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Today’s Learning Objectives

» Module 1: Deep Learning
» Understand the fundamental structure of deep learning models.

» Explain how artificial neural networks learn through the feedforward and
backpropagation algorithms.

» Explain how MLP, CNN, and RNN handle different types of data.

» Module 2: Transformer-based Models

» Understand the attention mechanism in Transformers.

» Explain how SFT, LoRA, prompt engineering, prompt learning, and RAG help
task adaptation.



Module 1: Deep Learning
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Deep Learning

| e—
t

At la pt r progra l
can bet 1 mpion Gc¢ phw 484

ALLS YS TEMS G

3000le London
arch 2018

Nature, 27 January 2016:

»

“...AlphaGo program applied
deep learning in neural
networks (convolutional NN)
— brain-inspired programs in
which connections between
layers of simulated neurons
are strengthened through
examples and experience.”
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ﬁ Image Classification & Detection (CNNsﬁ

Automated feature learning for vision tasks

Deep Learning — Applications

6. Natural Language Processing \
(Transformers/RNNSs)

Hell Hol =

Understanding context & nuance in text/speech

S *

6. Generative Modeling (GANs/Diffusion) \

Noise/Sketch Generated Image

Creating new data from learned patterns

\ (e.g., synthetic art, deepfakes). J

\ (e.g., machine translation).

(a. Deep Reinforcement Learning (DRL) @

il |
19O o —H Agent
L nar masiy !
O ' J @) | Reward (8) Action
S~ tinnn Jn “ t
H I _} ?- Environment KJ

Learning through trial & error to achieve goals
\ (e.g., game playing, robotics). /

Online M.S. in Al
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Deep Learning — Why deep architecture?

» Deep Learning = Learning Hierarchical Representations

fficient
composition,
—_ @ mirrors cognitive

o processes

Output
(Complex Tasks)

Low-Level| |Mid-Level| |High-Level| | Trainable (kggggft)
Feature Feature Feature Classifier

l

— @

Layer 2
(Concepts)

Layer1
(Features)

Input
(Raw Data) —>

DEEP (e.g., Deep Neural Networks)

Efficiently learns complex,
abstract representations
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Artificial Neural Networks — History

. 1ih

» Inspired by biological neural networks (animal brains), Artificial Neural S g b e ,,’
Networks (ANN) was originated in 1950 to simulate intelligence through  Eaimiiasmaaietizizsii=e)
simple units and basic patterns. A PROCESS‘INQ"; it il

» John Hopfield introduced associative memory in 1982, using physics- I

based loops to store and retrieve information (become the foundation of

recurrent neural networks).

» PDP Research Group at UCSD formalize the ANN concept in 1986 by
modeling intelli%ence as distributed patterns across network connections
(Rumelhart et al. 1986).

» Geoffrey Hinton pioneered the backpropagation algorithm to train these
patterns.

Y LA ’ N ”,' b ' = e
DAVID/E RUMELHART.JAMES L MBLELLAND,  +

Hopfield and Hinton were jointly awarded the 2024 Nobel Prize in - AND THE POP RESEARCHGRAUP </~ 11 fcl~
Physics for these foundational contributions to neural computation. il A ] AR SR e |

v

Online M.S. in Al

Reference: Rumelhart, D. E., McClelland, J. L., & PDP Research Group. (1986). Parallel distributed processing: Explorations in the microstructure
of cognition: Foundations. The MIT press.
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Artificial Neural Networks - Architecture

Hidden

» Key Components in ANN:

1.
2.

Nodes: Artificial neurons (processing units)
Connections: Synapses (signal transmission)

— -

> \:

,"IH

>
Outputs
Myelinated axon
- - -
Neuron and myelinated axon, with signal flow from inputs at &

dendrites to outputs at axon terminals

Input

Qﬁ;ections
1.node

An artificial neural network is an interconnected =~
group of nodes, inspired by a simplification of
neurons in a brain. Here, each circular node
represents an artificial neuron and an arrow
represents a connection from the output of one
artificial neuron to the input of another.

Online M.S. in Al



 Artificial Neural Networks - Neurons

» A neuron is a computational unit in the neural
network that exchanges messages with other.

Hidden Neuron
(= & Activation)

Output Neuron

» Two components exist in each neuron:
9.0 (Z & Activation)

1. Weighted sum: Multiply each input by its weight
and add them up

z = (1x —=15) + (x; X 1.0) + (x, X 1.0)

2. Activation function f(z): Add non-linearity to the
weighted sum.

» The result after these two components is sent to
the next neuron as the input through the
connections.



" Artificial Neural Networks - —
Activation Function -

Linear
. . . 27 (Weighted Output
» Weighted sum alone means learning only linear Sum) >
Linear Model FAILS
Fu |eS . (Cannot separate rings)
» But not all real-world problems are linear. Weights (w)
» As a customer gets older, they do not always become | ¥
more likely to churn. o @—>f—>/\/
. . . . (Weighted  Activation Non-Linear
» Activation functions add "the bend," allowing the Sum)  Function (f)  Output
network to learn complex, non-linear shapes. |
A e
(Logistic) (Hyperbolic Tangent) (Rectified Linear Unit) ;;’(_Mulﬁ"- s Probabilities) ..:;E. @ :.::Z
1“ 1“ 1‘5 ________________ —-— ..s.:'.:t.\.g}o:'.o:o;j. R
| Non-Linear Modgl
. ! | SUCCEEDS
-1 1 |-2 0 1 l (Captures complex pattern)
5 i l" T Online M.S. in Al
Input Input Input Input oxdo
2 ' A ——— 10




‘Artificial Neural Networks -
Activation Function

» Activation functions are adopted in:
» Hidden layer to help the model learn complex, non-linear patterns efficiently.

