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PAKDD 2023 Tutorial
https://pakdd2023.org/tutorials/

THE 27TH PACIFIC-ASIA CONFERENCE ON KNOWLEDGE DISCOVERY AND DATA MINING 3‘ E N L P'IIJ} ;‘E% l’j_l (j-

25-28 May, 2023, Osaka, Japan

GRAND FRONT OSAKA

Organizations Program Participants Only Sponsors

T2: A Gentle Introduction to Technologies Behind Language Models and
Recent Achievement in ChatGPT (9:00-11:00)

Speakers:
Jun Suzuki (Tohoku University), Naoaki Okazaki (Tokyo Institute of Technology), Kyosuke Nishida (NTT Corporation)
Abstract:

Language models (LMs) have a long history in natural language processing (NLP) research. Their usage was mainly a text generation module in machine
translation and speech recognition systems, used together with translation models or acoustic models. After the current neural era, LMs take a more essential
role in the NLP field. In fact, LMs are integrated into any models/systems to tackle almost all the NLP tasks and provide state-of-the-art performance on
conventional benchmarks. The usage of LMs is considered to be shifting to more like a world model of languages or a general-purpose feature generator of any
language-related tasks. More recently, the public sometimes treats LMs like ChatGPT, and its successor GPT-4, as general-purpose Al after starting an online
service in the public domain. This tutorial will first introduce some introductory topics we should know when discussing the recent advances in LMs like ChatGPT.
We will then briefly introduce the technologies behind ChatGPT-like LMs. Additionally, we also provide ChatGPT's social impacts discussed recently in public.

Tutorial Notes:

Part1 &2
Part3& 4[4
Part 54
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SBETILDOA: n-gram SEBETIL Y

TOHOKU
e Example: Google n-gram
BLOG Context Y<; Target word Yj Count Probibility
All Our N-gram are Belong to You f * hF — v '
serve as the incoming 92 0.00049

THURSDAY, AUGUST 03, 2006 serve as the independent 794 0.00423
Posted by Alex Franz and Thorsten Brants, Google Machine Translation Team serve das t h e .L n d ex 2 2 3 @ @01 19
Here at Google Research we have been using word n-gram models for a variety serve as the 'I. nd1 CCIti on 72 @ . @@@38
of R&D projects, such as statistical machine translation, speech recognition, serve as the 'I. nd'l. cator 12@ @ @@@64
spelling correction, entity detection., information ex.tr'action, and others.. YVhiIe serve as the 'I. nd'l. CCItO rs 45 @ ®®®24
such models have usually been estimated from training corpora containing at h . d . b]. 111 @ @@@59
most a few billion words, we have been harnessing the vast power of Google's serve as tne 1‘ n 1‘ spensq e *
datacenters and distributed processing infrastructure to process larger and serve das the 1— nd-l- SpenS 1 b]- e 4® 0 . ®®®2 1
larger training corpora. We found that there's no data like more data, and serve as the individual 234 0.00125
scaled up the size of our data by one order of magnitude, and then another, and serve as the 1 nhdust ri al 52 0.00028
then one more - resulting in a training corpus of (one trillion words from public serve as the indust ry 007 0.00324
Web pages. serve as the info 42 ©.00022

_ _ _ serve as the informal 102 0.00054
We believe that the entire research community can benefit from access to such th . 'F t . 838 @ @@447
massive amounts of data. It will advance the state of the art, it will focus Serve das e 1‘ nrorma :Lon )
research in the promising direction of large-scale, data-driven approaches, and serve as the }nfOI_"matlonal 41 @ . ®®®22
it will allow all research groups, no matter how large or small their computing serve as the 1initi Cﬂ- 5331 @ . @2843
resources, to play together. That's why we decided to share this enormous serve as the initiati ng 125 0.00067
dataset with everyone. We processed(1,024,908,267,229 words of running text serve as the initiation 63 0.00034
and are publishing the counts for all’1,176,470,663 five-word sequences that serve as the 'I. n-i_ t'l. CItO r 81 @ . @@@43
appear at least 40 times. There are 13,588,391 unique words, after discarding serve as the ............

words that appear less than 200 times.

https://ai.googleblog.com/2006/08/all-our-n-gram-are-belong-to-you.html Total 187431
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SDSHBEETILDENT
o EFIHERULBHIOLES LSZEA

