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The Deep Learning Roadmap:
From Foundations to Advanced Architectures

1. Evolution to Representation Learning 2. The Neural Mechanics

1 Introduction to Deep Learning ,sg% :

3. Backpropagation & Tabular Data
Backpropagation MLP
mas? .

Enabled
efficient training
@ of deep

Tabular Data (FNN/MLP):
Health & Finance (credit
assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Deep networks create " esmoec  Trained via SGD &
non-enmle — Sudeuses Decay  Adam with learning

undelsundhg lﬂs stable convergence.
S tminston.

v Fit Regularization stratlogl

oss ions: Dropout and Weight Decay simplify model
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6. Computer Vision & CNNs

CNNs use specialized Ap lications:
ﬂhersl extr.c‘k tonomous Vehici
ﬁMedl | Imagi (lmlm;é’
for deep networks).

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

Transformers: Use “Self- Anemion'
to process all tokens in
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I Eroviny Wansiation e/ accuracy,
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RNNs: Process uqneneu
one element at a

A(Q.K,V)=0(QK")V
(Attention Operation)
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8. Graph Data & GNNs by Data Type

Architecture | Primary Data Type | Key Mechanism | Typical Application
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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
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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
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V. Vapnik - C. Cortes

S. McCulloch - W. Pitts
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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 Explosmn

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

Select Awards by Institution

David Demis John M
Baker Hassabis Jumpet

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

John J. Hopfield  Geoffrey E. Hintor

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

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
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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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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

EUNC GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH



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 Motabolome Healthy Disease
v UL " Module 1
Ep:genome i 8 Modulez-
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.
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From Foundations to Advanced Architectures
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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
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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

© 010
@Q%

e \® @ @ M

@ Find a criterion/measurement of goodness
@x@@

@ @ @ Get the best model for the problem

hy = a;ﬁo + Qox| A loss function is needed here,
hy = a|3, +Qhy] to measure the difference between the output and truth
hy = alB,+ (Qshy]
_ Total loss: L = Z (¥, ¥;)
h = Qrw_hy_ -~
K a[ﬁK—l—l_ K-11K 1] Vi :IBK—FQKhK(Xi;[(/807Q0)7'°°7(/BK—I:QK—I)])

y = I@K + Qrhgk.
Find the network parameters to minimize the loss
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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 i
Problem Training
sample
I Hyperparameter Tuning . 0.37 0.37
Regression Classification ' r_ " ”
I a o MSPE o Precision-Recall Image : 0.50 y= |- Dog
I Qa Unsatisfactory o e | 013 013
_ 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
. Add regularization o cVermor
Depl oyment g . HcveuEristic 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
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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



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
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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.
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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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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) ..

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




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

3
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Content

The Deep Learning Roadmap:
From Foundations to Advanced Architectures

1. Evolution to Representation Learning 2. The Neural Mechanics

- ol

g &SI

8 e =

23 Q D

W=

e Old Modnh

s Networks Anmchl | networks: b‘ rs of
%3 “a;'nm\?mwsly i naur- o

w pnysl ode(s 'mﬂl-pvodugzleamros —lhu activation

= from raw data. ful ons (e g RelU, slgmold)
=

S LAt

3. Backpropagation & Tabular Data
Backpropagation MLP
mas? .

Enabled
efficient training
@ of deep

Tabular Data (FNN/MLP):
Health & Finance (credit
assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4 Loss Functions and Optimization Techniques e 5. Optimizatlon & RegularEHER

Deep networks create T e pey,  Trained via SGD &

por convex SRS, Adam with learning

rate schedules for

undelsundhg lﬂs stable convergence.
i
L Functi Dropot RCQIII!W Decay si pﬁfy model

oss Functions: ut and it simj
')::lwrt error (MSE complexity, promoting generalization.

ressi

regression,
cllsmluﬂoni.
6. Computer Vision & CNNs

RiEmmm— o e Uy

Medical Imagis
for deep nel?vnﬁ‘(lm

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

Transformers: Use “Self- Anemion'
::.:' process all tokens in

RNN/LSTM Ater
e oviss S anslenon spea/accuracy.

seee®
®e®© 0 |

RNNs: Process uqneneu
one element at a

A(Q.K,V)=0(QK")V
(Attention Operation)

“ Hﬁmﬁlmm

8. Graph Data & GNNs by Data Type
prciocus| Py DutsTIgS
FNN/MLP  Tabular/Structured  Dense Layers m‘“‘"‘“
/_: o Spatalimages  Comvolutions  Mdicalimaging/ ooy
| mnasTM Spec )
W Appllcations: Transformer Sequentiol/Parallel  Self-Attention  Wachine @Ry
© w)“bmel amhn:n:'ly % DUGDISCOY. | Gun  retstono passng D9 Dscoren! o

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

DUNC

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
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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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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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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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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 (), 1lr=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.
e 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: 50,6
i1t
* Faster convergence than standard SGD. myy + fome+(1-0) Z 34— afm)
: . i e i€B |0y — P - Iy
» Reduces oscillations and improves stability. - myy + fom+(l- /3)2 o

b1 & G0y, , 1)
’lEBt

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 ) |
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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)

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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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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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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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 [52 + wa - exp [81 4wy - sinfBo 4+ wo - ZUH}
fo = ;60 + Qox; f1 = 61 + Qhy f2 = B, + Qhy f3 — B, + Qshy
Forward pass: ;,, _ _ ity I
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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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
1.,#551 + €

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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Nature Image Data is Everywhere

StanfordCS231n

ﬁ l l P I GILLINGS SCHOOL OF
: GLOBAL PUBLIC HEALTH



Major CV Tasks

- —

Semantic Object Instance
Segmentation Detection Segmentation

Classification

S

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 T —_—_—
StanfordCS231n
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Scenario Challenges

Scale variation

- Deformation Occlusion

i |

StanfordCS231n
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Why CNNs? Limitations of Fully Connected Networks for Images

1. High Dimensionality

A 224x224%3 image has 150,528 inputs; a shallow FC layer needs
~22 billion weights — overfitting, huge memory, slow training.

CNN fix: shared weights (convolutional filters) applied to local
regions (kernels).

3. Geometric Transformations

A shifted, rotated, or flipped object keeps its identity, yet FC networks
must relearn patterns at every position — inefficient, data-hungry.

CNN fix: translation invariance via shared filters, plus data
augmentation in training.

2. Spatial Relationships

Nearby pixels form local patterns (edges, corners, textures), but FC
networks treat all pixels equally and ignore locality.

CNN fix: local receptive fields preserve spatial coherence and
capture local patterns.

4. Noise, Scale & Hierarchy

Real images are noisy and contain features at multiple scales (edges
— textures — objects); FC networks cannot represent this hierarchy.

CNN fix: stacked convolutional layers with increasing receptive
fields; robust local features.

Takeaway: CNNs leverage shared weights, local receptive fields, and hierarchical feature extraction to process high-

dimensional images efficiently and robustly.
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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 Cn_rg;cted
* Key Features: Utilizes convolutional layers to Input Pooling ...+ 5 iy Output
. . . . - woniBs0
process data in a grid pattern (like images). S ‘ ‘Fﬁ O3
TSl I by N | Oﬁ_ﬁf;»,(\;:::
b e L‘“{-{)
« Key Components: ‘“_gﬁﬁ:}_
« Convolutional Layers: Extract features from \ y JAN y )
input images using filters. Feature Extraction Classification
* 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.
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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 (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
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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.

GILLINGS SCHOOL OF
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55 a7
N2 13 13
IR pow RS S
-1 "- 5 L
i AN S
" 1. TL 15
55 .". 4 1aa 194 12%
4€ 128
R
55 23 "'.".
=1 N\ 3 3
< . '\ 1000
stede | NLJ|...T " at o) Q sl . i
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).



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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Residual Block

Building Block:

X a) Input: x (feature map from the previous layer).
_— e e b) Path 1 (Residual Function):
| . | i.  3x3 convolution -> Batch Normalization -> ReLU.
| Weight layer | X ii. 3x3 convolution -> Batch Normalization.
| Fx) l RelLU | . denti ) c) P.ath 2 (Sklp Connec_tlon):. |
| | i. Identity mapping: Directly passes the input x.

: | d) Addition:
: W RN s | i. Output: F(x)+x (summation of the two paths).
————————— - e) Activation:

i. Apply ReLU to the combined output.
F(x)+x f) Output:
ReLU 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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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
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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

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.

Flipping

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

Cropping & Resize

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

e Common Methods:

Noise Injection

* Color jittering, cropping, flipping, rotations, scaling.

* 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: . 1 T Data Augmentation N
Flipping: Horizontal and vertical flips. - ' _E“hmd '
Rotation: Rotates images by a specified angle. i e | _

Scaling: Resizes images while preserving aspect ratio. ' J?
Cropping: Extracts subregions from the image. peumon ‘ v N | ,

* Color Transformations: L {0 "
Brightness Adjustment: Alters image brightness. Oy ' g | smm .‘Tmmo" m
Contrast Adjustment: Modifies contrast levels. ‘ ” |
Saturation Adjustment: Changes color saturation. o m " S m m

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

robustness. | . - |
o o . . . Covid-19 : - : Normal
 Affine Transformations: Applies scaling, shearing, or | N i

translation to the images.