» Output layer to match the format of the answer we need

Suitable | Function | Formula Output Characteristics Common
Layer Value Range Tasks
Output | Linear X (—o0, ) Passes the input directly to the output Regression &
without changes. Time Series
Sigmoid 1 (0,1) Perfect for predicting a single probability | Binary
1+e™™ classification
Softmax eXi (0,1) Ensures all output probabilities sum up to | Multi-class
Zjexj exactly 1.0. classification
Hidden | RelLU max(0, x) [0, 00) Extremely fast to compute and helps N/A
deep networks learn efficiently
Tanh e* —e™* (-1,1) Zero-centered; usually performs better N/A
eX 4 e—X than Sigmoid in hidden layers. Onlin

11



4 Artificial Neural Networks

» Feedforward algorithm
» Randomly initialize the connection weights.
» Activate the neurons from the input to the hidden, then to the output units.

Layer O Hidden layers Layer 4
Input layer Output layer

Online M.S. in Al
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" Artificial Neural Networks -
Loss Function

» Once we have an output, we need to know
how good it is.

» Loss function provides a “measurement” of
how good the output is.

» For a classification task of cat (class 1) or not
cat (class 0):
» P(cat) = 0.2, P(not cat) = 0.8 =» not good
» P(cat) =0.9, P(not cat) = 0.1 =» good

Example 1: High Loss (Worse Probability)

LOSS = -[1:l0g(0.2) + 0-log(0.8)]
= -log(0.2) = 1.61

Actua Label:
Class 1 (Cat) Poor prediction,
high penalty.

Example 2: Low Loss (Better Probability)

LOSS = -[1:10g(0.9) + 0-log(0.1)]

\ = -log(0.9) = 0.105
Actal Label: —_—

Class 1 (Cat) Good prediction,
low penalty.




'Artificial Neural Networks - Loss Function

Binary Classification Multi-Class Classification Regression
(e.g., Spam/Not Spam) (e.g., Cat, Dog, Bird) (e.g., Home Price)
P1 P2, - "
2p=1
Model Model Model
@ Spam (1) H < Cat (y=[1,0,0]) A 6
Pad { ™ Dog (y=[0,1,0]) ﬂ - R
Email NOE SPRm () §\ Bird (y=[0,0,1]) Features ' Price (y)
Final Layer Activation: Final Layer Activation: Final Layer Activation:
Sigmoid Softmax Linear (None)
Common Loss Function: Common Loss Function: Common Loss Function:
Binary Cross-Entropy (Log Loss) Categorical Cross-Entropy Mean Squared Error (MSE)
1
Loss = -[y-log(p) + (1-y)-log(1-p)] Loss = -2 [y log(p)] Loss = > (v~ 3’
Goal: Choose Correct Combination to Minimize Loss and Improve Predictions >'S° In Al y




" Artificial Neural Networks

» How to learn based on this measurement?

» Backpropagation algorithm providing the mathematical solution to train these
interconnected layers (Rumelhart et al. 1986):
» Calculate total error at the output with the loss function, f(e).
» Then calculate contributions to error, §,,, at each step by going backwards.
» Correct errors with connection weights by going backwards with gradient descent.

L R
Wt = Ween T 7704 1

e

szl ( é’-_\l' X

e

N _ , o

Reference: Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning representations by back-propagating errors. nature, 323(6088), 533-536.
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» Multi-Layer Perceptron (MLP) is the
standard "Deep" realization of an
ANN.

» It is organized into hierarchical layers:

» Input Layer: Passes raw features
(x4, X, ...) into the network.

» Hidden Layers: The "engine" where
neurons compose simpler concepts into
abstract features.

» Output Layer: Aggregates final signals to
produce a prediction (y).

Artificial Neural Networks — MLP

Hidden Layer
Input Layer (h1, h2, h3, h4)
(x1, x2, x3)

Output Layer
X1 (y1,y2)

(e.g., Weight)

X2
(e.g., Height)

x3 (Bias)

Online M.S. in Al
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Artificial Neural Networks — Python Example

» Python example: loan
application classification
(revisited) using MLP

» Refer to supplemental materials

Hidden layers
Input (x) Features

person_age

. . person_income
» Data: past loan application
records with customer

information and decisions

)
0

\7/
0%

o
)

%

Output Layer

credit_score

y
) (Loan Approval
/' Probability Score)

R

b

loan_amnt
» Key Packages: PyTorch

Target variable:
loan_status
(1=Approved, 0=Denied)

Online M.S. in Al
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Convolutional Neural Networks (CNN)

» MLP works on classification with numerical or categorical features
(e.g., income, age, gender).
» What if we want to classify images?

» Product auto-tagging
» Product defect detection

A Apparel: 0.99J

'0. Blue: 0.95 |

Q Cotton: 0.92 |

m V-Neck: 0.88 ‘

el online M.S. in Al
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'CNN

» Convolutional Neural Networks (or Convolutional Networks, or CNNs, or
ConvNets) can process data with a grid-like or array topology

» 1-D grid: time-series data, sensor signal data
» 2-D grid: image data
» 3-D grid: video data

1-D GRID: Time-Series / 2-D GRID: Image Data
Sensor Data

125

0.5 |F0:8 [§28 0.9 | 0.6 | ...

