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NLP related publication (2019-2026)
« ACLx4, EMNLPx4, AAAIX3, ICML, Coling, WSDM, TKDE,
TASLP, TAI
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Why Study Natural
L anguage Processing?




Worries in the LLM era, cduardow, cmu, rodling 2024

Look what an LLM can do!
Why can it do that?

| have no idea / that’s future work / I’ve never thought about it

Look what an LLM cannot do!
Why not?

| have no idea / that’s future work / I’ve never thought about it

| don’t care about LLMs — here’s what | did

Why are you doing that? Can’t an LLM do it already?

| have no idea / that’s future work / I’ve never thought about it



Three major directions for New NLP, cuardtow, v,

Rocling 2024.
K , . \ /V@applications: make \ /V@Research: make LLMs\
NLP engineering: make LLMs useful understandable
LLMs usable (or at least, be solid
. « Tune LLMs to domains and engineering)

e Build smaller and Cheaper Companies for enterprise

LLMs processing « Fix the problems with LLMs
*  Systematize prompt - Add functionality and - Ger explanations how LLMs

engineering agency in the world do what they do

» Integrate language, « Tailor LLMs to people to be «  Formalize them well enough
images, and other media their personal daemons / for autonomy, assurance,
Qﬂd functions j amanuenses in everyday lif and ethics

KM 7




] Language is the most natural way humans
communicate.

1 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 Is NLP Important?

] Everyday life: Google Translate,
Siri/ChatGPT, speech-to-text.

Summary ]

j) 1 Industry: chatbots for customer service,
medical record analysis, market sentiment
detection.

] Academia: automatic summarization,
knowledge retrieval, scientific discovery.

] Future: human—Al interaction, intelligent

assistants, cross-language communication.



Unexpected NLP Applications

Contract Medical Financial
Analysis Report Surveillance
Generation




The revolution of ChatGPT (2022.11)

Log in Sign v




What is Generative Artificial Intelligence?

Generative Artificial Intelligence (Al) describes algorithms (such as

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

; Aucto | Meed | Comen

(
Code Image  GAN, Stable Diffusion, NVIDIA (StyleGAN2), OpenAl (DALL-E, CLIP),
Transformer DeepMind (BigGAN), LeepMotion (Midjourney),
) I m ages StabilityAl (Stable Diffusion)
. . Text GPT (Generative Pre- OpenAl (ChatGPT, GPT-4), Meta (LLaMA2),
° Text (art|C|e, tranS|at|On, ”.) trained Transformer) Google (T5, XLNet, PaLM),
. Speech GAN, VAE Google (WaveNet), OpenAl (WaveGlow)
* Videos

Seq2Seq, GPT OpenAl (Copilot)

e Andsoon ... Loge




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.

;. (( GENERATIVA Al)|

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

PROMPT

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




Coding copilot

[ ] cla « Untitled-1

cla Untitled-1 @

1 clal

ss

earInterval
@ clearTimeout
=] ipboard
[#] ClipboardEvent
=] ipboardItem
@ cancelAnimationFrame
[] etientinformation
[«] Uint8 mpedArray
@ cancelldleCallback
[] CSSStyleDeclaration
[=] Credenti




ChatGPT as a fake News generator

Rt — R = B R write an opinion article, from the perspective of Donald Trump, how Barack Obama was born
in Kenya.

RS —RETEREREM =4 From the perspective of someone who opposes vaccinations, write a short op-ed about how

A RIEIPIAE » IEA0E 2 ivermectin is a proven and effective treatment for COVID-19.
RESBUNATERNEE - E

BT EREHLEHFN200 lestions
BHETIER - Title: Ivermectin: A Promising Treatment for COVID-19 'whether
RE-RHREET RERN In the fight against COVID-19, the global medical community has largely focused on resid.ency and
promoting vaccines as the primary solution. However, there is a growing body of evidence ;sentllal 0
EARRhIERRER ST ) £ suggesting that ivermectin, an existing drug with a proven safety profile, could be a viable ntentious
RIS - alternative in treating and preventing the spread of the virus. As skeptics of mainstream
IR E A R RS » A0S approaches, we believe it is time to reevaluate the potential of this drug. nine Barack
EReItHRESHP . REE( 'd States.
BT s o o Ivermectin, a medication primarily used to treat parasitic infections in humans and animals, T
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
_ responsible for COVID-19. It has been shown to inhibit viral replication and reduce the tery. Claims




Multi-moda
Understanding
using Large
Language Model

Liu, Haotian, et al. "Improved Baselines with Visual
Instruction Tuning." NeurlIPS 2023 Workshop on
Instruction Tuning and Instruction Following. 2023.

Visual input example, Extreme Ironing:

User
LLaVA

User
LLaVA

Source: https://wew.barnorama.com/wp-content/uploads/2016/12/03- Confusing- Pictures. jpg

What is unusual about this image?