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)
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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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Road Sign
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ey

Challenge:

e Objects can be anywhere in the scene, in any orientation, rotation, color hue, etc.
* 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
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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

| » ch
Ijl'"n:
[ — ‘y
|

By NIPS15-Faster RCNN
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Object Detection Milestones

SSD (W. Liu Retina-Net
etal-16) (T. Y. Lin etal-17)

(P. Viola et al-01) >
/ 2014 2015 2016 2017 2018 2019

YOLO (J. Redmon
DPM etal-16,17)
HOG Det. (P. Felzenszwalb et al-08, 10) One_stage
(N. Dalal et al-05 )
VJ Det. detector
/ * AlexNet
> o e

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
Wied fthe cold (K. He et al-14)
1Isdaom o € cola weapon K 1
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.

person? yes.

o/ 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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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




You Only Look Once (YOLO)

YOLO treats object detection as a single regression problem,
predicting both class probabilities and bounding box coordinates in Workflow of YOLO

one forward pass. J. Redmon et al., (CVPR2016) o o
Key Contributions: = Input Image: The input image 1s divided into an
< Introduces a unified framework for object detection, enabling  SXS grid (e.g., 7X7).

real-time performance. = Feature Extraction: A CNN processes the
< Processes the entire image in a single forward pass, improving  1mage to extract features.

efficiency. * Bounding Box Prediction: Each grid cell
< Balances speed and accuracy, making it suitable for real-world  predicts:

applications. Bounding boxes (coordinates and dimensions).

Confidence scores for each bounding box.
= C(lassification: Each grid cell predicts class
probabilities for the objects it contains.
= Post-Processing: Non-Maximum Suppression
(NMS) removes duplicate detections and retains

. Resize image. the most confident predictions.
. Run convolutional netwaork.

. Non-max suppression.

* Runs at 45fps with VOC07 mAP=63.4% and VOC12 mAP=57.9%.
* A fast version runs at 155fps with VOC07 mAP=52.7%.

DUNC
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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



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
UL GLOBAL PUBLIC HEALTH
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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.

Modern DL Model Architectures

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).




D owns amplin g and Up S amplin g Corresponding pairs 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

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH




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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Content

6 Natural Language Processing, Recurrent Neural Networks (RNN)

and Transformer
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The Deep Learning Roadmap:
From Foundations to Advanced Architectures

1. Evolution to Representation Learning 2. The Neural Mechanics

- ol

g &SI

= < 3

23 N P

W=

e Old Modnh

@ Networks ai Artificial neural networks: layers of
R olo?ica extract WW interconnected neurons, tollowed
w physiological models “miir-| features non-linear activation

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

3. Backpropagation & Tabular Data
Backpropagation MLP
(mw? -

Enabled
efficient training
@ of deep

Tabular Data (FNN/MLP):
Health & Finance (credit
assessment, medical records).

MODULE 4-5

THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Leaming Rate Schedule

Deep networks create —Usmowen  Trained via SGD &

Oll* — SudnassDecay  Adam with learning

rate schedules for

umlsundhg this stable convergence.
optimiz:
v Fit Regularization stratlogl

oss Functions: Dropout and Weight Decay simplify model
Measure error (MSE complexity, promoting generalization.

for ion,

Cross-Entropy for S =—

classification). R %
e

6. Computer Vision & CNNs

CNNs use specialized Ap lications:
ﬂhersl extrm tonomous Vehici
ﬁMedl | Imagi (nenlm;é’
for deep networks).

Perplexity: A measurement of how well a probabil
diswibution of probabiliy model predicts & sampleny

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

A(Q.K,V)=0(QK")V
(Attention Operation)

“ Hﬁmﬁ;lmm

RNN/LSTM

aaeaee
® ® © ®

RNNs: Process uqneneu
one element at a

by Data Type

Typical Application

[t
’_: Usdaineony ey
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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

GILLINGS SCHOOL OF
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Sequences
)

N
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.

N J

Examples:
e Letters (words)
Words (sentences)
o t t
Sentences (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? A

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. D

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).

<oyl (2 @) y@ o) 6
RNNSs are designed for modeling sequences Output: yT yT) yT yf YT YT)

* 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) st) Time
S E————

GILLINGS SCHOOL OF
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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 |

GILLINGS SCHOOL OF
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NMT: the first big success story

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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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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Why RNNs? Challenges of Sequential Data for Standard Networks

1. Fixed Size, No Memory 2. Temporal Dependencies

MLPs/CNNs map a fixed-size input to a fixed-size output, with no Context over time is essential (speech, NLP, time series, DNA): the
recurrence — no memory of past computations, so patterns across next word depends on previous words; distant elements influence the
time steps cannot be learned. current state.

RNN fix: recurrence: a hidden state carries memory from step to RNN fix: hidden states model dependencies; LSTM/GRU gates
step. capture long-range ones (vanishing gradients).

3. Variable-Length Inputs & Qutputs 4. Complexity, Noise & Missing Data

Sentences, audio, and irregularly sampled series differ in length; High-dimensional sequences have intricate interdependencies (text,
fixed-dimension models cannot handle them. multivariate series, biology), plus sensor noise and gaps in collection.
RNN fix: step-by-step processing handles any sequence length RNN fix: hierarchical representations; aggregation over time is
dynamically. robust to noise and interpolates gaps.

Takeaway: even a trivial task — output YES iff the sequence has an even number of 1s — requires memory. Recurrence +

hidden-state memory is what lets RNNs capture context over time.

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




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.

GILLINGS SCHOOL OF
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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 (OOV)) SEnE
¢ fastText (word vectors built from character n-grams) Into VeCtO I'S

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
T\ UNC 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

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




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
moui hstructnv*at etnc. mfﬂe% -
- " surface-assnmllatlve
0.75 1 adhegtil ot activistic, quisitie Frivolous ~ sh8
absorpwesm A, ing' ventrai""“‘as‘S
acropeta‘ 1 Mai
te
Wrou sellat ®
0.50 - W“gfﬂm
2 activglted
Roly sy mBSIRC Lictrioni
Ngmentanticlinal -~
0.25 - & Bmingl weakAdmmonitory,
) d““?ﬂgﬂ%enpo
: 2 SRt artesianin _pla‘
o Allusiv — :_urface-to-ai; enegtive tralles .
) ‘ wi
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'« :
= R hemotis abdgiiagye Meditatitk 3353 ; ms"’% _ W
o surfas&activesubacute paitrg ——— > fekdaeq
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
-0.75 4 do.a, nasceng wistful OSCQE'”“’”'S 44
spr% ralset‘
-1.00 -
=328 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75

Baek, J. W., & Chung, K. Y. (2021). Multimedia recommendation using Word2Vec-based social relationship mining. Multimedia Tools and Applications,
80(1), 1-18.
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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 —
babilities t f word / _— Laptops
robabilities to sequences of words.
P 1 the students opened their
Predicts the likelihood of a sequence of words \\ Lunch Boxes

Generates human-like text (e.g., GPT models)
Understands context and meaning

Enables Al systems to process and generate natural language
More formally: given a sequence of words w(l),m@), .. ,,:c(t), P((L'(t_l_l)‘ w(t) (L'(l))
compute the probability distribution of the next word g (t+1) : 1)

(1) can be any word in the vocabulary |/ — {'wl, ey w|V|}

Exams

where @

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
GLOBAL PUBLIC HEALTH

DUNC




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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History of Deep RNNs

The Rise of Deep RNNs (2010s - Present)

« @ RNNs in NLP and Al

e 2013 — Google used LSTM for speech recognition.

* 2014 — Seq2Seq Models (Sutskever et al.) used LSTMs for machine translation.
* 2015 — Google Translate adopted LSTMs for neural machine translation (NMT).

« @ Attention and Transformers Change the Game
* 2015 — Bahdanau et al. introduced Attention Mechanisms, improving Seq2Seq models.
e 2017 — Vaswani et al. introduced Transformers, replacing RNNs with a more parallelizable model.

« & Key Concept: _ . o
Transformers like BERT (2018), GPT-3 (2020), and ChatGPT (2022) outperformed RNNs, leading to their decline in NLP.

StanfordCS224n
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Modern DL Model Architectures

Recurrent Neural Networks (RNNSs)

» Key Features: Processes sequences of data (time-
series data), with memory of previous inputs,
capturing temporal dynamics.

e Unique Feature: Loop-like architecture allowing y
previous outputs to be used as inputs while having : ’A "* ’A ’ ’A
hidden states, enabling information persistence. h - ~’ ; w’ . | E |)—’~

* Challenges & Solutions: Problem of vanishing x ) , .
%}rﬁ%ents; solved by advanced RNNs, e.g. LSTM and Applications in Biomedicine:

' * Analysis of sequential patient data in

* Example Models: LSTM (Long Short-Term EHRs.