135

130

3-D GRID: Video Data

Online M.S. in Al

19



'CNN

» Intuition: Neural network with specialized connectivity structure
» Stacking multiple layers of feature extractors, low-level layers extract local features,
and high-level layers learn global patterns.

» The 2012 AlexNet model proved the superiority of deep CNNs by winning the
ImageNet competition (Krizhevsky, Sutskever, & Hinton, 2012).

» This breakthrough effectively ended the industry's reliance on manual feature engineering.

Low-Level = Mid-Level _.High-Level Trainable
Feature Feature Feature Classifier
< A LN

Feature Visualization of CNN trained on ImageNet (Zeiler & Fergus 2014)

References: Online M.Sm in Al

* Krizhevsky, A., Sutskever, |., & Hinton, G. E. (2012). Imagenet classification with deep convolutional neural networks. Advances in neural information processing systems, 25.
e Zeiler, M. D., & Fergus, R. (2014, September). Visualizing and understanding convolutional networks. In European conference on computer vision (pp. 818-833). Cham: Springer International Publishing.
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CNN — Architecture

» Three major stages:

» Convolutional: detecting local
features through filters (discrete

convolution)

» Non-linear: normalization via
Rectified Linear Unit (RelLU)

» Pooling: merging similar features

W .:s-

4 )
T4 = max —k,j—1 ;
"7 g <rlii<r T TRI7E pooling
9 mean or subsample also used Stage
\
( yij = flai) |' A
non-linear
T ‘I €9 f(a’) — [a]+ Stage
f(a) = sigmoid(a)
\_ J
4 N\
_ convolutional
a'iaj - Zk,li_kaj_l Stage
only parameters
. ’P Y,
2 input
1, .
J Image

Online M.S. in Al
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CNN — Architecture (Convolutional Stage)

» Goal: Extract patterns from the input image

» Mechanism: Slide a filter across the input data to perform element-

wise multiplication and summation.

e mm mm omm o o e

—3| 1|0 |-

Convolutional Filter / Kernel
(e.g., 3x3)

e =]

S OSR=A

!

Result

I
0 2.|1

|
0 2:|o

I
i 53 2
o[ 1|4
1 ([ 2|0

Input Image

Operation
(Element-wise Multiply & Sum)

Sum = (In*Kn) + (Ilz*Ku) t..t (133*K33)

(1*%1) + (0*0) + (2*-1) + ... = Result

Output

Onlina AMA € 1in Al
oniine m.o . 1IN A



CNN — Architecture (Non-Linear Stage)

» Goal: Increase the nonlinearity of the entire architecture

» Mechanism: A layer of neurons that applies non-linear activation
functions

23



CNN — Architecture (Pooling Stage)

» Goal: Reduce the size of the representation (to reduce the amount of
parameters and computation in the network).

» Mechanism:
» Partition the input image into a set of non-overlapping rectangles for each such sub-

region
» Outputs the maximum value of the features in that region.
_—— Single depth slice
112x112x64 R
pool % 1112 4
7 max pool with 2x2 filters
onmeN 7 | 8 and stride 2 6 | 8
l I 3210 ] 3 [
1| 2 ST

s 112
downsampling

i, 112

224 y

\j



4 CNN — Full Architecture

» Multiple sets of these three stages can appear in a CNN design.

» Input ->|Conv. -> Non-linear -> Pooling|-> |Conv. -> Non-linear -> Pooling}-> ...->
Output

€T 'normal’
connects to neural network

several feature maps 0 wp

pooling
stage

convolutional
stage

convolutional
stage

pooling
‘ stage
non-linear
stage

h e\

e < —

will have different filters

(1,q9) __ q
a; ;" =D k1 Wk iRi—k,j—L

Zi,j Online M.S. in Al



CNN — Full Architecture

» Recent CNN architectures have 10-20 such sets.

» After a few sets, the output is typically sent to one or two fully
connected layers.
» The typical activation function is the sigmoid function.
» Output is typically class (classification)
or real number (regression).
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CNN — Applications

~= 1. OBJECT DETECTION
a (Locate & Classify)

(A

—

v 2. IMAGE SEGMENTATION .
@ (Pixel-level Classification)

R v

9 N
3. FACIAL RECOGNITION
) S

(Identify & Verify)

&L, 4. ANOMALY DETECTION >
) (Identify Deviations)

AUTOMOTIVE & LOGISTICS: ﬁ%@ £
Autonomous Navigation & Asset Tracking L;B

HEALTHCARE & BIOTECH: &
Precise Diagnostics & Treatment Planning

FINTECH & SECURITY: == ﬁ
Secure Authentication & Fraud Prevention

MANUFACTURING & QC: @

Automated Inspection & Quality Assurance

Online M.S. in Al
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Recurrent Neural Networks (RNN)

» So far, t)he data we are dealing with does not have orders (e.g., customers,
images).

» However, data from business operations can be sequential.
» The data points have an order or timing (e.g., stock price, words in a sentence)

» We need a method that allows information to persist after processing each data

point.