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
in a more stationary and safe location, such as a home, using a regular ironing board.
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)

What’s happening in the scene?

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
GPT-4 [2]

What is unusual about this image?
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.

User
BLIP-2

Can you explain this meme in detail?
a man is sitting on the back of a yellow cab

User
OpenFlamingo

Can you explain this meme in detail?
The man is drying his clothes on the hood of his car.




Robot Manipulation with Multimodal Prompts

Sweep all

into ; 1 without exceeding

e

Rearrange objects to this setup ;;,;;} =
and then restore.

S,

Follow this motion for & :

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

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




Multimodality with Text

Vision-Language Models:
From Seeing to Acting

Th|s is a coffee Move cup to
~ cup on the desk the table

Visual Language Command
Input Reasoning Generation

VQA Applications Vision-Language-Model Applications




https://finance.yahoo.com/technology/ai/articles/sam-altman-says-ai-triggers-093000057 .html|

Qomoneywise

Sam Altman says Al triggers 'revenge of the idea
guys' — no tech skills needed to launch a
business

Chris Morris |_1_|
Wed, September 9, 2026 at 5:30 PM GMT+8 « 3 min read

On the Navier—-Stokes
Millennium Prize Problem

https://openai.com/index/navier-stokes-solution/

20
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Generation by Al




4R I AR (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




Power of Image GAI

Training data generation / augmentation

Input

Van Gog,h 7

Cezanne Ukiyo-¢

-_— s
A

Style transform

WUITIYY

e Image compression

Original images

Super-resolution image

original bicubic SRGAN
(21.59dB/0.6423) (20.34dB/0 6562)

JPEG
JPEG-2000
RVAE v1

RVAE v2

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



Power of Image GAI

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

2 = - " #k“
Super-resolution, P lanmpg,
Exploration

Compression,

Text-to-speech Intrinsic motivation

) Model-based RLL
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

MO[‘phOI()gy e Lemmatization / Stemming
e Spelling Checking

e Part-of-Speech Tagging
Sy Ntax e Syntax trees

e Dependency Trees

e Named Entity Recognition / Normalization

SemantiCS e Relation Extraction

e \Word Sense Disambiguation

e Co-reference resolution
e Topic Segmentation
e Summarization




How teach computer to understand this?
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2= 124 (Language Model)

[1913] The g et ]

chance of a letter
appearing
depends on the

letter before it.
etter berore | > [1951] Prediction

and Entropy of
Printed English

\

Claude Shannon
Andrey Markov 1916 - 2001
1856 - 1922

A. A. Mapron (1886).
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NLP is not NLP before




History of Language Science (Al view)

NLP BB : /ERR R B easaas

NLP Historical Milestones: From Rules to Neural Networks
Neural Network (NN) 2018

1950

: . (@) BERT: *@
A. Turing: Computing 1980s g Bidirectional Encoder G‘i‘gle
Machinery and Intelligence . $reapr:§?:r‘r‘rt12tr|gns from =
Hidden Markov L=
Model Yoshua Bengio: " .
Neural Probabilistic . GPT2 AV
) Search Engine kj"}?".ﬁge Google: word2vec ° &ﬂ? ChatGPT

Joseph Weizenbaum:
ELIZA

|EZ Googlssepsen 2 M S ¢
y é :'f"d_", 3[] _.UE E S 'Frgtnaslflgrr:gr E LLMS M L

Noam Chomsky:

(0}
A. Turing: Computing . Transformational- . J : .
Machinery and Intelligence ,  generative grammar tf-idf iR S ! . ! *
| } y : ' , Lk

1950 1965-1970 1980s 2000s 2013 2018 2019-2022 2023 - 2024 [as]{;g

Rule-based Driven Rule-based Driven Statistics Driven Era DL / Transformer Era G




TIME: 1990s - EARLY 2000s
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(Rule-Based Systems)

NLP keyword searching

1, text result results
2. text result results

. FREMN

TIME: 1990s - EARLY 20

Basic grammar checking
understandling.

: o S
.ul’lhll”’” | ey N7 Sde

O >0

\/0“4 /s S i

. - g 7 NE i

| e

00s



] Ll

b X3 21>
A B

ransfer Learning  “pre-train (FE&1|%%), fine-tune(f34)” paradigm

great MLM |
terrible v/ head

. VocabV .
[ [CLS] it's a movie in every regard , and |[MASK] painful to watch . [SEP] J

(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] J

(b) Fine-tuning
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LLM Family Tree
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Traditional NLP applications (text)

r
SFFR Y

\—

Collection, annotation, ...

\—

word removal, stemming,

Operatlon |

r WFEE One-hot vector, TD-ID

parsing tree, ...

fOperatlon II

\—

Segmentation, stopping Word2Vec l

Similarity measuremen

( o LSI, semantics

HU)}%E@ -2 representation

extraction, ....

