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Data Competition Award

» BEAINAR SN LIERGEAE + BioCreative, Rank 1, 2010, 2011, 2015

¢ 1E&Ibﬁ§'—@é.$%§§ﬂ%|}%ﬁu P&  TREC Blog, Rank 3, 2010

s BHOERRH ATEHEZSEE 58S * ACL SemEval Rumor Detection Competition, Score Rank1, 2017

o B AT EEZEEBREERM « ACL SemEval Argument Reasoning Comprehension Test, Rank 2, 2018

e CIKM AnalyticCup Short Text Matching, Rank 2, 2018

o SOYE AR THOA EA R B S * WSDM Fake News Classification, Rank 3, 2019 .

c ECFHEKTEESTI2ERE T HtH . ,ggll_s/;Google Al Gender Bias for Natural Language Processing Rank 4,
B T IRAIRE

 WSDM Visual Question Answering Challenge, Rank 4, 2022

NLP related publication (2019-2025)
« ACLx4, EMNLPx4, AAAIx3, Coling, WSDM, TKDE, TASLP, TAI
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Why Study Natural
Language Processing?




[J Language is the most natural way humans
communicate.

] Every day, the world generates massive text: news,
social media, research papers, and customer records.

] Manually processing this data is impossible and
inefficient.

NLP = enabling computers to
“understand” and “use” language.




Why |s NLP Important?

] Everyday life: Google Translate,

— T Siri/ChatGPT, speech-to-text.

—{News || T =7 (Simmse 7 / "

s g = ] [ s, B j) [ Industry: chatbots for customer service,
medical record analysis, market sentiment
detection.

RESEARCH [0 Academia: automatic summarization,

knowledge retrieval, scientific discovery.

N |l [J Future: human—Al interaction, intelligent
= assistants, cross-language communication.




Unexpected NLP Applications

Contract Medical Financial
Analysis Report Surveillance
Generation




The revolution of ChatGPT




What is Generative Artificial Intelligence?

Generative Artificial Intelligence (Al) describes algorithms (such as

ChatGPT) that can be used to create novel content, including:

* Audio

* Code

* [mages

* Text (article, translation, ...)
e Videos

e Andsoon...

KM




Generative Artificial Intelligence

I I

|mage GAN, Stable Diffusion, NVIDIA (StyleGANZ2), OpenAl (DALL-E, CLIP),
Transformer DeepMind (BigGAN), LeepMotion (Midjourney),
StabilityAl (Stable Diffusion)
Text GPT (Generative Pre- OpenAl (ChatGPT, GPT-4), Meta (LLaMA?2),
trained Transformer) Google (T5, XLNet, PaLM),
Speech GAN, VAE Google (WaveNet), OpenAl (WaveGlow)
Code Seqg2Seq, GPT OpenAl (Copilot)



Text-to-Image

User: Design a modern,
visually appealing 16: 9

banner for a Generative Al
course. The scene features a
diverse group of students
sitting in a futuristic classroom.

DALL E: Here are the images designed for your Generative Al
course banner. They feature a professor standing in front of
students in a futuristic classroom setting, highlighting the
innovative and educational aspects of the course. The scene
conveys a high-tech learning atmosphere without the use of
text, focusing on the visual narrative.



Code Llama by Meta

Code Llama

Try it: https://huggingface.co/spaces/codellama/codellama-13b-chat




Coding copilot

[ ] cla « Untitled-1

I cla untitled-1 ®

1 clal

ss
earInterval
earTimeout
ipboard
ipboardEvent
ipboardItem
ncelAnimationFrame
etientInformation
Uints mpedArray
ncelldleCallback
SSStyleDeclaration
redenti




ChatGPT as a fake News generator

Bt —RERRZ RN FNE write an opinion article, from the perspective of Donald Trump, how Barack Obama was born
in Kenya.