INPUT: Time-series data OUTPUT: Prediction, Regression

@ - — ° Forecast

/\6 Stock Price /\/ Value (3)
OUTPUT: Label or Text sequence
= ] o — :‘; Label: POSITIVE SENTIMENT

= : S Text sequence:
2 *Translation/Summary/Answer" Online M.S. in Al

28



Recurrent Neural Networks

» Recurrent Neural Networks (RNN) are networks with loops, allowing

information to persist.
Output is to predict a vector h,, where
) output y; = @(h;) at some time steps (t)

» The foundation for vanilla RNNs was established by introducing
recurrent loops to process sequential information (ElIman 1990,
Hopfield 1982, Jordan 1997;).

References:

* Elman, J. L. (1990). Finding structure in time. Cognitive science, 14(2), 179-211. 2 }

+ Hopfield, J. J. (1982). Neural networks and physical systems with emergent collective computational abilities. Proceedings of the national academy of sciences, 79(8), 2554 2558.
* Jordan, M. I. (1997). Serial order: A parallel distributed processing approach. In Advances in psychology (Vol. 121, pp. 471-495). North-Holland.
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Recurrent Neural Networks

» RNN can be thought of as multiple copies of the same network, each

passing a message to a successor.

®

e

t

0

b

A

(X9

A
®

()
T
A

®

®
T
A
&

Recurrent cell

Online M.S. in Al
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Recurrent Neural Networks

» The recurrent structure of RNNs exhibits the following characteristics:

» Specialized for processing a sequence of values xW L x®
» Each value x® is processed with the same network A that preserves past information

» Can scale to much longer sequences.
» Reusing network A reduces the required amount of parameters in the network

» Can process variable-length sequences.
» The network complexity does not vary when the input length change.



y
Recurrent Neural Networks

OUTPUT: Label or Text sequence

OUTPUT: Prediction, Regression

9\/‘ S — /\/0 Forecast A\ — @[ﬂ? Label: POSITIV.ESENTIMENT
@ Value (§) _) Text sequence:
"Translation/Summary/Answer”

INPUT: Time-series data

/ Yt (Predicted \ / Yt 0/1? \

Value) ht Ny
ht —’@ 100 dims ;?@
Fully I Fully
Recurrent cell TCOMECted Recurrent cell Tconnected
layer layer
A > (] A N
% ‘ @ @ WordTemb:ddian
t
32 dims
Xy Xz Xe
(Value (Value (Value ‘Review y f X
L att=1) att=2) at t=t) JRN xt ... movie fantastic, awesome ... p

Online M.S. in Al
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Networks with Memory

» Vanilla RNN operates in a “multiplicative” way.
» Vanishing gradient: Signals fade away, preventing early layers from learning.
» Exploding gradient: Signals grow chaotic, causing the model to crash.
» Failure to capture long-term dependencies

» Two recurrent cell designs in an “additive” way were proposed and widely
adopted:
» Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997)
» Gated Recurrent Unit (GRU) (Cho et al. 2014)

RNN LSTM

lllll

X,

References: z

* Cho, K., Van Merriénboer, B., Gulcehre, C., Bahdanau, D., Bougares, F., Schwenk, H., & Bengio, Y. (2014). Learning phrase representations using RNN encoder-decodeffog si}atlstlcal machlne transqatlon In
Proceed/ngs of the 2014 Conference on Empirical Methods in Natural Language Processmg (EMNLP) (pp. 1724-1734). Doha, Qatar: Association for Computational Linguistics.. '

* Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural computation, 9(8), 1735-1780.



Module 2: Transformer-based
Models



Transformer

» Prior to 2017, RNN architectures (LSTM, GRU) had seen state-of-the-art
performance for various natural language processing (NLP) tasks.

» However, sequential computation became infeasible for long sequences and
massive datasets.

» Reading inputs sequentially prevents parallelization in training and forgets past information.

» Instead of sequentially reading input, can we read the input all at once?

» In 2017, the Google Brain research team noted the success of attention mechanisms
and built a new model known as the Transformer (Vaswani et al. 2017).

» This model has no convolutions or recurrence.

» The Transformer implements attention mechanisms to achieve state-of-the-art NLP
performance.

Reference: Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., & Polosukhin, I. (2017). Attention is all you need. Advances in neural
information processing systems, 30.



Transformer - Overview

Predicted Output:
The United States

t
Softmax
3 . Transformer - t
» Transformer is designed to process ”"{i‘ ——
every part of input sequence Encoter Bk A & Nom
simultaneously. e
(—b Add &: Norm \ - &:NOHII
. 1 Multi-Head
» Three major components: Feed Forvad S
1. Embedding and encoding: [ Add & Norm Add & Nom
transform textual input into Multi-Head e i
. Attention Head Attention
numerical format Nim==nl B ==
2. Encoder Block: create latent Sy wa @_@ PostiomT
representation of text e = ¥ Encoding | 1. gmbed:ing
nput utput 1
3. Decoder Block: decode latent b Embedding e Eneeting

representation for task output

Inputs: What country is Arizona m? Outputs: Arizona is

in the United States



'Transformer — Embedding and Encoding

1 Tokenization 3 Positional encoding
B 2 [ o | -es |+ IR g wite () [INSNIS I
Write a story. —» n m I
| B T Tom T T |+ ol
Tokenization: Turning words into tokens B e [ s | o [ o |+ N 227
1. Textual inputs are first tokenized,
transforming sentences into B e e [ ea |+ I - I
individual tokens. 3. The position of each token in the sentence is added
2 Embedding to the vector, such that sentences with the same
o1a | oz | | -10a words in a different order will have different vectors.
n e 0.91 0.56 0.23 l
—_— -1.56 1.34 0.14 . . .
m 4. The vectors with added positional encoding are
I — [ 142 | 1% ] .. | 24 considered a word embedding and are input into

2. Tokens are transformed into the Transformer model.

vectors based on co-occurrence
statistics (e.g., Word2Vec). . :
(e-g. ) Online M.S,.in Al



Attention: 1.