Memory), GRU (Gated Recurrent Unit).  Time-series analysis in physiological

signal processing.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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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
eﬁp GLOBAL PUBLIC HEALTH
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9@ = P(z®)|the students opened their)

A Simple RNN Language Model ™| o
output distribution I I ‘ I
§M = softmax (U R + 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 L angu age MO dels g = P(:zfi/l(isshe students opened their)

laptops

RNN Advantages:
e Canprocess 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]
inputs are processed. AW AW AW AW

e e e e

RNN Disadvantages: - e(D) : e(2)| © e3) © e O

* Recurrent computation is slow [®) : : :

 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 pro
of “their”
Loss > JD () J®)(8) JE@O)|  TJH(0)
Predicted T T T T
— (D) 7(2) 7(3) 7(4)
prob dists & & y o
U U U U
h__ h h(2) h®) h4)
@ ® @ @ (0]
O W, |0 W, (@ W, [@|Wr |@| Wi_
@ 10 1@ | @ 1@ .
@ ;._J (0] (0] (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 Model

gative log prob
of “exams”

Loss > JD () J®)(8) JE@O) [ JH(0)
Predicted T T T T
— (D) 7(2) 7(3) 7(4)
prob dists & & 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-‘m UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Training an RNN Language Mode

|1”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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Training Challenges

 Memory Constraints: Storing all word embeddings, gradients, and activations requires enormous memaory.
« Computational Cost: Performing backpropagation over the entire dataset in a single step is impractical.
« Batching is Required: Instead of processing all data at once, models use mini-batches to update weights

efficiently. 1 T
— (t)
J0) == 1Y)
Challenges =i Solution
Too much memory usage Mini-batch training Divide the entire dataset into mini-batches
L fl (e.g., batch size = 32).
Ong sequences overtiow Truncated BPTT (TBPTT) .
memory Truncate the sequence into smaller sub-sequences
Exploding gradients Gradient clipping (e.g., 20 time steps at a time).
- Efficient batching and Clip gradients to a maximum norm (e.g., 5).
Slow training .
parallelization o
g=9gx
max(]|g|[, C)

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Backpropagation for RNNs

h(Or)_\ h(ﬂ h(t—2) h(t—1) h®)
@ (0] Q@ Q@ @
o\ W, = W, |0 W, @ W, e Wi | o W
. 7| . rd . rd . rd . rd
o o o) (o e

Question: What’s the derivative of J()(4) w.rt. the repeated weight matrix W}, ?

“The gradient w.r.t. a repeated weight
is the sum of the gradient
(i) w.r.t. each time it appears”

o.J®) %0
oWy, L oW,

1

Answer:

Why?
StanfordCS224n
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Backpropagation for RNNs

h(0) h(t—3) h(t—2) h(t—1) h®)

(@ (a In practice, often
“truncated” after ~20
timesteps for training
efficiency reasons

.J®)
oWp, |4
T Apply the multivariable chain rule:
. : =1
Question: How do we calculate this?
t

Answer: Backpropagate over timesteps 0J" = 0JW Wil
i=t, ..,0, summing gradients as you go. oW, = OWh |, OW
This algorithm is called “backpropagation . -
through time” [Werbos, PG., 1988, Neural — Z 0J
Networks 1, and others] = Wl StanfordCS224n
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RNNSs greatly improved perplexity

n-gram model —

Increasingly
complex RNNs

ﬁ‘ l l P | GILLINGS SCHOOL OF
eﬁp 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/

StanfordCS224n



Vanishing gradient intuition

J&) (6)
n_ he)_ ho_ hs

O | O O

® W | @ 44 ;| @ 44 >

O | O O

O O O O
o.J#)
Oh()

» This decay makes it difficult for RNNs to learn long-term dependencies.
» Empirical evidence shows rapid gradient norm decay.

StanfordCS224n
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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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Long Short-Term Memory RNNs (LSTMs)

» At each time step t, the LSTM maintains a hidden state h(t) and a cell state ¢(t), both vectors of length n.
» The cell state stores long-term information, while the hidden state represents the immediate output.

» Three gates—the forget gate, input gate, and output gate—dynamically control the erasing, reading, and
writing of information in the cell state.

» Each gate is computed as a vector with values between 0 and 1, where values indicate the proportion of
information to keep or update.

» This gating mechanism allows the LSTM to selectively maintain important information over long
sequences, effectively addressing the vanishing gradient problem encountered in traditional RNNS.

This dynamic gating system is a key innovation that makes LSTMs powerful for tasks requiring long-term memory, such as
language modeling, speech recognition, and time-series prediction.

GILLINGS SCHOOL OF

DUNC

GLOBAL PUBLIC HEALTH




Long Short-Term Memory (LSTM)

A sequence of inputs x(. Compute a sequence of hidden states 2" and cell states c(Y. On timestep ¢:

Sigmoid function: all gate
Forget gate: controls what is kept vs values are between 0 and 1

forgotten, from previous cell state \

-\

Input gate: controls what parts of the f(t) =0 th’(t_l) + Ufw(t) + bf)

new cell content are written to cell \ 'i(t) g EWih(tl) + in(t) 1 bi)

Output gate: controls what parts of
cell are output to hidden state ~ o(t) —=lo

w,h(t= + U, 2® + bo)

New cell content: this is the new >~
content to be written to the cell \
Cell state: erase (“forget”) some

content from last cell state, and write
(“input”) some new cell content \

o (Wch(t‘l) +Uz® + bc)

c® = $0 0t-1 4 ;0 5a®

Hidden state: read (“output”)some | , B() — () otanh ) I
content from the cell

All these are vectors of same length n

-

Gates are applied using element-wise
StanfordCS224n (or Hadamard) product: ©®
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Long Short-Term Memory (LSTM)

You can think of the LSTM equations visually like this:

& ®

A
e A
»O—O——— —+
A ¢ A
0] (@] [
—»Clr A —»

2 ) &)

O—P>—>—<

Neural Network Pointwise Vector
Layer Operation Transfer

StanfordCS224n

Concatenate Copy

Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Long Short-Term Memory (LSTM) @&

You can think of the LSTM equations visually like this: y = softmax(Uh + by) € RIV

Write some new cell content

The + sign is the secret!

Forget some

cellcontent | ———u
=

Output some cell content
to the hidden state

Compute the
forget gate

Compute the Compute the Compute the
new cell content

input gate output gate

O—P>—>—<

Neural Network Pointwise Vector
Layer Operation Transfer Cancatenate £opy StanfordCS224n

Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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This contextual representation of “terribly”

Bidire Ctional RNNS has both left and right context!

Concatenated
hidden states

ﬂoooooooo]
\

Vﬂoooooooo
/ﬂoooooooo
}/Aoooooooo]

Backward RNN

Vﬂoooooooo}
©@00®@0000)|
0000
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{0000
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Forward RNN

©000)

TR/
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\
(o000
n
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~—|e0000)]

StanfordCS224n

3> e000)]

movie was terribly  exciting !

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




Bidirectional RN Ns

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( h,(t_l)a w(t)) } Generally, these

Backward RNN %(t) _ RNNBW(%('&‘H), a}(t)) two RNNs have

. > /

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 RN Ns

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.

GILLINGS SCHOOL OF

DUNC

GLOBAL PUBLIC HEALTH



Three-layer RNN's

Yt = g(Woh?) + 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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Why Transformers?

Audio/Speech

11%

Multi-Modal
15%

Parallel Computation + Short Path Length:

» Sclf-attention can handle all tokens in parallel.

» Minimal path length for global dependencies, vital for deep
architectures.

Natural Images
20%

Computer Vision
31%

Medical Images
11%

Transformer Dominance in NLP:
» Nearly all state-of-the-art language tasks use Transformer
based models.

40%

Figure 4: Proportion of transformer application in Top-5 fields

Documents by year

» Default approach: ”Grab a large pretrained Transformer”

(BERT, GPT, T5, etc.).

Vision Transformer (ViT): E

» Patch-based input turned into token embeddings. ¢

» Now a go-to model for image recognition, detection, and

segmentation.
Islam, S., Elmekki, H., Elsebai, A., Bentahar, ., Drawel, N., Rjoub, G., & Pedrycz, W. (2024). A Year

comprehensive survey on applications of transformers for deep learning tasks. Expert Systems with Applications, 241, 122666.
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Transformers are Everywhere Now!

cook shnimp push chairs

£ - -
. wipe wine call elevator high five
- - - -
Robotics, Simulations, Physical Tasks
Dermatology
\ =]
Mammaography i
> L | Medical
- — — Question
- Answering
Genomics (8 2
e Medical Visual
> Question
— Answering
= _J
Radiograph Medical image
] Classification
Med-PaLM M ALPHA O
L& =i ) Radiology
Report
Summarization ¥ N " BFILONDON 4 { TR Y - Y ¥ %
= e FLMFESTIVAL i3 e b M o e S e
- \ &4 o
. Radiclogy
R Report
G == Generation
Radiology =]
Report
C4 e Genomic
L E = ﬁ,éé‘)'\ Variant Calling
Medical

Knowledge

Pathology

Biology + Healthcare

MultiMedBench modalities and tasks
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From Attention Mechanism to Transformer

* If we have attention, do we even need recurrent connections?
e (Can we transform our RNN into a purely attention-based model?