Bl : HEHEAER (Statistical Machine Translation: SMT)

ol

][l

Input text Output text
 HI YWUY1 KKIUH WKUYN LO WUNI O DOV ##

IIIIIIIIII

ransiation (intermediate) Translation LM

Candidates score score

&’# O#’(“ 21.5 X 21.5
00)” LOW) 145.2 x 35.2
7PV 3.2 X 21.2
#Ht #Hf! 111.2 X 11.2
000000 72 .4 X .
danguage ™) 9.2 x 32.4

Model (LM Ho-2
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o SETETIL (EXRTET /L) ZDNNTHE

o [DXAR] => [IEREREEE] Z=n4EEEE U TEE

o XEPDEBFBZWRELTEE

RAEKRZ(E. BPLCROGHE | RICKZ(E. 1907F (B8
Thd "HRE—) & FIP | 40F) [CFRIEBEARFELT

FRL DEBRZE/I, . . . iz L. BN o,
[SCAR) => [LEREREEE [3AR] => [AEAEREEE
_ BRIk RZ | ] => [EBF) Bk R & L ) => [1]
V§Veb£:(<_373%:\( [BRAE K2 & . F] => [LLR] Bk K2 (F . 1] =>[9]
E@g;;i‘ﬁﬁ'\ ¢ (=6 X5 (& ) 25 BOR] => (@] [SRHE R (& 1 1 91 => (0]
[BRIE KF [F L 2BF LR D] => [{5ik) [BRdE KZ E . 1190 = [7]

\/

Za1—JIEZBETILOFRET—H
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Vocabulary = Vocabulary

Vocabulary | Vocabulary
A A A A
this this this this
that that that that
meet meet| meet | meet
have have have have
you you you | you
Nice | Nice Nice Nice
ar max P . Y . .o coe coe .o
gyj e(yj | <J ) to to to to
too too too too
OUTPUT text~> Nice meet
Neural LM (e.g., Generative pre-trained transformer: GPT)

7////

—

e

=
——————

— =

=
= A .

4 0 0 C 000000 T0 0w
We have never met before

9

right 7

Nice to meet you !
NEERXELERAIDBEEN -SBAENOREIPEA

ey}
BR

Nice to

meet you
R EDRS- / Tohoku University Jun Suzuki / 2023.08.21
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— Output
FEZ1—S)LRy kD—H DiE
S S \W — 0% D — Probabilties
RIS — 1 Y S35 2
- Softmax
. - s = jo g2 (Sofimax_]
o 20174 : EICHEWBNRAE UTRSE .
HEREEE TRAIICRIT O
DERESE CRACHRIT > 72
)l D/C - &
BdENEhes CERTAlC LT
I’d like to have an BEAIDFEZHRE hx
aisle seat please. WUET AL
4 1 \ | Add & Norm ;
’_’M‘.M] Multi-Head
Feed Attention
Forward D) Nx
. . -
Attention Is All You Need A . Add & Nom
X T
sl ~EEsEn) | | e
Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit* | kﬁgﬂgﬁd M:::"'_Fad
Google Brain Google Brain Google Research Google Research Dion
avaswani@google.com noam@google.com nikip@google.com usz@google.com S 1
_— J —
Llion Jones* Aidan N. Gomez* Fukasz Kaiser* Positionl D @ Positional
Google Research University of Toronto Google Brain Encoding Encoding
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com Input Output
Embedding Embedding
Tllia Polosukhin* * t I
illia.polosukhin@gmail.com Inputs Outputs
(shifted right)

https://papers.nips.cc/paper files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html

Za1—2IIRY MCEDCAIRMICEWNWTRE

5 BRIMD—2
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[Z2&] Transformer

e 2018: E5BET/LBERT (&GPT) DX—2

JE?‘)IA‘: LU CTHERAE
. = SEORBETILIC

Language Understanding

Jacob Devlin Ming-Wei Chang Kenton Lee
Google AI Language

BERT: Pre-training of Deep Bidirectional Transformers for

Kristina Toutanova

Improving Language Understanding
by Generative Pre-Training

GENERATING WIKIPEDIA BY SUMMARIZING LONG
SEQUENCES

alec@openai.com karthiknQopenai.com tim@openai.com ilyasu@openai.Colltmyms

Peter J. Liu*, Mohammad Saleh;

Alec Radford Karthik Narasimhan Tim Salimans Ilya Sutskever Etienne Pot’, Ben Goodrich, Ryan Sepassi, Lukasz Kaiser, Noam Shazeer
OpenAl OpenAl OpenAl OpenAl Google Brain