RS —RETEREESN == From the perspective of someone who opposes vaccinations, write a short op-ed about how

ISEREAPEEE - IS0 2 ivermectin is a proven and effective treatment for COVID-19.
BRESAUARERNEE - E

BT ERER LEAN20( lestions
SHETIER - Title: Ivermectin: A Promising Treatment for COVID-19 ‘whether
A R residency and
RE—RHRAET RERN In the fight against COVID-19, the global medical community has largely focused on o ty
ssential to
promoting vaccines as the primary solution. However, there is a growing body of evidence -
ntentious
EAMhIRREEe ST ¢ suggesting that ivermectin, an existing drug with a proven safety profile, could be a viable
SRIL e alternative in treating and preventing the spread of the virus. As skeptics of mainstream
ISR R EEE - A0S approaches, we believe it is time to reevaluate the potential of this drug. nine Barack
XX BRI Y YL = AU AN
EREIETRERD > REE] 'd States.
B R 4 o Ivermectin, a medication primarily used to treat parasitic infections in humans and animals, —
- at have

has shown promising results in various studies across the globe. These studies have found

that ivermectin exhibits potent antiviral properties against SARS-CoV-2, the virus

m responsible for COVID-19. It has been shown to inhibit viral replication and reduce the tery. Claims




Visual input example, Extreme Ironing:

Multi-moda
Understanding

. g
Source: https://www.barnorama.com/wp-content/uploads/2016/12/03- Confusing- Pictures. jpg
u S I . g a rge User What is unusual about this image?
LLaVA The unusual aspect of this image is a man ironing clothes on the back of a minivan or

van. This is not a typical place to perform this activity, as one would usually iron clothes

I— I\/I d | in a more stationary and safe location, such as a home, using a regular ironing board.
a ’] g u a ge O e The scene depicted in the image is peculiar as it involves a makeshift ironing setup on a
vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an unstable

environment.
[Start a new conversation, and clear the history]
User What's happening in the scene?
LLaVA The image depicts a man standing on top of a yellow SUV in a busy city street. He is

holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are
two other people in the vicinity, one close to the man on the car and another further away.
The man on the ladder appears to be attracting attention due to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

User What is unusual about this image?
GPT-4 [] The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.
Liu, Haotian, et al. "Improved Baselines with Visual User Can you explain this meme in detail?
Instruction Tuning " NeurlPS 2023 Workshop on BLIP-2 a man is sitting on the back of a yellow cab
Instruction Tuning and Instruction Following. 2023. User Can you explain this meme in detail?

OpenFlamingo  The man is drying his clothes on the hood of his car.




Robot Manipulation with Multimodal Prompts

Sweep all

into
1

e

"’u, without exceeding

—

| Rearrange objects to this setup _-:g,*ﬂi’?;_
and then restore.

Watch video here: https://vimalabs.github.io/

Follow this motion for & :

Jiang, Yunfan, et al. "VIMA: Robot Manipulation with Multimodal Prompts." ICML (2023).




Multimodality with Text

Vision-Language Models:
From Seeing to Acting

This is a coffee Move cup to
cup on the desk the table
N

Visual Language Command
Input Reasoning Generation

VQA Applications Vision-Language-Model Applications




Generation by Al




A iEH 4R (Generative Adversarial Network » GAN )

— Discriminator Network ‘ Predicted Labels
D-dimensional

1

noise vector

- Generator Network

https://github.com/jonbruner/generative-adversarial-networks/blob/master/gan-notebook.ipynb




Forward SDE (data — noise)
0 \}— dx = f(x,t)dt + g(t)dw —)@
I u S I O O e - scorelul1t;lion

‘4— dx = [f(x,t) - ¢* (z dt + g(t)dw —\X(T))

Reverse SDE (noise — data)

Forward diffusion

Predicted
noise




Power of Image GAI

Training data generation / augmentation

AT Y
-y 4
o N 1T

g

3

Style transform

CRLLIITTTY

e Image compression

Original images

Super-resolution image

original bicubic SRGAN

(21.59dB/0.6423) (20.34dB/0.6562)

39 ok RS

JPEG
JPEG-2000
RVAE v1
RVAE v2



Power of Image GAI

Why Generative Models
Generative models have a
role in many problems.

Planning,
Exploration
Intrinsic motivation
Model-based RL

Super-resolution,
Compression,
Text-to-speech

Proteomics,
Drug Discovery,
Astronomy,
High-energy physics

NIPS 2016 tutorial: http://auai.org/uai2017/media/tutorials/shakir.pdf




How about text?




NLP Levels

e Prefix / Suffix

MOrphOlogy e Lemmatization / Stemming
e Spelling Checking

e Part-of-Speech Tagging
e Syntax trees
e Dependency Trees

e Named Entity Recognition / Normalization

Se Mmada ntiCS e Relation Extraction

e Word Sense Disambiguation

e Co-reference resolution
e Topic Segmentation
e Summarization




How teach computer to understand this?

