rEED -

raph based on its neighborhood!
grap g Target Node Permute the input, the output also permutes

accordingly - permutation equivariant
NodefeatureX,  Adjacency matrix4, Embeddings H,

INPUT GRAPH order 2
gl
;. .'. Target Node
AN
o ©

o s,

D shared parameters j
‘ i ‘n shared parameters ,&
Average of neighbor’s previous layer Gee0 % ‘.

Compute graph for node A Compute graph for node B

embeddings - Permutation invariant
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Neighborhood Normalization

L 018 McCo0l,2016
A basic approach is summing neighbor embeddings, but summing X & ©® Kumn‘zm e
neighbor embeddings can create large magnitude differences. Nodes ey
with significantly different degrees may lead to instability and B Ba*f'é'
. . . e, mar, 2019 & Sararya, 2
optimization challenges. S‘ﬁﬁ — ®
Bargtii2016 ‘ Muni- 2028 - i . 2020
' S o . Behera, 2020
(k+1) _ ®) (1, ® e e
h,, = update h,, ,m(N (u)) é o
17 Wany
. . . far, 2017
Example: A node with 100x more neighbors than another will have ﬁ “ zn‘fz‘ma 6
drastically different embedding scales. Leads to numerical instability = z o
. . . . . . v g ]
and difficulties in optimization. 0% v | ®
Zegedy, 201 3 1
G Redmon 2015

. MR K 016
hristian: 2016
Christiansen,

A straightforward solution is degree-based normalization:

m _ ZUEN(U) h,
N = N (w)]

Graph convolutional networks (GCNs)

One solution to this problem is to normalize based upon the degrees of
the nodes involved, which is called symmetric normalization: h® — 5 | Wk Z h,

> Ny VNIV E))
vew(u)\/W(u) X [N(v)]

My@) =
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Generalized Message Passing

As the last attempt to generalize the basic neural message passing framework, now we extend the approach beyond the node
level, leveraging edge and graph-level information at each stage.

One more generalized message passing approach can be formulized according to the following equations:

k 1 k-1 k-1 k-1
R = update,age (hioy RS, hS D, hE)

My = aggregatenyge ({hgz,)v); Vv € N(u)})
h(k) = update,yqe (h(k 2 » M () h(k 1))
h( ) = updategmph(h(k 2 {h(k) vu eV}, {h(k) V(u,v) € E})

(u,v)’
The important innovation in this framework is that we generate hidden embeddings not only for each node h,(,k), but also
h ) for each edge in the graph as well as an embedding h( ) that corresponds to the entire graph. This allows the message

passing model to easily integrate edge and graph-level features and have enhanced performances compared to a standard
basic GNN. Generating embeddings for edges and the entire graph also makes it trivial to define loss functions based on
the graph or edge-level classification tasks.
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Theoretical Properties

Applications

Influences > Optimization

Generalization

Figure 1: Interactions of the four challenges within graph machine learning: Fine-grained
expressivity, generalization, optimization, applications, and their interactions. The
green boxes architectural choices (hyperparameter and other design choices like
normalization layers), model parameters, and graph classes (different types of graphs)
represent aspects of all four challenges.

Future Directions

% Expressivity: What graph structures can a GNN distinguish?
— Traditional results relate GNNSs to the 1-WL test, but finer geometric
notions are needed.

% Approximation: Under what conditions can GNNs
approximate continuous, permutation-invariant functions?

— Universal approximation results require a careful

treatment of the topology of graph space.

% Generalization: How well do GNNs perform on unseen
graphs?

— Existing VC-dimension based bounds are loose and do not
fully capture the influence of architectural choices and graph

structure.

¢ Develop fine-grained expressivity results that quantify not only if two graphs are distinguishable, but how similar they are.
¢ Derive uniform approximation bounds for GNNs using a refined topology on graph space.

¢ Establish tighter generalization bounds that incorporate architectural choices and graph geometry.

“ Explore the interplay between expressivity, optimization, and generalization to inform the design of more robust GNN

architectures.

Morris, Christopher, Fabrizio Frasca, Nadav Dym, Haggai Maron, Ismail llkan Ceylan, Ron Levie, Derek Lim, Michael M. Bronstein, Martin Grohe, and Stefanie Jegelka.
"Position: Future Directions in the Theory of Graph Machine Learning." In Forty-first International Conference on Machine Learning.




DUNC

Deepset

A function f transforming a set X = {x1,...,xy} into Y should
be:
» Permutation invariant: The output does not change under
reordering.

f({xh s 7XM}) = f({xﬂ'(l)a e axir(M)})

for any permutation .

» Permutation equivariant: The output follows the
permutation.

F(DXe(1)s - -5 Xe(m)]) = [Fr@y)(X)s -+ s Frqany (X)]

Theorem. A function f(X) is invariant to the permutation of
instances in X if and only if it can be decomposed as:

F(X)=p (Z qs(x))

xeX

where ¢ and p are suitable transformations.

GILLINGS SCHOOL OF
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The standard neural network layer is represented as:
f@(x) = O'(GX)

where © € RM*M 5 the weight matrix.
Theorem. A function fg : RM — RM is permutation equivariant
if:
© =M +~(117)

where:

» | is the identity matrix,

> 1=11,...,1]7,

> \,veR.
de Finetti’s theorem states that any exchangeable model can be
factored as

M
p(X|a, MO) = fde [H p(xmle)] p(alas MO)
m=1

where 0 is a latent feature and «, My are hyper-parameters of the
prior.

For Exponential Family with Conjugate Priors:

p(X|a, My) = exp (h (a + Z ¢(xXm), Mo + M) — h(e, Mo))




PINE

Let f be a continuous real-valued function defined on a compact set with the following form

f<X1,17X1,27'” y X1,N1, X215, * 7X2,N27'” s XK 1, 7XK,NK)>

G]_ G2 GK

where Xj, ., € RMk . If function £ is partial permutation invariant,  then the PINE framework provides a

Core Representation Theorem as

JJ.lh'r]. AMQ JMK
f() =h (Z gl (xl,n)1 Z gz(xln)f L Z gK(xK,n)) —I—O(l)
n=1 n=1 n=1
which requires h(-) and g(-) to ensure permutation invariant :

Then, PINE provides specific parameters for h(-) and g(-), which can be trained as follows: o

(u®a)x+ b))
o((u® as)x+ b))

——

h([2].....2k]" =2 | e, W,b) = cTa(Wz +b) g (x | T {an WL, =

o((u®ar)x+by) |
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Evaluation

Accuracy (%) of multi-class classification in homogeneous and heterogeneous graphs
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