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“Attention is All You Need”, NeurIPS 2017 Al

Transformer
Scaled Dot-Product Attention Multi-Head Attention Model BLEU Training Cost (FLOPs)
1 ode EN-DE EN-FR EN-DE EN-FR
. ByteNet [15] 2375

T L=y Deep-Att + PosUnk [32] 39.2 1.0 - 10%°
MatMul 1 GNMT + RL [31] 24.6 39.92 2.3-10° 1.4.10%
- Concat ConvS2S [8] 25.16  40.46 9.6-10% 1.5.10%
1 MOoE [26] 26.03  40.56 2.0-109 1.2.1020
SoftMax Deep-Att + PosUnk Ensemble [32] 40.4 8.0 - 102
1 i GNMT + RL Ensemble [31] 2630  41.16 1.8-10%°  1.1-10*
S — Scaled Dot-Product f ConvS2S Ensemble [8] 26.36 41.29 7.7-10"  1.2.10%

ask (opt.) Attention Transformer (base model) 27.3 38.1 3.3-10'8

1 1[ il l.l Transformer (big) 28.4 41.0 2.3-10%°

Scale ~ ~1 ~4
Linear J Linear ] Linear J )
Mathul r r r « GoogleZzH MU F— LN 201 75 (CFETR
Q K V « Self AttentionzduCMCUTeRY NI —I481E ()
\ K Q
XIEEDEM(IDay3 TsELET
) . KT e I(EEREE N Rt N T R
{. - ——— = ANY —_—
V Tk {5 : Z55E3Z — Transformer — RAWEE

[1] Ashish Vaswani et al. (2017) “Attention Is All You Need” NeurIPS 2017 X Y 5| H
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“Improving Language Understanding by Generative Pre-training”, 2018 A I
Generative Pretraining Transformer (GPT)

Pre-training (Sa1F38)

Output: word probability
by analyzing text data

1

Transformer

Input: Language models determine
[mask]

Original: Language models determine word
probability by analyzing text data

OpenAllC K N2018F(CHRERENIZETIL
FIFH (CTransformerzF
(TransformerzfE>ZEEETI/L)
BAN(CIIIRICKDEFEZ TransformerT
FHITBLDICFE (EX)
Book Corpus& WD RFEFREFE=FIH
GPT, GPT-2, GPT-3&/\—>2 3> %D
C ECFEBT—IHPOETILE A XHUEN

[2] Alec Radford et al. (2018) “Improving Language Understanding by Generative Pre-training” % &%
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TransformerZz{E>EEEETT I/

Small models (<= 100b parameters)

—
™ @ [ ] .
ELMo GPT-1 BERT RoBERTa  Transformer ELMo
&M 17H 340M 354M 4E5M
Ai2 | ®openal | Google  aMeta Ai2
20184

Large models (>100b parameters)

The base of
ChatGPT

T

LaMDA | GPT-3 Jurassic-1 Gopher MT-NLG
137B 175B 1788 280B 530BE
Google| @openat | Al2dlabs 0‘ DeepMind @
NVIDIA
2 O 2 O E Parent
@ Momentum Works Google

Megatron-LM LLaMA

Google

Chinchilla YaLM ERNIE
658 50B 1008 100E
00Meta { DeepMind Yandex Bal'h'EE

Undisclosed

PalLM-E GPT-4 number of
562B 7 parameters
Google \ @ openAI /
10
20234

HARN(C(FZWWINE2017FEICFHEIA=NI=Transformer&EFE(IN B iEE = FI 8.

GPT-3&E5LBF, KEREZ O (CEROMFRHEENIEBE DOARRSEET L 2HFE.

[3] Momentum Works 2023 “The future by ChatGPT” X » 5| L ,— & k%
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“A Survey of Large Language Models”, 2023F9R(C 701X (BREEMN S5 TI(C11[a]Revision) NI

2020FDGPT-35151%, 2022F&3H SHHERE R (CIEHN.

/,_ S T5 G GShard Publicly Available
N ~~ (1]
2019 — / 7 mT5 M2 panGu-a ®a® Ernie 3.0
2020 2021 _ - Foiu

14 £7. PLUG AL Jurassic-1

GPT-3 @/ ~ _
Codex @ : #ﬂ#l! CPM-2

~ % FLAN
TO 0 910 —— 5 LaMDA

nspur Yuan 1.0
Anthropic [A HyperCLOVA NAVER N\ ) @ AlphaCode
WebG FT@ o 1) Falcon
\ @ Chinchilla
Ernie 3.0 Titan o e InstructGPT 2022 w2 CodeGeeX