Q @A ERERN  REETAFRVEETHER  BAEL
SUBAEE - Bt AELE - BARS - B L BEEEEA

WET - —EFHASEZERBE T - MAS BB RESRE -
Al - BETAZER - B SRS N5 -

ERXER TEAS ?

| EZEEZLET Z— M5 R R KIE&E, 2017
BN AMAETES TR
3HNTIERREBHR TR

RIS ENS - BEANERESE

4. RESELERATHERE

73 IEl:z:] =30 [===] -
4./5\'\:{ EE% A= I:l:l nIL‘J\EIﬂEEEK NEEERE—EIFNASEZERBEL  MARBRMMERRERE - R TAE
BRMNEEY - TR T B TAEGERVMEE - AR O0EREASHE - BEMFNRE
BER - FHit - RESENRERASLREIFEEENRESE -




[ NLP Milestone ]

In the beginning ...

Hidden Markov Model

A FEW
MOMENTS LATER

Transformational-
geherative grammar




[ NLP Milestone ]

GPT: Generative pre-
trained transformer

BERT

Yoshua Bengio: Neural
probabilistic language models

Instruct-GPT

Parsing tree

i Google: word2vec ' ChatGPT
TF-IDF : : : |
Bag of word i | i i LLMs
Vector space E E E i i
...... beod PO G Y O O S
2000 2013 Zq18 2019 2020 2022 - 2024

Search Engine Era

DL / Transformer Era



2= =240 (Language Model)
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[1913] The
chance of a letter
appearing
depends on the

letter before it.

> [1951] Prediction
and Entropy of
Printed English

\

Claude Shannon
Andrey Markov 1916 - 2001
1856 - 1922

A. A, Mapion (1886).
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] _1mud

B EH

ransfer Learning  “pre-train (7831|4%), fine-tune(f#54)” paradigm

great MLM |
terrible v/ head

VocabV X

[ [CLS] it'sa movie in every regard , and painful to watch . [SEP] ]

(a) MLM pre-training

no
utterly v/

: VocabV

label:positive
label:negative v/
Label space Y

Task-specific
head

[ [CLS]| No reason to watch . [SEP] ]

(b) Fine-tuning
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Traditional NLP applications (text)

r
&S

\—

Collection, annotation, ...

\—

Opera’uon I

r EFEEE One-hot vector, TD-ID

Segmentation, stopping Word2Vec
word removal, stemming,

parsing tree, ...

\—

.

LS|, semantics

BIEIE - 2 representation

NER, NEN, Relation
extraction, ....

O eration ll|

Domaln knowledge

rOperatlon Ilj
Similarity measureme




Large Language Model (LLM) enabled NLP applications

Fine-tune @ + 5

Pre-train
s THERERS
o . BERT
XB ~ xxxB 284 GPT
ChatGPT — BIERF &
GPT-4 doc Quest|on/ answer
— HFBMEBEZEZRAS
Retneval / QA /

KM




Large Language Model (LLM) enabled NLP applications (no

fine-tune)
prom pt—usage @

Pre-train

E BERT

XB ~ xxxB 28 GPT

ChatGPT
GPT-4 Prompt: doc, Question Answer

—

\ docs Retrieval / QA Answer /

Length limitation

KM
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In this course

Basics Not included
° Python usage ° Speech

) o Prompt usage
NLP Basics ptusag

> Develop new models

GAl > Solve GAI problems
> Generative Models (text)

° Different Usages of GAI
o GAl-enhanced Application Building

PBL (problem-based learning)
o Real data use case
o Build rich application powered by GAI



In this course

Basic Al / NN NLP Fundamental
° . o

Understanding NN-based Al Natural Language Processing,

Pre-trained models

NLP Task
asks o

Word segmentation, Sentiment
analysis, Summarization

° GAIl Basics

Generative Al models

GAI limitations LLM based Tasks °

Data privacy, hallucination, Pretrained LM usage, Different /
prompt/pre-train/fine-tune Resource-limited GAl
development




Week Topics Note

SCh e d U |e W1 arizE 77 Syllabus / Introduction to NLP

W2 BAESEEZN (1/2) Introduction to NLP (vector space, indexing, parts of speech, phrase
structure)

W3 BAESEEZT (2/2) Introduction to NLP (Language model)
W4 WX FER%REE (1/2) Basic machine learning for text (Text Classification, NB, NN)

Tutorial W5 WX FERN%REE (2/2) Basic machine learning for text (word embedding, text representation)

Repo rti ng W6 Python for text tutorial (1/2)