¥ Transformer — Encoder |===m== W

and Decoder Block The barik of the ver Money] in the ban

. - = / > ﬁ
» A key component in the encoder - % S8 =

1 - The b f the ri M in the bank 2.

and decoder is the attention. SR ST SaRISE oney in the bank 2
e 0 0 0
» The word “bank” has numerous pank G o | on
meanings depending on the ' BN

context it is used.

Original sentence 3

Modified sentence ~°
» We need context for the task. _
the | bank of | the river (- Oth 09 lzank il 2 01 lzank
i ° O river 0.9 river
<2 é@: o e EARS

» Attention helps identify context

by determining the importance of | ™" e
T T e el T T

n e a r b WO rd S ° 0.2 l;ank b 0.8 l;ank

y = @ i piiny

Online M.S. in Al
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Transformer — Loss Function

» The transformer uses a simple cross-entropy loss to compare the target outputs
and the predicted outputs.

Target Model Outputs Trained Model Outputs

Output Vocabulary:  a am ! thanks  student <eos> Output Vocabulary: a am I thanks student <eos>

position #1 Y] 0.0 1.0 0.0 0.0 0.0 SLHGLEYE 0.01 0.02 MOEEN 0.01 0.03 0.01

position #2 K] 1.0 0.0 0.0 0.0 0.0 position #2 JEeKell 0.8 0.1 0.05 0.01 0.03
—
position #3 | 1.0 0.0 0.0 0.0 0.0 0.0 ‘ position #3 | 0.99 KeXe[okEeNelokNeXelokIEoNelo)lNoNe[0k!

SN 0.001 0.002 0.001 0.02 0.0

I'

position #4 e 0.0 0.0 0.0 0.0

position #5 K0 0.0 0.0 0.0 0.0 1.0 [SLENIGLESE 0.01 0.01 0.001 0.001 0.007 oKk}

a am | thanks student <eos> a am I thanks student <eos>

(from https://jalammar.github.io/illustrated-transformer/)

Online M.S.in Al



Transformer

» Transformers are originally designed for sequence-to-sequence tasks
(e.g., machine translation, summarization).

» However, real-world text is massive, dense, and uses highly
specialized terminology.
» E.g., 10K reports often have 100+ pages with financial terminologies

» We need trillions of words in the training data and millions of dollars
of computational resources just to teach the model basic grammar.

40



Pretrained Language Models

» Starting 2018, the field evolved from training task-specific models
toward pre-training foundational architectures.

» These models are trained on massive, unlabeled datasets to capture general

linguistic patterns.

» Efforts have been made in specializing Transformer’s architecture (e.g., Encoder
for deep bidirectional understanding, Decoder for generative scaling).

» In 2022, the integration of human feec

back unlock the ChatGPT era,

producing models capable of following complex instructions and

conversational reasoning (Ouyang et a

.2022).

Reference: Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., Zhang, C., Agarwal, S., Slama, K., Ray, A., Schulman, J., Hilton, J., Kelton, F., Miller, L.,
Simens, Maddie., Askell, A., Welinder, P., Christiano, P. F., Leike, J., & Lowe, R. (2022). Training language models to follow instructions with human feedback. Advances

in neural information processing systems, 35, 27730-27744.

41



yV .
Pretrained Language Models

» Instead of starting from zero, we can pretrain models with natural languages
(e.g., news, Wikipedia) to understand how human languages work.

» E.g., when we see the term “social”, the next word is likely to be “media” or “interaction”

1: Pre-training (Foundation Learning)

The cat sat on
= D) the vasq - =
—— f; I. __>u "
mat

Massive Unstructured Text Corpus Pretraining Objective Pretrained Language Model
(e.g., Internet Data, Books) (e.g., Next Word Prediction, Masked LM) (General Language Understanding)

= 4

Acquires broad
- knowledge, grammar,
__andcontext.

9, : Model Output |
A A (Generated Text/Prediction) |
) e.g., "Bonjour”
User Input Generates contextually
(Prompt/Context) Model Inference appropriate response.
e.g., “Translate to French: Hello" (Applying Knowledge)

Online M.S. in Al
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yV .
Pretrained Language Models — Categories

» Pretrained language models (PLMs) can be divided into three
categories based on the components adopted from the transformer.

1. ENCODER-ONLY MODELS 2. ENCODER-DECODER MODELS 3. DECODER-ONLY MODELS
(Understanding) (Understanding & Generation) (Generation)

\ _ j‘_’f‘r-" }, @_) ﬂ @

@ 8 T £ @

BERT RoBERTa T5 BART GPT-2 Llama

¥

Pegasus Falcon Online M.S. in Al
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Pre-Trained Language
Models — BERT

» BERT is a fundamental encoder-only model released in
2018 by Google’s Al Research team.

» BERT is pre-trained on the BooksCorpus (74 million
sentences from 11,038 books) and English Wikipedia (2.5
billion words).