Attention Is All You Need
Neurips 2017 Ashish Vaswani* Noam Shazeer™ Niki Parmar” Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com
Llion Jones* Aidan N. Gomez™ | Fukasz Kaiser*
Google Research University of Toronto Google Brain
1llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Citation: 173883+ Illia Polosukhin®

illia.polosukhin@gmail.com
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Sequence-to-sequence Model

Sequence-to-Sequence Overview Seq2Seq Applications: Sequence-to-sequence
* A general encoder-decoder architecture. is versatile!

* Encoder: maps input to a neural representation. “» Machine Translation: French ---->English

* Decoder: generates output from the neural representation. “ Summarization: long text ----=> concise summary

L 4

*  When both input and output are sequences: seq2seq model. <+ Dialogue: previous utterances ---—> next response
<+ Parsing: input text---—> parse tree (as a sequence)
% Code Generation: natural language ---> Python code

L 4

L 4

Time step: Neural Machine Translation . o
SEQUENCE TO SEQUENCE MODEL In the visualization, each
pulse from the encoder or
decoder represents an RNN

[ Je suis étudiant ]—b ENCODER DECODER ] . . .
processing its input and
updating its hidden state

based on current and past
inputs.

https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seg-models-with-attention/
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Neural Machine Translation

Sequence-to-Sequence as a Conditional Language Model

Like any language model, the decoder predicts the next word in the target sequence Y.

It 1s conditional because predictions are made based on both:

“* Previously generated target tokens. Plylz) = P(y1|z) P(ya|y1, ) P(wsly1, b, ) ... Plyz |y, .., Y71, )
¢ The full source sequence X (via the encoder). 1 Y /
This allows the model to generate context-aware translations or responses. Probability of next target word, given

target words so far and source sentence x

Neural Machine Translation

SEQUENCE TO SEQUENCE MODEL The context vector turned

out to be a bottleneck for
Encoder Decoder these types of models. It
I made it challenging for
the models to deal with
long sentences.

Encoding Stage Decoding Stage

Je suis étudiant

https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/
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Limitations of RNNs for Long Sequences

Encoding of the

Long-distance dependencies are hard to
source sentence.

learn:
Target sentence (output) *» Distant word pairs require O sequence length
( 2 \ steps to interact.
he hit me with a  pie <END> ¢ Leads to vanishing or exploding gradients.

RNNs are inherently sequential:
» Forward/backward passes require

= E O(sequence length) dependent operations.
; S » Each hidden state of RNN must be
2 i computed in order.
E z These challenges motivated the development of
attention-based and transformer models.
il @ m. Eentarte <START> he hit me with a  pie
\ )
Y

Source sentence (input)
Stanford Problems with this architecture?
CS224n

ﬁ UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Combine Encoder and Decoder Values:
Animation

Decoding time step: 1@3 456 QUTPUT |
Decoding time step:@Z 3456 QUTPUT
4 - R
r j Kencdec Vem:dec ( Linear + Softmax )
( tinear+softmax ) [OITC OIC OIC @ @ T
ENCODER ’ DECODER
ENCODERS DECODERS
4 4
ENCODER J [ DECODER J A J
. J EMBEDDING * 1‘ * *
EMBEDDING witHnive L0 CITTT LTI HEEN
witHTive LD CECT CEET SIGNAL
SIGNAL
EMBEDDINGS [0 [ [ 01T
EMBEDDINGS 1] [l Il
INPUT e suis  étudiant PREVIOUS |
INPUT Je suis  étudiant OUTPUTS
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Transformer: A High-Level Look

Transformer is composed of an encoder and a
decoder.

The input and output sequence embeddings are added
with positional encoding before being fed into the
encoder and the decoder.

The encoder is a stack of multiple Transformer layers,
used to transform the text embeddings into a
representation that can support a variety of tasks.

The decoder is also a stack of multiple Transformer
layers, used to predict the next token to continue the input
text. It also inserts a sub-layer, known as the encoder-
decoder attention.

DECODER

[ Feed Forward J

ENCODER
t 1

[ Feed Forward J ( Encoder-Decoder Attention }

[} A

[ Self-Attention J [ Self-Attention J

p

\

=i

=

\

‘-

 ——

—4—

. Position l Embeddi
ELE ] ‘ Encoding I [ 0

Position
Encoding

Output

'
Transformer S°“:‘a" )
[ Linear ]

[
[ Enc‘uder { Decoder \

" Encoder \
| Layer Norm

Input Target

Because the decoder
needs two kinds of
information:

*masked self-attention:
what have | generated
so far?
*encoder—decoder
attention: what part of
the input should | focus
on now?

That is why the decoder
is more complicated
than the encoder.

$ $ https://towardsdatascience.com/transformers-explained-visually-part-2-how-it-

https://jalammar.github.io/illustrated-transformer/
GILLINGS SCHOOL OF

GLOBAL PUBLIC HEALTH
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Transformer Layer (Block)

‘ : - Transformer |
P Input: D x N matrix of word embeddings, where D is the -~ bbbl

embedding dimension and N the sequence length.
P Multi-Head Attention: N
¢ Each token can attend to every other token.

% Output dimension is D X N.

¢ Residual connection: add the original inputs back.

» LayerNorm:

» Applied to each column (token) independently.

» Normalizes across the embedding dimension.

P Fully Connected Feed-Forward:

v Same MLP applied to each column.

v" Residual connection again.

» Final LayerNorm:

0 Normalizes outputs across D for each token.

P Result: Output is a D x N matrix with updated token
representations.

Residual connection Residual connaction

T

) M

H—H@—i

Multi-head LayerNorm ~ Parallel neural LayerNorm
self-attention networks (x N)

Pt o)
o

Input Qutput

=
T _____'I__ T T T T T T T T
e P

X 4+ MhSa|X]
LayerNorm/[X]

e
i

vnell NI

Xpn, + mlp|x,,]

LayerNorm X],
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Putting it All Together

 Self-attention is the only interaction between vectors.
* Layer normalization and MLP work independently per vector.
* The structure 1s highly scalable and highly parallelizable.

Y1 Y Y3 Ya

—
>
>
-

[ [ I |
Y1 Y2 Ys Ya MLP MLP MLP MLP

3 4 4 4 T T I t T

Layer Normalization Layer Normalization
*(+
? &
| | I | Y
MLP MLP MLP MLP Self-Attention
t t : | 1 t
L Layer Normalization
Layer Normalization t 4 t

t
— |
é") 1 t 1 t
1 I |

Self-Attention

1 ' 1 f | X1 Xy X3 Xa

4 ? t t

1 1 1 1

X X X Xa In practice, we often put the layer normalization inside the residual attention,

which tend to give more stable training and is commonly used in practice.
Johnson, 2022
GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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Encoder

 The Transformer encoder consists of multiple identical Transformer layers that process the input
sequence in parallel. Each layer refines the input representation by capturing dependencies across all
positions. (N = 6 in the paper Attention is all you need).

* The encoder outputs a contextualized representation for each token, which serves as input to the decoder.

Jumr [ Loem @ St“de“t] > Input: D X Nepc matrix of embeddings (or projected tokens).
I . ~ L N » Self-Attention Layer:
§ FNCODER J " PECODER J » Each token attends to every other token in the source.
( ENC:)DER ) r DEC;DER ) » Multi-head mechanism for capturing diverse relationships.
\ - J \ - J » Residual connection + LayerNorm keep gradients stable.
] ENCODER | i DECODER | » Feed-Forward Layer:
- L \ - L \ » Position-wise MLP applied to each token's embedding.
. ENCODER ) \ DECODER ) » Another residual connection + LayerNorm.
) ) .
ENCODER DECODER > StaCkIng Layers'
: ) : : ) : » Typically L identical encoder layers.
ENCODER DECODER » Output is D X Ngyc, providing contextualized embeddings for
\- x J each source token.
INPUT [ Je  suis étudiant] The lllustrated Transformer — Jay Alammar — Visualizing machine learning one concept

at a time. (jalammar.github.io)
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Transformer Decoder

> Decoder Sublayers:

1. Masked Self-Attention: Targets attending to themselves (past
tokens).

2. Cross-Attention: Queries from the decoder, Keys and Values
from encoder.

3. Feed-Forward Network: Applies position-wise transformations
to each token.

» Residuals + LayerNorm:
» Each sublayer uses skip connections and normalization.
P Ensures stable training and consistent dimensionality.
» Qutcome:

» Decoder hidden states are enriched with relevant source info.
» Final step: linear layer 4+ softmax for next-token prediction.