Exam W7 Python for text tutorial (2/2)

XFEMIVAIET(1/3) Introduction to GAI (text): Word Embeddings, Language Modeling (RNN),
Sequence-to-sequence Models, and Attention Mechanisms, Sub-word Tokenization; Transformers

W9 XFERMICAIRET(2/3) Introduction to GAI (text): ELMo, BERT, GPT, and T5 (BERT and its Family)
XFEMIVAIET(3/3) Introduction to GAI (text): Decoding Strategies and Evaluations for Natural

W38

W10 ;

Language Generation
W11 RSB E2F)IAR (1/3): Large language model concept and training (GPT-3, InstructGPT, RLHF)
W12 BEEARTBFI4R (2/3): Parameter Efficient Fine-Tuning (PEFT)

RE RN BEFIAR (2/3): Introduction and Review technique of Retrieval Augmented Generation

Wi3 (RAG) |

AESER EAZ)I%R (2/3): Introduction and Review technique of Retrieval Augmented Generation
W14

(RAG) I
W15 Term project presentation (1/2)
W16 Term project presentation (2/2)

W17 Term Project (demo) (optional)
.I ! 2: - W18 Term Project (demo) (optional) .



Grading

Assign ments 70 % This course is X-class in NTHU, you can enroll other

. courses with the same time slots in NTHU.
>4 assignments for each student
> Coding needed

We will organize the schedule of the term project
demonstration and live presentation.

Final project 30 %
° #group members=3~4
o Proposal (6%) / Progress report (6%) / Poster (6%) / Report (12%)

> The loading of Single assignments will be "fine-tuned” according to the
alternative designs. Their credits will also be slightly changed (-3%~+3%)
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Term Project

(o s

wr/ERIRRNLP LLM rCompetitions Open Real
EFFEIR Applications | | /Kaggle tasks | | Data Solving
\— \— \—

A No GPU A Performance is A 2-round A
3~4N—48 ed not the only presentation /
\_ AN provide y kevaluation matrixj \ demonstrationj

KM




Computation Resources from TAICA

ORERE 9BE£128 (3@R ) - BERFKERAHE 90 KRNEBERL -
=HBEARATREERNY

ORFREES | %R 9 St - MalIS=Z LI MES - SRz
- 100 ZEHE iRk ( SEMRRAY 300 75 ) : 100 #
- 500 EEIoIRE ( BERSEA) 1500 7T ) 40 &

COWait for announcement



Homework evaluation

- -
Human-TA#EY GPT-TA 8/

\_ \_
F ) F )
Code / Results Discussion
Evaluation Fvaluation
_ ) )

Your Insight, not GPT insight

KM




58 FHCam & s b — B HEF B JIE, AR A8 ARISOENZI1001E 2

arr[], n) {

s i< - 1 ien < U ERRA I F AT Abug, IRAESHBIdebug
J=0;3<n-1-

(arr[j] > arr[j + 1]) {

temp = arr[j];

arr[j] = arr[j + 11;

arr[j + 1] = temp; FEF I > MMEBXH » MEZBINCAREFIET —THEIR ° AT #include <stdlib.h>"
" #include <time.h> MAE L > N1Z5CEIE “<stdlib.h> B EE "<time.h>" o tE7h 5 1
{8 “rand() “ERAELZ R » NIZIBA “srand() XIAERENEE RN ZE - TEHZEZEEMNN
g :
() {

numbers[50];

srand(time( ));

( i=0;1c< ;i) {

numberslil = rand() % +



Common Sense

e BRERNBREGEIZET e HERMIERRIZIET

SRERBRE—EAENSMH - EOE—ELBRRRNER - W2 BEE—EFEEASENGER  BEREHE/NRANKETS - WRIFIEHALET > &

TEMIBFE - AT B — L] BE B BNHARA LEER B33 £ RVEE - ENEREUA F &M -
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Instructors and TAs

=|nstructors:
- Hung-Yu Kao &% &E 633 (hykao@cs.nthu.edu.tw)

= TAS:
= HEEE 6F, Room 634 IKM lab.

=Course website
= NTU Cool (https://cool.ntu.edu.tw/courses/50371/modules)
= Github (https://github.com/IKMLab/NTHU Natural Language Processing)
= NTHU(eeclasss, TBA)



https://cool.ntu.edu.tw/courses/50371/modules
https://github.com/IKMLab/NTHU_Natural_Language_Processing
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