» Two-pretraining objectives:
1. Masked Language Modeling (Mask LM)

» A random word in a sentence is masked (i.e., hidden) from the model.
» The modelis trained to predict the masked word in the sequence.

2. Next Sentence Prediction (NSP)
» The training dataset is split into two-sentence pairs
» The modelis trained to predict if the second sentence follows the first.

Reference: Devlin, J.,, Chang, M. W,, Lee, K., & Toutanova, K. (2019, June). Bert: Pre-training of deep bidirectional transformers for
language understanding. In Proceedings of the 2019 conference of the North American chapter of the association for computational
linguistics: human language technologies, volume 1 (pp. 4171-4186).

ﬁp
&

Mask LM Mask LM \
&« . 3
T | ..

00 G- &
BERT B

Bl EEE- &

EE. EEE. &

I_I_l\_|_|

Masked Sentence A Masked Sentence B

Unlabeled Sentence A and B Pair

BERT Pre-Training
(from Devlin et al., 2018)

lask token: [MASK]

| am a [MASK] student.

Generate
college 8.147
s00d @.835
1aw @.834
graduate 8.e78

BERT Inference (from huggingface)



" Pre-Trained Language Models — GPT

» GPT was introduced in 2018 by OpenAl as a paradigm-shifting
architecture that uses an autoregressive training strategy (Radford
et al., 2018).

» GPT is pre-trained on the BooksCorpus (74 million sentences from 11,038
books).

[» Text Generation ) Reset Examples v

| like traveling by train because it's a great way to
see the country. The scenery is often breathtaking
and the people-watching

Text Generation Inference (from huggingface)

Reference: Radford, A., Narasimhan, K., Salimans, T., & Sutskever, |. (2018). Improving language understanding by generative pre-training. OpenAl. 45



" Pre-Trained Language Models — GPT

» GPT uses an autoregressive (predicts future values based on past
values) training.

» The goal of GPT is to maximize the conditional probabilities of each token
given prior tokens as context.

Text: Second Law of Robotics: A robot must obey the orders given it by human beings

I Generated training examples

Example # Input (features) Correct output (labels)
1 Second law of robotics : a
2 Second law of robotics 4 a robot
3 Second law of robotics ! a robot must
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Large Language Models

» Recent Pretrained Language Models (PLMs) development have been largely
focused on decoder-only architecture.

» As these models scale to billions of parameters, they exhibit emergent
reasoning capabilities and are known as Large Language Models (LLMs).

1. ENCODER-ONLY MODELS 2. ENCODER-DECODER MODELS 3. DECODER-ONLY MODELS
(Understanding) (Understanding & Generation) (Generation) m M
Y =N < q:}(_jEP a0
- : (= 3z GPT-Neo / s
%@ % Falcon
GPT-2 Llama
fg Mistral
7B
Al
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Large Language Models — Llama

» Llama is developed by Meta and is one of the most
popular open-parameter LLM.
» The model parameter is available on HuggingFace.

» Developer can adapt it for specific tasks (e.g., advanced
coding, financial statement analysis).

» It matches the intelligence of top-tier closed-source
models (like GPT-4) while being significantly more
efficient and cheaper to operate.

» Starting from Llama 3, it can now process images,
understand charts, and handle massive amounts of
data (like entire books).

Llama 1 (Research Foundation)

'y Proved smaller models can be
powerful. Sizes: 7B, 13B, 65B.

l

Llama 2 (Open & Commercial)
Commercial license, chat

o)

® fine-tuning. Industry standard.

Sizes: 7B, 13B, 70B.

!

Llama 3 (At Scale)

405B parameters, 15T tokens.
Rivaling top closed models.
Sizes: 8B, 70B, 405B.

$

) ) e s e ()
R

Llama 4 (Multimodal & Efficient)
o Mixture-of-Experts, 10M

A& context. Native vision & audio.

Sizes: Various MoE configurations

. AEEER R AR
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Task Adaption

» Pretraining alone (e.g., masked language modeling) is usually not sufficient for all
kind of text analytic tasks.

» Pretrained models also don’t understand domain-specific terminologies.

» Task adaption aim to use additional training data to allow PLMs to perform
effectively on specific domains and tasks.

1

4

TEXT
ANALYTICS

(Business Applications)

s

1. TEXT CLASSIFICATION

Customer Feedback Analysis Support Ticket Routing
(Positive/Negative Sentiment for (Categorizing by "Billing’,

Product improvement) Technical’, ‘Feature Request’) y

U

2. TEXT SUMMARIZATION/TRANSLATION

Executive Briefs Global Communication
(Cendensing Long Reports (Translating Contracts or Emalls
into Key Findings) for International Partners)

J

3. TEXT GENERATION

ORI )

Automated Email Responses Q&A Task
(Orafting Initial Customer (Providing Direct Answers
Support Replies) 1o User Queries)

=)
=)
=)

1. ENCODER-ONLY MODELS
(Understanding)

@

2. ENCODER-DECODER MODELS
(Understanding & Generation)

@+

3. DECODER-ONLY MODELS
(Generation)

4=F

Online M.S. in Al
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Task Adaption — Supervised Fine-Tuning

» Supervised fine-Tuning (SFT) is the most straightforward method for task adaptation.

» Key idea: use additional training data to slightly update the parameters of pre-trained

model (W) to make it task specific (W').