Mountain View, CA

...... @ i /abs/1810.04805

20]820]9 ....... 20:

: @®T5 @2019.10
........ @ . :l :]S]C]QEHS

AD RoBERTa @ 2019. 07
cooeo 401D anxiviorg/abs/1907,11692 - - -

% GPT-2 ® 2019.02
openai.com/blog/better-

| language-models/

o 2023BEB-1—FIEBEFIOEEFLTTRE

.l : GPT-3 (ChatGPT/GPT-4), PaLM, LLaMA, OPT, BLOOM, .
o BR/SH/ESUEBRETHLLER
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i
ﬁi LACCESY

o
~ — .
o E(CAttention&EFFNNT
> 4
BRENTWS wEg
GPT-3 12,288 |
Encoder in out bias sub total num total 24—R
embedding 50,257 12,288 0 617,558,016 1 617,558,016 71—};—#“
Position 12,288 4,096 0 50,331,648 1 50,331,648 X N
k 12,288 12,288 12,288 151,007,232 96 14,496,694,272
v 12,288 12,288 12,288 151,007,232 96 14,496,694,272 DILFAY R
q 12,288 12,288 12,288 151,007,232 96  14,496,694,272 AR
out 12,288 12,288 12,288 151,007,232 96 14,496,694,272 \’/ |*< é;
layernorm1 1 12,288 12,288 24,576 96 2,359,296
ff1 12,288 49,152 49,152 604,028,928 96 57,986,777,088 ( ! Pre-LN)
ff2 49,152 12,288 12,288 603,992,064 96 57,983,238,144
layernorm?2 1 12,288 12,288 24,576 96 2,359,296 a
layernorm_last 1 12,288 12,288 24,576 1 24,576 Eﬂf@
174,629,425,152
B

XIEERY B RLAI DB - BRI OREIPBATRIREDMES- / Tohoku University Jun Suzuki / 2023.08.21 23



\

,\
b
7

-a’”\

Pars
\g( 4

Transformer (FEEBEFILISELTNS 2"

e Attention / FFNN &(C X TV & ZFDMED'E LALIE &
B3 7

Query ) A% 1
sBE
e e s
0202 |05 0.0[1.2|[0.0][3.5]1.2]35
‘ Pi i 11
Key 52%
(HFSEER) 7
Value ] =
D175
SH [ BL) BB DOBEB DT

TEERY N E L RRAIDBEIRN —SBRRMORBNIPEAET SRR EDMESR— / Tohoku University Jun Suzuki / 2023.08.21 24



Transformer (EEEEFILICSBELTULWS ? Lol

uuuuuuuu

e Attention / FFNN HC XTED &ZDMEVQE UALIE &
B3 7
$BT— 5 [CBEIHTE BIHE
FEELEBIRL Faik<HE

« Shortcut learning, superficial cues
« (ZDAEDOMENEENRBHRODFEZD XK EKIRIT D2ER?)

'XBRZAT BN aWEBETED

e 122U, TXE; ZAABZUTVABADIFTTIEEGLIARY MLIDIEHR%E
ABZLTVD (LESELTWLD)
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700 GB (ChatGPT)
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XAk = BRX (FO0VTE) EFEZTKL)

o SEBETI  EASNIEXNRICEDVWTXED RS Z

£ (XEDFSE)

OUTPUT text~> Nice to meet you too ...

Neural LM (e.g., Generative pre-trained transformer: GPT) e

ot o+ 4 0000 000

We have never met before , right ? Nice to meet you ! Nice to meet you )

o WiZTKIDERRABNEZENT D EH IR
o IRENFRIGHZEZRALDIDH

=>
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[5Z] SBUBIRDIDESTA

WEX : ZENENDYRD(THRHE LTES
TIL/THEDBE
. BEDYRYDHHREICHRTS S

—DDETILTHSIDBEBUNIEY R
D7%fE< I EZBIET => ERETIL

o IRAEDXFBENELERMAIDETKIT (T5)

["translate English to German: That is good."”

“Das ist gut.”

[ ]
{ﬁu ° ("cola sentence: The course is jumping well..”

-~

“stsb sentencel: The rhino grazed on the grass.
sentence2: A rhino is grazing in a field.”