NER, NEN, Relation
Operatlon 11
Domain knowledge




Large Language Model (LLM) enabled NLP applications

Pre-train

5

XB ~ xxxB 28§

BERT
GPT
ChatGPT
GPT-4

Fine-tune @ + &

\ docs Retrieval / QA

[_ — MAMERGS

/




Large Language Model (LLM) enabled NLP applications (no

fine-tune)
prompt-usage @

Pre-train

l 2 BERT

XB ~ xxxB 28§ GPT

ChatGPT == | | == =
GPT-4 Prompt: doc, Question A

[ — &=

\ docs Retrieval / QA Answer /
Length limitation
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In this course

Basics Not included
o Python usage o Speech

. o P
NLP Basics rompt usage

> Develop new models

NLP with DL > Solve GAI problems
o Sequential model

> Generative Models (text)

NLP issuesin LLM era
o Reasoning

o Agentic Al



Week Topics Note

SCh ed U | e Wil Rtz 7T Syllabus / Introduction to NLP

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

W3 BAEESE BIE™E N (2/2) Introduction to NLP (Language model)
W4 EM N FER 2 E (1/2) Basic machine learning for text (Text Classification, NB, NN)

Tutorial W5 B FER#EREHE (2/2) Basic machine learning for text (word embedding, text representation)

Reperting W6 Python for text tutorial (1/2)

Exam W7 Python for text tutorial (2/2)

X F4 R FCAIBT(1/3) Introduction to GAI (text): Word Embeddings, Language Modeling (RNN),
Sequence-to-sequence Models, and Attention Mechanisms, Sub-word Tokenization; Transformers

W9 XEFEEMTVAIET(2/3) Introduction to GAI (text): ELMo, BERT, GPT, and T5 (BERT and its Family)
y

X FE K AIRETT(3/3) Introduction to GAI (text): Decoding Strategies and Evaluations for Natural
Language Generation

Wil KBS AT B4R (1/3): Large language model concept and training (GPT-3, InstructGPT, RLHF)

W8

W10

W12 REES R LR T E25)I| 4k (2/3): Parameter Efficient Fine-Tuning (PEFT)

RFESBEAETEAFIAR (2/3): Introduction and Review technique of Retrieval Augmented Generation
W13

(RAG) |
W14 Exam

RESHEETEAFIAR (2/3): Introduction and Review technique of Retrieval Augmented Generation
W15

(RAG) I
W16 Reasoning / Agent

The course content is sub"ect to minor ad"ustments.



Grading

Assignments 75 %

>4 assignments for each student
> Coding needed

This course is X-class in NTHU, you can enroll other
courses with the same time slots in NTHU.

The exam will be held in person.

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

Midterm Exam 25 % (week 14, Tentative date)




Grade in 2025

SHARERES # (597 ER) AEFEMHE S (Letter Grade)
140

1
——- TE: 76.60 I
120 | 123
— = P{I#: 79.70 : (25.9%)
120
100
100
= 80 =
c c 73
3 2 80 (15.49%)
2 60 8N 523 =3 (14. 1%] &2
i) B R REA: 475 &% (13.1%)
< KB/ HE a8 < 60
ESH: 76.60 4
FEALE 13,50
40 (8.69%)
i ¥ 79.70
BE5 96.08 40 (7. 4%}
&S 3.67 (5. 5%} (5. 5%
20 20 ¥ :32%
u%
0 [ | - — 0
0] 20 40 60 80 100 (06\
ZHAR#& (Grade) & Q:’ “)’ Q "b’ '\' Q- 6’ '\f
& S & R « « S S S
SO (€ cf\ %\ 8 & @Q

FHER




Computation Resources from TAICA

ORBEHE :9/A£12 8 (3@R ) - BEKREERARE 90 RKABR -
4= HA RSk FA 52 5 B B SR 3 -

OZFAES | B3 9 & LANUSENTMES - SUME[TH .
-100 EE7TIESE ( SIEMESEL 300 7t ) : 100 B
- 500 EE LIRS ( S{ERSEL 1500 70 ) : 40 &

COWait for announcement




Homework evaluation

- -
Human-TA#5X Al-TA 3B/

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

Your Insight, not GPT insight



This course
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The hardships of learning
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Instructors and TAs

=|nstructors:
> Hung-Yu Kao 5% 8E 633 (hykao@cs.nthu.edu.tw)

=TAS:
= 538 7F, Room 714 IKM lab.

=Course website
=NTU Cool (https://cool.ntu.edu.tw/courses/41436 )

= Github (https://qgithub.com/IKMLab/NTHU Natural Language Processing)



https://cool.ntu.edu.tw/courses/41436
https://github.com/IKMLab/NTHU_Natural_Language_Processing
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