Task adapted model

L Pre-training PLM —L %ﬁgim?ﬁ;

Pretrained Language

L1

e

Task adapted model

B ﬂ
— -
Annotated task
Task adapted model

— specific dataset
Large generic corpus

Summarize

Classify

- PY

Generate
[ —

(From https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-Ilm)

Online M.S. in Al
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https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
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https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
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https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
https://cloud.google.com/blog/products/ai-machine-learning/supervised-fine-tuning-for-gemini-llm
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g I S S S S S S S D e e e e e .

Encoder-Only Model
(e.g., BERT, RoBERTa) [ Transformer Encoder Layer 2 J

Input Text

Text classification
(with encoder-only model)

Prediction (Class Labels)
[Positive: 0.95, Negative: 0.05]

Linear Layer
| (Classification Head)
y

A Contextualized Embeddings
(e.g., [CLS] token vector)

[ Transformer Encoder Layer N ]

r Transformer Encoder Layer 1 }

T

This movie is great! [PAD] [PAD]

Fine-Tuning
Gradients

G EEE EEE EE EE S S S S S S e e e e .

Task Adaption — Supervised Fine-Tuning

Question & Answering

(with decoder-only model)

[e.g., P(‘feline.’) = 0.92]

Encoder-Only Model
(e.g., BERT, RoBERTa)

Linear Layer
(Language Modeling Head)

Contextualized Embeddings
(Per Token)

Prediction (Softmax over Vocab for Next Token)

_________ )
Loss = 0 (Ignored) T Loss = Cross-l?;trtgpy)
J ctive

Transformer Decoder Layer N

Transformer Decoder Layer 2

Causal
Mask

J

A A A A

Transformer Decoder Layer 1

|

A

e 4 4 4

A

Input Text Sequence
(Prompt + Completion)

[User:] Define cat. [Assistant:] A small feline.

Labels
(Shifted Targets)

Defge c3K) [Assistap(] A sl felyfe. [EOS]

Loss = Cross-Entropy

Fine-Tuning
Gradients
(Masked)

7/

/

Online M.S. in Al

~

51



7 Task Adaption — Supervised
Fine-Tuning

» Modern LLMs (e.g., LLaMa) can have up to
billions of parameters.

» They often have hundreds or even thousands of
layers of multi-head attention and feed-forward
layers.

» It’s not realistic to fine-tune all of them.

» We need a parameter-efficient fine-tuning
(PEFT) method.

Online M.S. in Al
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Task Adaption — Supervised Fine-Tuning

» Low-Rank Adaptation (LoRA) is a common PEFT
method (Hu et al. 2021).

h I |
ZEEEN
» Instead of updating W to W' directly, it update W by
updating the changes AW only, where: Pretrained

W' =W+ AW Weights

W e ]RdXd

» AW can be decompose into two matrices A and B,
with an intrinsic rank r capturing the “essence” of
parameter updates. |

» 1 is much smaller than the original dimension, this X | |

significantly reduce the number of parameters being
updated. LoRA Reparametrization

(from Hu et al. 2022)

Online M.S. in Al

Reference: Hu, E. J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., & Chen, W. (2022). Lora: Low-rank adaptation of large language models. ICLR, 1(2), 3. 53
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Task Adaption — Prompt Engineering

» Recent pretrained models (especially LLMs) alone have shown great performance
in text generation as their parameter size is large.

» We can get the desired output by curating the prompt given to LLM.

e E.g.,usea (e.g., prefix) to specify the task (e.g., summarize the following passage)
with the input (e.g., a passage).

Text ti rompt E les v
> Text Generation ) Reset Examples b Exi;Cancration P P { el
- - - . Summarize the following passage:
prompt —*|! like traveling by train becausgit’s a great way to The recent advancements in renewable energy technologies have
see the country. The scenery is often breathtaking significantly reduced the global reliance on fossil fuels, leading to a

decrease in carbon emissions across various industries. Solar and

and the people-watching wind power are now more cost-effective tve than ever, and battery

storage solutions are becoming increasingly, sol¢inig the problem.
Summary:JRenewable energy and improved battery storage are

global reliance on fossil fuels and decreasing carbon emissions.
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Task Adaption — Prompt Engineering

» Even with an engineered prompt, LLM’s responses may not be ideal.

» Chain-of-Thought (CoT) prompting provides a series of reasoning
examples to an LLM to help reasoning and achieve the desired output.

Step 1: Step 3: Step 4: Step 5: Step 6:
Enter Generate Generate Generate Generate
Summary Characters Story Beats Locations Dialogs
m (Summan ) (Summary )
Characters Characters Characters ) Characters
Pr ompt
E— Story (_Story Beats )
=
Prompt 3 Dialogs
| ]
Step 2:
Generate

Title




~ Task Adaption — Prompt Learning
» A “good” prompt can also be automatically identified through learning.

» Recall that each input token will be encoded into vector before the encoder
and decoder blocks.

» A prompt can be just vectors, not necessarily human readable.

Hard Prompt Soft Prompt
Best pizza ever! It was <mask>." Best pizza ever!
Input text Hard prompt Soft prompt Input text embeddings
template (tunable
embeddings)

(From Xu and Sheng 2024)

Reference: Xu, Z., & Sheng, V. S. (2024). LecPrompt: A Prompt-based Approach for Logical Error Correction with CodeBERT. arXiv preprint arXiv:2410.08241.