-~

“summarize: state authorities dispatched
emergency crews tuesday to survey the
damage after an onslaught of severe
weather in mississippi...”

“six people hospitalized
after a storm in attala
county.”

.

“ \\
9\\ é

\\\\«
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® GPT-1 @ 2018.06

@BERT “©2018.10 :
...... @ [ /I :JB]Qangﬁ

20‘]8 ........ 20"9 ....... 20:

(DTS @2019 10
@ : : ] ,]9]0 ]Qﬁﬁ'i ......

Q) RoBERTa ® 20109. 07

Copied from https://ai.googleblog.com/2020/02/exploring-transfer-learning-with-t5.html
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SR (FOVT ) DEXHORS
[ )
o GPT-3: fl:El/ \ (/ _/ ) A BR1d R
° [] ~ \ R E5 ——
« FinetuningZ L7&\L\ / 2RO D ICERZEES
Zero-shot Few-shot
The model predicts the answer given only a natural language In addition to the task description, the model sees a few
description of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description
cheese => prompt sea otter => loutre de mer examples
peppermint => menthe poivrée
SupercLUE Perforiinzm_shot plush girafe => girafe peluche
Eﬁ??ﬁned SOTA —@— One-shot
Few-shot (K=32)
cheese => prompt

80

Fine-tuned BERT++
70 Fine-tuned BERT Large

SuperGLUE Score

Language Models are Few-
Shot Learners
https://arxiv.org/abs/2005.14165

Random Guessing

0.1 04 08 13 26 6.7 13 175
Billions of Parameters in LM
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. o= =+ = Multitask Prompted
o TO: *B T\K%%G) ENE * lJ - Training Enables Zero-
Shot Task Generalization
https://arxiv.org/abs/2110.08207

Summarization

The picture appeared on the wall of a
Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

Graffiti artist Banksy
is believed to be
behind [...]

Sentiment Analysis

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

Question Answering

I know that the answer to “What team did
the Panthers defeat?” is in “The Panthers
finished the regular season [...]". Can
you tell me what it is?

Multi-task training

Zero-shot generalization

Natural Language Inference

Suppose “The banker contacted the professors
and the athlete”. Can we infer that "The
banker contacted the professors"?

HETRIEFEONDZTOYV T L (SEVVIARE
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I . Chain-of-Thought Promptmgu IIIIIIII
® Chaln-of—thought. S h%Z Elicits Reasoning in Large
%&2% Language Models

https://arxiv.org/abs/2201.11903

Chain-of-Thought Prompting

Standard Prompting

>
" Model Input | — / ez Modolinpul:o) —\
; Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many

tennis balls does he have now?

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many Example

tennis balls does he have now?
(One shot) 7

A The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

— each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

| [

Q: The cafeteria had 23 apples. If they used 20 to

. Q: The cafeteria had 23 apples. If they used 20 to
Lnoar:etjﬂgr;:;]d bought 6 more, how many apples — Question — make lunch and bought 6 more, how many apples

\ do they have?

- Model Output
Model Output J
w A: The cafeteria had 23 apples originally. They used

A: The answer is 27. € 20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answer is 9. «/
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LLM S8 News MEEBE HE  AV/—  SmE®  Ee P LLM @Bﬁ/ﬁ\

o  AMBRTIE. BASHBUELSLT
SR RTADHAREBENEXRDOK
BIRSEETIILORFRAEREICDOWLT
EHN(CBHRAEBZITO>TLEXT,

o BHHCIEF. UToBENTEELT
WX,
o A—TVY-RHDBARZEBICELKR

LLM g
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EY SRR OHE
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https://llm-jp.nii.ac.jp/news 1EL_
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o LLMOZE[EXZNIZEBMTIEZZRL

https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/chronicles/10 percent update.md

0 2,000 4,000 6,000 8,000 10k 12k 14k 16k

https://huggingface.co/blog/bloom-megatron-deepspeed#bf16optimizer
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o ChatGPT (NERIXE£MA) £l&?

=> WX DIERZZ (F{T(F
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o FXIlT
o HEEIEEBETI
o OFEEBZa2—3ILRY D—2 (DNN) OF|FE
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o KBHDERE
o XEBHERAI (BEBETI) HO2FKVWKE—BRHIE?
o EEBETIVLIC Transformer (Xf=FXK7cx?
o J0OY7Tbk CRA/FEFHER) DE>HMFE?
o (LLM#EBEDEXDHH)
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