Thinking Machines

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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DECODER #1

Softmax
[ )
( Linear
S L
Ty DECODER #2
4 $
I,-P( Add & Normalize )
( Feed Forward ) ( Feed Forward )
____________________________ *
,'*( Add & Normalize )
: T R
":"( Encoder-Decoder Attention )
AP Be--eemcrcammmenan- ')
:.p( . Add & Normalize . )
E ( Self-Attention )




Decoder: Masked Self-Attention

* The Transformer decoder is also composed of multiple
layers and generates the output sequence step by step. In oureuT [ | am 2 Studeﬂt]
the decoder self-attention, queries, keys and values are
all from the outputs of the previous decoder layer.

ENCODER
3
ENCODER
3
ENCODER
3
ENCODER
3
ENCODER
)
ENCODER

)
|

INPUT [je suis étudant]

DECODER
7y
DECODER
7y
DECODER
7y
DECODER
7y
DECODER

3
DECODER

* However, each position in the decoder 1s allowed only
to attend to all positions in the decoder up to that
position. This masked attention preserves the
autoregressive property, ensuring that the prediction
only depends on those output tokens that have been
generated.

L

AL._JL._JL._JL._J\._J\_Ji

T Y e Y e Y e Y am Y am)
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GLOBAL PUBLIC HEALTH

DUNC




Decoder: Cross-Attention

. . . . Encoder-6
* Cross-attention in the decoder allows it to incorporate [
information from the encoder’s output.

* Queries are from the outputs of the decoder’s self-
attention sublayer (decoder’s hidden states).

* The keys and values are from the Transformer
encoder outputs.

 In reality, cross-attention is also multi-headed.

* Such design enables the model to align generated tokens
with relevant input features dynamically.

[START]
je

suis

etudiant
[END]

bbb

[START]
I
am

|
am

a

student
[END]

a

NN
|
I
by 44

student
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Enc-6 OQut

N

{ Decoder-1
https://towardsdatascience.com/transformers-explained-visually-part-2-how-it-works-step-by-step-b49tada64 134/




Decoder: Final Layer

* The Linear layer is a sirpple fully connected Which word in our vocabulary -
neural network that projects the vector is associated with this index?
produced by the stack of decoders, into a much,
much larger vector called a logits vector. Get the index of the cell
. : . 5
* The softmax layer then turns those scores into with the hlgh(E;S:l- VSLL,IS
probabilities (all positive, all add up to 1.0). !
* The cell with the highest probability is chosen,

_ C . log_probs [HEEEN NENEREENENEN =
and the word associated with it 1s produced as 012345 A . vocab_size
the output for this time step.

( Softmax )
To date, the cleverest thinker of all time was loglts | | EEN NN E RN _
- 8.82% 812345 * - Vocab_size
( Linear )
)
Decoder stack output LI

@UNC GILLINGS SCHOOL OF
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Transformer: Putting it All Together

A Transformer is a sequence of Transformer layers.

Qutput D der d d .
Iti-head attention keys and values rrobebiites ecoder gecodes one position at a
multi- . : .
kf,l? L kf,m o vf’l?... :-’Uf,m time with masked attention
6 layers, each with d =512 e
}—15 I erNorm(&E L hf) r@@.-,) residual connection with LN
= t T ey | H— hf = WIReLU(WYa! + b%) + b
passed to next layer £ 4 1 \ = 2 19 T U1 p
v ¢ 0t ¢ ¢ Py ey residual connection with LN
h; = WoReLU(W7a; +b b - Mult-Head
2 (Wi, +by) + b3 [ Feed Atiention. | # multi-head cross attention
2-layer neural net at each position | Fonward ) Nx
_ < residual connection with LN
— —_ Mx
it = LayerNorm(h: ™! + af) ﬂ:gl Vasreq oo »
= it i
essentially a residual connection with LN Attention Attention ] Same as encoder only maske
_t ) t )
\ J/ \ —
: . -1 Positicnal Paositional
IHPUt' h’f:e Encoding ®_9 € Encoding
: Input Output .
output: ay Embedding Embedding (Levine, 2021)
concatenates attention from all heads
Inputs Outputs
{shifted right)
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Attention Mechanisms: Overview

Given:

> n query vectors qi, ..., G, € R > f(gj, ki) is often the embedded Gaussian similarity:

> m key vectors ki, ..., kn € RY ;
» m value vectors vy, ..., vy € RP f(qja ki) = €Xp (B(Qj) fﬁ(’ﬂ))

The attention mechanism outputs n vectors og,...,0, € R t

[ > 0(q;) = Wyg;, olki) = Wiki
0j = E Z f(qj, ki)g(Vi) > g(vi) — WvVi

=1 .
> C=Y", f(g,ki) normalizes the scores
where f(q;, ki) measures similarity and g(v;) is a linear

transformation. This setup lets each output vector depend on all input vectors.

The query asks what is relevant
the keys decide what matches

the values provide the information
that gets passed along.

GILLINGS SCHOOL OF

equery: “emails about travel reimbursement”
*keys: subject lines of emails
*values: the email bodies
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Self-Attention and Learnable Query

Self-Attention: Learnable Query:
> Q=K=V=XcRdIxn » K=V =X, Qis trainable and independent of X
» Computes internal correlations: » Qutput size is fixed, independent of input size:
0 = W, X - softmax((W,X) " (W,X)) 0 = W, X - softmax((W,X) ' Q)
Aspect Self-Attention Learnable Query Self-attention is good for
Query Definition Q=K=V=X (input data Q is independent and X8 contextualizing all tokens
y itself) learnable ** modeling relationships within a sequence
Input size determines  Query size is fixed and * building rich token-level representations
Input Dependency . .
guery size independent

Suitable when fixed- Learnable queries are good for

Suitable for variable-

Flexibility . length output is > extracting summaries

length inputs . .

needed » object detection

Typically used for Often used when fixed- > retrieving task-specific information

internal relationshipsin  size representation is > producing a fixed number of outputs or slots
Use Case . .

input data (like word needed, regardless of

dependencies) input size

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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Self-Attention: Motivation

* Suppose the following sentence is an input sentence we want to translate: The animal didn’t cross
the street because it was too tired. What does “it” in the sentence refer to? Is it referring to the
street or the animal? It’s a simple question to a human, but not as simple to an algorithm.

* The self-attention mechanism enables the model to associate “it” with “animal”.

DUNC

Layer:| 5 #|Attention: | Input - Input %

|
The_ The_
animal_ animal_
didn_ didn_
&
Cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ ~
was_ was_
too_ too_
tire tire
d d

The lllustrated Transformer — Jay Alammar — Visualizing machine learning one concept at a time.
(jalammar.github.io)

GILLINGS SCHOOL OF
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As we are encoding the word “it” in encoder #3,
which is the top encoder in the stack, part of the
attention mechanism was focusing on "The
Animal", and baked a part of its representation
into the encoding of “it”.

+** The right column shows the token whose
attention you are examining: here it is “it”.

** The left column shows the tokens it can attend
fo.

** The orange lines indicate attention weights from
“it” to the other tokens.

¢ Darker/thicker lines mean stronger attention.


https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/

Self-Attention: Details

* The first step is to create three vectors from each of encoder’s input vectors. These vectors are created by
multiplying the embedding by three matrices that we trained during the training process (usually smaller in
dimension than the embedding vector). Their dimensionality is 64, while the embedding and encoder
input/output vectors have dimensionality of 512.

Input Thinkin Machines
° ? X we Q
Embedding T X [
X —3
Queries SN CHI N wea
X WK K
X =
Keys SN ke[ 1] WK
X WV \'}
Values v\ v. ] WV

The lllustrated Transformer — Jay Alammar — Visualizing machine learning one
concept at a time. (jalammar.github.io)
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https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/

Self-Attention: Details

* The second step is to calculate the scoring function and then divide it by the square root of the
dimension of the key vectors.

Input Thinking Machines
Embedding X1 X2

Queries q1 qz

Keys ki k2

Values V1 V2

Score qi® ki=112 qi ® ko =96
Divide by 8 (/d;, ) 14 12
Softmax 0.88 0.12
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Self-Attention: Details

* The third step is to multiply each value
vector by the softmax score and sum up
the weighted value vectors.

* The resulting vector is the one we can send
along to the feed-forward neural network.

e In

the actual

implementation,

such

calculation is done in matrix form for faster
processing.

DUNC
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Input

Embedding

Queries

Keys

Values

Score

Divide by 8 ( Vd,. )

Softmax

Softmax
X
Value

Sum

Thinking
i [
qr O]
« [T
v. [T
q1¢k1=
vi [
2N

Machines

x2 T
q [

« [
v O

q1-k2=

z [




Self-Attention; Matrix Calculation

* Query, key and value matrices are calculated
through matrix multiplication.