Fine-tuning

7 Task Adaption — e

Transformer (Summarization)
1 1 1 3 31 1 r—1 1

Prompt Learning LNl

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

» Prefix tuning is a well-known prompt learning
technique (Li and Liang 2021).

Prefix
(Translation)

' Prefix
(Summarization)
1

Prefix
(Table-to-text)

Prefix-tuning

Transformer (Pretrained)

I L0 IR L AL

name Starbucks type coffee shop [SEP] Starbucks serves coffee

» A task-specific vector (prefix) is prepended to the input
to guide the model’s behavior.

Input (table-to-text) Output (table-to-text)
» Only the prefix are updated during the learning
process.
Autoregressive Model (e.g. GPT2) Summarization Example
PREFIX 5 corremiEls y.-targetutterance'. Article: Scientists at University College London discovered people
r 11 - - 1 - - 1 tend to think that their hands are wider and their fingers are

shorter than they truly are.They say the confusion may lie in the
way the brain receives information from different parts of the
body.Distorted perception may dominate in some people, leading to
- . ’ body image problems ... [ignoring 388 words] could be very
Activation hy ha hs ha hs he hr hs ho hwo hu hiz s hua has motivating for people with eating disorders to know that there was
a biological explanation for their experiences, rather than

Harry Potter , Education , Hogwarts [SEP] Harry Potter is graduated from Hogwarts .

Indexing 1 1 2I 13 4 5 6 7 8 1 19 10 11 12 13 14 15 I feeling it was their fault." —
— — — | Summary: The brain naturally dlstortq body image - |
Piax = [1,2] Xige = [3,4,5,6,7, 8] Yiex = [9,10,11,12,13, 14, 15] la finding which could explain eating disorders like |
\anorexia, say experts. J
Reference: Li, X. L., & Liang, P. (2021, August). Prefix-Tuning: Optimizing Continuous Prompts for Generation. In Proceedings of the 59th Annual Meeting of the On I Ine M'S° In AI

Association for Computational Linguistics and the 11th International Joint Conference on Natural Language Processing (Volume 1: Long Papers) (pp. 4582-4597).
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Task Adaption — RAG

» Models can be highly dependent from the data used in pre-training
and fine-tuning.
» If the training data is collected in 2023, it won’t know what happened in 2026.
» The model might make up some incorrect facts = Hallucination

» We need real-time information from external sources to help
generate the output =2 Retrieval augmented generation (RAG)
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‘ What is the recommended

maintenance schedule
- for the Model X-9000
industrial pump?

1. The User Query
(The Need)

What is the
recommended

maintenance schedule
for the Model X-2000
industrial pump?

Task Adaption — RAG

2. The Retrieval
(Augmentation)

Query

Knowledge Base
(Company
Documents,
Manuals)

—p

| Change oil every 500

N quarterly. Replace if

...Model X-8000:

» RAG combines the prompt with retrieved, specific knowledge to
generate an accurate, fact-based answer

hours of operation...

\__/’
Snippet A
(Manual, p. 42)

...Inspect seals

worn. Annual full service|

is recommended...

Snippet B
(Service Guide, p. 12)

...use only certified
lubricants for X-series

pumps...

. —

Snippet C (FAQ Doc)

Retrieved Context

3. The Final Generation

—_— - -

Ivinl
Large
Language
Model (LLM)

(RAG Output)

Generated Answer

ﬂased on the company \
manuals, the

recommended maintenance
for the Model X-8000

pump includes changing the
oil every 500 hours,
inspecting seals quarterly,
performing a full service
annually. It is also noted to

use only certified
lubricants.

(" Accurate, Fact-Based
Response (Grounded in

Retrieved Data)

.

jne M.S. in Al
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Python Example

\__/

Hugging Face

» Python example: news topic classification using BERT with zero-shot,
SFT, and LoRA

» Data: AG news articles with title, article body, and class labels.
» Key Packages: PyTorch, transformer

.

N

Title: [Sample
Headline]

Article Body:
[Text content
snippet...]

(N s/

Classification
Model

AG News Article

\y\
\
4 B - - "

r 1. World @ ‘

2. Sports X

R
3. Business 4]

4. Sci/Tech #

Online M.S. in Al
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Review Questions

» Module 1: Artificial Neural Network

» In a binary classification task, what activation functions should be adopted in
the hidden layer and output layer, respectively?

» How does CNN handle pixels in image data?

» Module 2: Transformer-based Models
» How does the attention mechanism capture “context”?

» What's the difference between SFT and prompt learning, in terms of the
parameters updated?

61



4 Next Week

Problem Data Collection Al-enabled Visualizati
. . . . ISualization
Identification | and Extraction Analytics )

/ \ / \ / \\ / \
II P | L !
I . | : . Lo I
| : ! I_'G | I I ! I I I
| h o1 L | |
Y - YN VT | ] : L |
| ) (8 S @ || | | Machine Learning ] |
| . |
: Stakeholder Scenario : | Data Collection : : : : System and User :
| }-}{ l-}: :-}: Interface |
| | : . | l
| I ! I o i . |

— [ | | Deep Learnin |
 oFae ! . pleaming 1 .
N | . T | | l
| Current Limitation | | | | :: : "‘V | | |
LA h | - |
I\ pproac ,' |\ _ ; : Advanced Techniques ; I\ _ /l
N SN DemBdrction 2N v, GNN, TSEM, RL) /. CourseofAdtion )

~ e — — — — — —— — ——
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