Q = WQ X = ﬁq 1T + ‘Q'q X & 2y Self-attentiom
K=WKX=ﬁk1T+QkX D
— — T
V=W,X=p0,1"+Q,X T N
Y = Softmax(QKT)V Q=p,1"+0,X .
N N N
Attention,
5 . Softmax [K” Q) 3
Q KT
vV
Input, Keys, Output,
( X ) X K=08,17 + X V - Softmax [K' Q]
softmax
Jik N
D
Values,
\ V=6,1T+0X Y,
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Scaled Dot-Product Attention

* Scaled Dot-Product Attention is a key component of the
Transformer architecture, widely used in modern deep Why scal )
learning models such as BERT and GPT. The formula i1s as y scale by
follows: > Elements of g k; have variance dj if q;, k; are independent

_ OKT with unit variance.
Attention(Q,K,V) = softmax 14

/4.

* Scaled Dot-Product Attention possess the following key

» Without scaling, large dot products push softmax into regions
with small gradients.

advantages: > Scaling by /dy normalizes the variance:
* Efficiency: It relies on simple matrix multiplications and T
scaling, making it highly efficient and suitable for parallel Var(q-T k') = d, = q,_kj has unit variance
[V

computation on GPUs/TPUs.

Vdi
* Scalability: It performs well on large-scale datasets and is . - . . N _
the foundation of many state-of-the-art models. This stabilizes gradients during training and improves convergence.

* Flexibility: It can handle sequences of different lengths, as
the attention mechanism dynamically computes the
relationships between queries and keys.
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From Self-Attention to Transformers

* The basic concept of self-attention can be used to develop a very powerful type of sequence model,
called a Transformer.

* But to make this actually work, we need to develop a few additional components to address some
functional limitations.

* Masked encoding: How to prevent attention lookups into the future? Ensures causality in
autoregressive models.

* Multi-head Attention: Allows querying multiple positions at each layer. Increases model capacity to
capture complex patterns.

* Positional encoding: Address lack of sequence information, especially for images and videos.
Provides sequence order awareness, crucial for text, images, and videos.

The combination of these techniques makes Transformers robust and efficient for sequence modeling.
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Masked Attention

P Problem: During training, self-attention might access future
tokens, leading to data leakage.

A crude self-attention “language model”:

» Solution: Use a mask to block attention from future positions. 3;'2‘ 3;‘3‘ [
» Implementation: Add a mask matrix M: [ Tz ] 12
QKT 0, past L Y. AN
Scores = , Mask = ) :
\/ d — 00, future 1 1 T 1 t
K \ \
Masked Scores = Scores + Mask \ - \
We can look at these \ Y

(not greyed out) words

<N \

<
N <0 & <«

[START]

The

For encoding
these words
chef

who

*The rows represent the token currently being encoded or predicted. Y1 Y2 Y3
*The columns represent the tokens that this row is allowed to attend to.
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Multi-Head Attention

* In practice, given the same set of queries, keys and values we may want our model to combine
knowledge from different behaviors of the same attention mechanism, such as capturing
dependencies of various ranges (e.g., shorter-range vs. longer-range) within a sequence. Thus, it
may be beneficial to allow our attention mechanism to jointly use different representation
subspaces of queries, keys and values.

* Instead of performing a single attention pooling, queries, keys, and values can instead be
transformed with h independently learned linear projections. These h projected queries, keys and
values are fed into attention pooling in parallel.

* This design is called multi-head attention, where each of the h attention pooling outputs 1s a head.
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Multi-Head Attention

* Give a query cg € R%, akey k € R and a value v € R%, each attention head h; is computed as h; = f (W
RPv where W, D e RPq*4q, Wi(k) € RPk*%k and Wi(v) € RPv*% gre learnable parameters and f is
attention pooling such as additive attention or scaled dot product attention.

* The feed-forward layer is not expecting multiple matrices. Therefore, the output is another linear

1
transformation via learnable parameters W, € RPo*MPv of concatenation of M heads: W, < ) € RPo,
hy

1 1 f

FC FC FC

=

Queries  Keys Values
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Multi-Head Attention

Multi-head attention expands the model’s ability to focus on different positions, as well as gives the
attention layer multiple “representation subspaces”, thus improving the expressivity of the model.

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention 5) Concatenate the resulting ©~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix W to
R with weight matrices Q/K/V matrices produce the output of the layer
Thinking Wo v Qo
Machines Wo Ko
Vo wo
W;Q

* In all encoders other than #0, W1 K 01
we don't need embedding. WV K1
We start directly with the output V1

of the encoder right below this one

R °* “ee

w-,v K7
| { V7

ﬁ‘ l l P | GILLINGS SCHOOL OF
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Multi-Head Attention: Example

As we encode the word “it”, one attention head is focusing most on “the animal”, while another is focusing on “tired”
-- in a sense, the model's representation of the word "it" bakes in some of the representation of both "animal" and "tired".

However, once all attention heads are to be considered, things can get started to be harder for interpretation.

Layer: 5 4| Attention: | Input - Input 4| Layer:| 5 | Attention:| Input - Input %/

The The The_ The_
animal animal animal_ animal_
didn._ didn_ didn_
. t_ L
cross Cross._

the ) the_
N street

street ) -

_— -se because because_

u

it : it

- was_

e too_

tf)o_ tire

tire d

d
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Positional Embedding

» Unlike RNNs, which recurrently process tokens of a sequence one-by-one, self-attention ditches sequential
operations in favor of parallel computation.

* However, self-attention by itself does not preserve the order of sequence, that is, it is equivariant to
permutations of the inputs. What should we do to account for the order of words in the input sequence when it

really matters?
what we see:

he hit me with a pie

hit  with me
pie he ¢

what naive self-attention sees:

a pie hit me with he

a hit with me he pie

Levine, 2021
he pie me with a hit ( )

* The dominant approach for preserving information about the order of tokens is to represent this to the model
as an additional input associated with each token. These inputs are called positional embedding, and can
either be learned or a fixed a priori.
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Positional Embedding

DUNC

The naive positional encoding would just append t to the input: x; = (xtt) However, it would
not be a great idea, because the absolute position 1s less important than the relative position.

| walk my dog every day every single day | walk my dog  The fact that “my dog” is right after “l walk” is
u u the important part, not its absolute position
Index
‘ ef e d‘- .
% Therefore, we want to represent position in a way Sequence  of token  Positional Encoding Matrix

that tokens with similar relative position will have
. L . | 0  Poo Pot Pod
similar position encoding. — >
L/ . .
** What about using frequency-based representations? am —y 1y Puo P Piq
a — 2 — Px P21 P2g
Robot — 3 P30 P Pad

Positional Encoding Matrix for the sequence ‘I am a robot’
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Positional Embedding: Example

 One typical scheme for fixed positional
encodings are based on sine and cosine Equation Graph Frequency Wavelength
functions. .
 Suppose that X € R™% contains the d - sin(2x) 1 1
dimensional embeddings for n tokens of a : ﬂ : \ ”
sequence. The positional encoding outputs X +  sin(2 * 271 AN Y 2 1/2
P using a positional embedding matrix P € =es
R™ ¢ of the same shape, whose element on sin(?) m/f \ -/ 152 or
the ith row and the (2j)th or (2j+1)th =/
column is given by .
sin(ct) ‘Depends on ¢ c/2x 2z/c
Di2j = sin (ﬁ)mi,z]'ﬂ = COS( l g)
10004d 10004d
> Angular Frequency (wj): > Wavelength ())):
J 1000%1 > )\j:w—7;:277><1000d
» Each increment i — i 4 1 increases the argument by w;. » A larger exponent % yields a larger wavelength.
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Positional Embedding: Example

* In the positional embedding matrix P, rows correspond to positions within a s sequence and
columns represent different positional encoding dimensions.

* In the example below, we can see that the 61" and the 7t columns of positional embedding matrix
have a higher frequency than the 8" and the 9t columns.

Lo > Lower j:
> w; ~ 1 for small %’, Aj & 6.28 steps in discrete math.
054 > Rapid oscillations over fewer positions.
» Higher ;:
0.0 > w; becomes very small, yielding large A;.
» The sinusoid changes more slowly, capturing coarse-grained
=057 position.
» Suppose d = 4, base = 1000, and j =0, 1.
-1.0 1 » For j = 0: wo = 1/1000° = 1, so \g = 2.
I I | I I | I 2
0 10 20 30 40 50 60 > Forj=1: w; = 1/10004 = 1/1000°% = 1/+/1000,
Row (position) A1 = 2mv'1000.

» Position i increments the phase by wj.
» This ensures some encodings oscillate quickly, others slowly.
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Positional Embedding: Example

@ 1n binary 1s 000 » Monotonically decreasing frequency: In sinusoidal
11in binary is 001 positional encoding, each higher dimension has a lower
, , , frequency.
2 1n binary 1s 010 1.0 > w;= — 1, decreases with .
3 1n binary 1s 011 > Encodl®d L . .
. . . = 0.5 ncodes absolute position using increasingly coarse granularity.
4 1n blnary 1s 100 2 » Binary representation analogy:
5 1n binary 1s 101 ﬁ 0.0 » High-order bits change less frequently than low-order bits.
6 1n binary 1s 110 g > Simila.rly, high-j dimensions oscillate more slowly in positional
7 in binary is 111 © —0> encoding.

» Continuous vs. Binary: Float-based sinusoidal encodings are
—-1.0 more space-efficient and allow fractional offsets.

The goal is not to represent position perfectly in a symbolic
0 20 sense, but to preserve enough information so attention layers

Column (encoding dimension) s . .
. 4 can recover useful positional relationships.
“even-odd” indicator P P

“first half-second half indicator” indicator
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Positional Embedding

0 200 300 400 50

.'.'I': '“"|I|I||I||||II'I'|'|'|'|||||”“|||II|||III|I II 075
i ..l,, ”“IIT ’MWW | 0.50

100

=

I :
J‘W W E:EZ
| ~0.25
~0.50
~0.75
» Absolute Position: » Positional Encoding Analogy:
» Different frequencies let the model pinpoint an absolute » In dimension 0, sine wave might oscillate within a handful of
location in the sequence. steps.

» In dimension d — 1, the wave might only complete a fraction of
a single period over the entire sequence.

» This layered range of frequencies parallels the layered range of
bit flips in binary.

» Space Efficiency:

» Instead of storing a discrete bit for each position, the
continuous sinusoidal approach uses fewer dimensions to
encode both small and large positional changes.

» Result: The encoding provides both absolute and relative » Facilitates interpolation and generalization across different

cues in a single representation. sequence lengths.

DUNC

» Example: i =10 vs. i = 100 produce noticeably different
multi-sinusoidal phases.

» Relative Position:

> Key property: For an offset §, PE(i + ¢) can be derived from
PE(i) via a linear transformation (thanks to trig identities).

» Allows model to easily learn relative shifts (e.g., paying
attention to positions i + 1,/ 4+ 2) without separate parameters.
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Content

The Deep Learning Roadmap:
From Foundations to Advanced Architectures

1. Evolution to Representation Learning 2. The Neural Mechanics

g &) "g

S

3 2 =t

sg D

=

;‘ 2 Old Models Representation Learning

s 2 Shift from Networks autonomously Wﬂchl neural Mwofks‘ rs of
L psychoh?lall extract high-level rconnected

w physiological models “miir- features non-linear at Ivnlon

= from raw data. fun ons (n g ReLU slgmold)
= ' pattern:

S

3. Backpropagation & Tabular Data

Backpropagation MLP
(1566) :

C@? E:na.m taining

Health & Finance (credit

Q’ Tabular Data (FNN/MLP):
assessment, medical records).

MODULE 4-5: THE TRAINING ENGINE

4. Loss Functions & Landscape 5. Optimization & Regularization

Learning Rate Schedule

Deep networks create —ymmben Trained via SGD &

non- - Seeo%r., Adam with leaming
rate schedules for

undersundlng this stable convergence.
geometry is key to
‘optimization.
(et Regularization Str o ;

oss Functions: Dropout and Weight Decay simj mode
Measure i (MSE Complexity, promoting general pmy

ressi __.,

Cross-Entropy for
Claesiication). > “D %

Dropom Weight Decay

MODULE 6-&: SPECIALIZED ARCHITECTURES

= . Oy

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

6. Computer Vision & CNNs

'NNs use :pecllllzed
ﬁllerl e
spatial fe:

7 Graph Data and Graph Neural Networks (GNNs/GCNs)

Transformers: Use "Self- Anemlon
to process all tokens in paral
improving translation spnd/-ecuucy

A(Q.K,V)=0(QK")V

RNN/LSTM

®® ® ® Gt oeaon
e lamentats tone “ PEiire Transiation,

LLMs.
8. Graph Data & GNNs gths by Data Type

Architecure | Primary Dat Type Typical Applcation

FNN/MLP  Tabular/Structured  Denselayers  binance & Health
SO NN Spatalfimages  Convoluons  Hedcsimaging! ooy
of i RNNASTM Spe ED)

Transformer  Sequentiol/Parallel  Self-Attention  Machine

g’mw)“nulmrcllnml % “&m o Relational/Graphs Message Passing g;-&m«v’ )(.

symmetry is

A NotebookLM

ﬁ UNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH



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.

~|"“ UNC GILLINGS SCHOOL OF
Hl GLOBAL PUBLIC HEALTH




Graph-Structured Data is Everywhere

CB1
RRM1

b .
*, MEl 012 CDKNZAEGFR
RB1 jy
L

ME““cmum

2

PARC =4
. IGF2

ZNRF3 |GE*1R
.

Event Graphs Computer Networks Disease Pathways

Food Webs Particle Networks ~ Underground Networks Citation Networks Internet Networks of Neurons

StanfordCS224w
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Graph-Structured Data is Everywhere

card
S card_id)int ¥ liat By =
cience Fiction . + : ONetftondises B
Spock Obi-Wan Kenobi g il RR———)
tipe _|varchar] IMetictensnm et BUN(cr o)
issued |date Jotfaterdesge BIM,H) | | seprofed BT
VDN
 Frstiame VARCHIR(S)
played characterin genre  genre characterln  played Lstiane ARG/
ey —— =& oD DT 3
trans. ,Mix@ﬂﬁ e 1
sarredIn il o rans_id [int SRR CIN JoB0uE -
§ 5 T order acoount_id]int ,a:::vm(m :},mxwmus
Leonard Nimoy Star Trek  Star Wars Alec Guinness P order id [int date  [date disp e DTN ¥ osue waoueis)
e TaE account_id]int hpe  |wrchar| [dispid |t — ‘::‘::“3
2Costyy
T bank 0 |varchar|  |operation |varchar|  [dienLid [t \—
i Jit: Maximilian Nickel et al : dit: sse.wiistled Ima dits mathebive ad Sorion T account tofint amount  [int acoount id]int
mage creait: Maximiiian INICke eta Image credit: gse.wusti.edu mage cre It: math.hws.edu e it [decmal baiance [t e preerwes
::a::ns e k_symbol |varchar k_symbol |varchar
Knowledge Graphs Regul N k h e
egulatory Networks cene Graphs o
1
Co22 @23 @21 Cex
Foid order_id integer e account client
1 i i acoount idfint clent_id [int
oecer_date date = =
0ger_id district id [int gender  |varchar
customer_id integer - intege frequency |varchar birth_dale|date
date date district id [int

customer_id integer item_id integer district_idfint
customer_phone jarchar(i2 m_name nar(100) 2 d
ustomer_phone varchar(i2) item_nar varchar(00)
- - ; A varchar
S |4 customer_emall e item_price TUmeric M int

Image credit: ResearchGate

Code Graphs Molecules 3D Shapes Commerce Finance Social Media

Image credit: Wikipedia

StanfordCS224w
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Graph Set-up

 Graph G = (V,E) is defined by a set of nodes IV and a set of edges E between these nodes. An edge
going fromnode u € Vtonodev € Vas(u,v) € E.

Undirected Directed

‘node’
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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
Aii= 1 if there is a link from node i to node j
A.=0 otherwise Self-edges (self-loops)

’ (undirected)
1 18 (0
0 1 1 ‘ :
0
1

S = O
- O O
- O O O
- O O
C O O -
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Graphs and Graph Signals

V:{Ul,...,UN}
E={e,...,enm}

G=1{V,¢&}
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Graphs and Graph Signals

Graph Signal: f : ) — RN

<~
I 1
Prign
A RN NN
1 |

G=1{V,¢&}
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Graphs and Graph Signals

Graph Signal: f : ) — RNV *d

o
2
V:{Ulv”'?vN} f(3)
f(4)
Y —

E=1e1,...,e f(5)
ter M} 7(6)

f(7)
G ={V,&} | f(8)
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Graphs and Graph Signals

N
Graph Signal: J: V=R

<~
I 1
Prign
A RN NN
1 |

G=1{V,¢&}
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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 200
(01000000\
1 01 00100
01 010110
00101000
00010100
01 101010
00100101
\0 0 000010

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 o
/1 00000 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.
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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 202 Laplacian Matrix
/10000 0 0 0 (001000 0 0 0 [1 -1 0 0 0 0 0 0)
03000000 10100100 -1 3 -1 0 0 -1 0 0
00400000 01010110 0 -1 4 -1 0 -1 -1 0
0002000GO0| _ 00101000 _ 0 0 -1 2 -1 0 0 0
00002000 00010100 0o 0 0 -1 2 -1 0 0
00000400 01 101010 0 -1 -1 0 -1 4 -1 0
000O0O0GO 030 001007101 o 0 -1 0 0 -1 3 -1
\0 0 00000 1) \0 0 0 0001 0 \0O 0 0 0 0 0 -1 1)
D A L

Spectral graph theory. American Mathematical Soc.; 1997.
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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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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

t: _ Community between node pairs.

‘¢ (subgraph) » Community-Level Tasks: Detecting and

Node level

Graph-level «—
prediction, :
Graph

eneration level analyzing groups of closely connected nodes.
| e » Graph-Level Tasks: Understanding global
Edge-level graph properties.
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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 Supervise.d (cross-entropy), unsupervised
__________ - oo (contrastive)
[ ; . 3
4 Sampling Conv/Recurrent Pooling : 6. Training Use mini-batching and optimizers
I Operator Operator Operator |
e o n s Semmmmm—e— Z . Classification, link prediction, graph-level
7. Evaluation
= - tasks
\‘\ /'/ 8. Deployment Optimize for inference speed
Input P \‘\\r Y,/” 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
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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

N - ssification.

<A~ Tasks
‘ Propagation Module - ) N_Ode cIagqﬁcahon
Sampling Module Cometton | & Pooling Module * Link prediction
o Convolution ecurrent p ”

e Reduces neighborhood ops . :A%greg;tes nlf;de rehps _‘ o Graph C|aSSIfICatI0n

size " o Skip connections mitigate - level repi PUERP . Anomalous nOde deteCtion

©q . over-smoothin .

* Ithcuant 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 glurllgber 1o_f rlleithors grows exponentially with depth. GNNs aggregate messages from each node’s neighbors in the
ack multiple

Erevious 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.
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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.

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.

o I I B R R | | |
' Node :r -- GraphSAGE VR-GCN PinSAGE
Sampling Q gmmmmeees O
Module ! Layer ro- FastGCN LADIES
fmmmmmm———- w’
Subgraph -~ 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
——w D (2) Aggregation
{ GNN Layer 2 aE
N (1) Message
(3)Layer ° '
connectivity

j

09
GNN Layer1 o i '.,
=

’ ‘~~ e _.
YL
(4) Graph augmentation

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

Propagation |
Module

«» Skip Connections: Mitigate over-smoothing by retaining historical representations.

_________

""""" \

.{ Convolution :"

. Operator
7/

__________

.{ Recurrent !
\ Operator
7/

,{ Skip !
1
\

]
1<
rd

Spectral
_____________ ] Network ChebNet GCN AGCN
DGCN GWNN
e Neural FPs DCNN EaTCHY LGCN
4 ; SAN
Basic [
L GraphSAGE
oo mmmmTTT 1
! Attentional == GAT GAAN
gmommmm—m—— 1
! Framework r=-n MoNet MPNN NLNN GN
o5 SIS RIS T 1
| Convergence == GNN GraphSEN SSE LP-GNN
S 1 Sentence
:_ __ Gate  r--- GGNN Tree LSTM Graph LSTM LSTM
Highway
JKN GCN CLN DeepGCN

Jie Zhou, et al. (2020). Al Open




Permutation Equivariance and Invariance

Image Maps *—o
Input @
9 S @ & ). S ‘
Elx X\\Utpm ‘ T ® or this: . LR S
D& ® e : AYZ
@ PY . ‘
Convolutions \ Ij% FuIIyKCZonnected . L @ —o’e 4
lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1 SUbsampIing ® .
Key Observation: . _ . e Permutation Equivariance (PE): Node embeddings maintain
P A graph does not have a fixed, canonical ordering of its nodes.
» Any permutation of node indices can still represent the same structure when node order changes.
underlying graph. e Permutation Invariance (PI): Graph-level representations
Implication: remain unchanged under different node orderings.

P The labeling or numbering of nodes is arbitrary.
P Reorder node IDs without changing the graph’s structure.

Node features X;  Adjacency matrix 4, Node features X, A:Ja;enccy[l;naérl)l(: Az

Ordera ABCDEFTF Order 2

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
= Reason: f(PAPT,PX) = PAPTPX = PAX = Pf(A,X)

= f(A,X) = X : Permutation-equivariant
= Reason: f(PAPT,PX) = PX = Pf(4,X)
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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 Order 2: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
129 I ’
) --" ‘\ -——-:-:-’ INPUT GRAPH E l H
[s/~<-_ PR (2) Aggregation
' A " GNN Layer 2

pa ’ (1) Message
(3) Layer &

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.

X/

¢ Essential for tasks like graph classification and hierarchical learning.

* Key pooling techniques:

R

» Node Dropout Pooling: Drops less informative nodes (e.g., Top-K pooling).

% Cluster-based Pooling: Merges similar nodes into clusters (e.g., DiffPool).

K/

¢ Attention-based Pooling: Assigns weights to nodes based on learned importance.

D)

0

»  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.

' S 1
: Direct - Slmple Set2set SortPooling
__________ ; Pooling
[ Pooling ]_<
Module il
pmmmmmm | Coarsening ECC DiffPool gPool
Hierarchical 5
_  EigenPooling SAGPool

Jie Zhou, et al. (2020). Al Open
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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 (hiTe)) % Transductive Test Nodes: Processed in GNN but not
i€ Virain 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.
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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) ~GON ICLR 2014)
(Kipf & Welling.

ICLR 2017)

MPNN
(Glimer etal.

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‘ ....................... ® XA
h§k+1) =a(wk u + Bk.), Vk E {O, ...’._ 1} .A‘q ..................... ‘ XC
Z IN(v)|
u€eN(v) \

Total number e

_ZI_L|= ht()K ) Avera\ge of neighbor’s of layers @ « e ................. .4-§: ggg
\ ErBEHAIE SRS K previous layer embeddings ) ..
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

EGNN Layer 2 AR

.._, (1) Message
(3)Layer
connectivity ... ‘. ..... ' “

EGNNLayerl % i ,

5 O tsoe o

00.0‘
(4) Graph augmentation
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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® (h&k): 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- b
order graph structures; the importance of a node based on its \
graph position (e.g., centrality measures). * e ®
 Feature Information: Numerical attributes (e.g., temperature, /a\ /
‘

population density in spatial graphs); Categorical attributes
(e.g., user preferences in recommendation systems); Learned * ey
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.
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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(e£c + 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 UW“))

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
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Permutation Invariant and Equivariant

= Intuition: Network neighborhood defines a
computation graph

Every node defines a computation
graph based on its neighborhood!

INPUT GRAPH

I,,‘ ”
¢ e
Yie .
.‘ .~~;,. '. [ ] .;;; ;r.

Average of neighbor’s previous layer
embeddings - Permutation invariant
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Target Node Permute the input, the output also permutes

accordingly - permutation equivariant
NodefeatureX,  Adjacency matrix4, Embeddings H,
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Neighborhood Normalization

A basic approach is summing neighbor embeddings, but summing X K 2 m.° .
neighbor embeddings can create large magnitude differences. Nodes g

with significantly different degrees may lead to instability and o 1 °°' ¥ ‘@ e 7
optimization challenges. e "‘Z°‘° . )

estus o/
Bargati2016 ‘ P Zoznsa . 2020

s ai? ' T . Behera, 2020
h£k+1) = update(k) (hl(lk), m(N(u))) é K@;‘/
Example: A node with 100x more neighbors than another will have ' - znﬁfz‘ola ‘
drastically different embedding scales. Leads to numerical instability w gsz; =l
and difficulties in optimization. W - | » m
me 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: L h,

w =0 W) Z
> 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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Deepset

A function f transforming a set X = {xq,...,xy} into Y should The standard neural network layer is represented as:
be:
S fo(x) = o(©x)
» Permutation invariant: The output does not change under
reordering. where © € RM*M is the weight matrix.
Theorem. A function fg : RM — RM is permutation equivariant
F({x1, ..., xm}) = F({xxq), - - s Xo(m) }) if:
© =M +~(117)
for any permutation . where:
> Permuta_tlon equivariant: The output follows the > | is the identity matrix,
permutation. > 1=[1,... 1]T,
> \,veR.

F(Xr)ys - - > Xe()]) = [Fr)(X)s - - -5 Fe () (X)] b E
de Finetti’s theorem states that any exchangeable model can be

factored as

M
Theorem. A function f(X) is invariant to the permutation of p(X|a, M) = fde [H p(xm|9)] p(6)c, Mp).
instances in X if and only if it can be decomposed as: m=1
where 0 is a latent feature and «, My are hyper-parameters of the
)= (S ot0) i
xeX For Exponential Family with Conjugate Priors:

where ¢ and p are suitable transformations. p(X|a, M) = exp (h (a + Z¢(Xm), Mo + M) — h(a, Mo))
m
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PINE

Let £ be a continuous real-valued function defined on a compact set with the following form

f<X1,17X1,27'” )Xl,Nl)X2,17”' 7X2,N27'” s XK 1, 7XK,NK)7

G]_ G2 GK

where Xj, ., € RMk . If function £ is partial permutation invariant,  then the PINE framework provides a

Core Representation Theorem as

N
=h(Zg1(X1 Zgg(xzn ng(xﬂn )‘I‘O(l)

which requires h(-) and g(-) to ensure permutation invariant :

Then, PINE provides specific parameters for h(-) and g(-), which can be trained as follows: 0'(

h([2].....2k]" =2 | e, W,b) = cTa(Wz +b) g (x | T {an WL, =

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Evaluation

Accuracy (%) of multi-class classification in homogeneous and heterogeneous graphs
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How to succeed in this course? II
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