Pythia

1 o @ Sparrow
[;nphero {?ude{;eno 13 o uL2 P

-~ 0N ~ S Flan-T5 —
GLaM S MT-NLG [ | OPT {?G \ [ FaL.M (v |Lr-'|-5'r5 Vicuna

. F
- b}
GPT-NeoX-20B ) 9 e « Flan-PalM " &) panGu-x

HLLAWET

. -~ N I t Luminous
BLOOM 0 GLM (5 Tk-Instruct A2 \ / }‘ 5 Bard

s NLLB
mTh Coh ’ 10} G'CJ
Alesat™ @) ohere / ~ ) LLaMA

BLOOMZ, 0 11-12 e |
Wel.M m 2023 —— | 6
Galatica () /\
OPT-IML () ChatGPT @ G PT-I@

[4] Wayne Xin Zhao et al. (2023), “A Survey of Large Language Models” X Y 51 H

1
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IRMEVWEXKLLMZZESADD ? 1. Scaling and Emergence Al

Scaling Law Emergent Ability

? —a— LaMDA —=— GPT-3 —4— Gopher —&— Chinchilla —@—PalM - -- Random
E | (A) Mod. arithmetic (B) IPA transliterate (C) Word unscramble (D) Figure of speech
50 50 50 50
_ 40t 40 + S 40 sS40}
ol = =~ = =
(73] 30 & 30 =30 <= 30
7] g = E E
O § 20 = 20 Eap E9p
| : m 2 o
- 4 <10 10 510 * 510
'E"I 0 of - --- 0} -—emenn®_ _ . 0
Iu__'} 10" 107" 10** 10™ 10 10* 10*% 10™ 10" 10*" 10%* 10* 10 10%" 10*% 10%
(E) Truthful QA (F) Grounded mappings (G) Multi-task NLU (H) Word in context
70 70 70 70
A
8% —0.050 60 60 60 60
L=(Cmninf2.3+10%)7% & 50 & 50 S50 S 50 | - w-animsngagf- -
=40 =40 | =40 = 40 |
2 g 7 _c - 1 1 2 30 2 30 g 30 £ 30
10° 10~ 10— 10~ 10~ 10 I [ NS
220 220 220 220
10 10 10 10
Compute ob ok el ok
107 10*%  10* 0% 10% 10 10 10*?  10* 0% 10* 100%™

PF-days, non-embedding Model scalc (trining FLOPS)

3DDZEHICEATINEIRCHOTLEND.  EFIHAINDNERREEDHET DI R INEFE
STEER C, T~y MIAZ D, JISA—FHN

[5] Jared Kaplan et al. (2020), “Scaling Laws for Neural Language Models” X b 5[ (/£X)
[6] Jason Wei et al. (2022), “Emergent Abilities of Large Language Models” X Y 51 (£ X))
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TransformerzfE> /=55

T (i)

Small models (<= 100b parameters)

— "
e @ ] ® & .
ELMo GPT-1 BERT RoBERTa  Transformer ELMo GPT-2 Megatron-LM
BsM 17M 340M 354M LB5M 1.5B a.3B
Ai2 | ®opena1 | Google  coMeta Ai2 @ OpenAT &=
20184F \—

Large models (>100b parameters)

The base of
ChatGPT

T

LaMDA | GPT-3 ] Jurassic-1 Gopher MT-NLG PalLM
1378 1758 1788 280B 5306 540B
Google| ®orenat | ARtIabs ) DeepMind A Google
nviDiA
2 O 2 O E Parent
@ Momentum Works Goc-gle

GPT-3&E5LBF, KEREZ O (CEROMFRHEENIEBE DOARRSEET L 2HFE.

o ©» O ©

LLaMA Chinchilla YaLM ERNIE
658 BOB 1008 1008

oMeta G DeepMind Yandex Bai'bte®

PaLM-E GPT-4
5628 772

Google \ @ openAI

Undisclosed
number of
parameters

/

20234"
HARN(C(FZWWINE2017FEICFHEIA=NI=Transformer&EFE(IN B iEE = FI 8.

[3] Momentum Works 2023 “The future by ChatGPT” X b 5| L,—&fck %
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“Language Models are Few-Shot Learners”, 2020 A I

GPT-3DFB®>T—HE

GPT-3DFRIFE b—I > - #95000f8 b= > *DFF X hEFIF

Quantity =02 L, SEAINMIEY DEA.

Dataset (tokens) AAEEE EAKINFL =2 >
Common Crawl (filtered) 410 billion . *TEETU\S EGPT-3(3#950075 M CAE
WebText2 19 billion )
Books] 12 billion 2% | RAKEEN 1130751,
Books2 55 billion ESMEEEH 470075
Wikipedia 3 billion

. ¥ —JIBIR(C & B & GPT-4(3#0 1. 3T

[7] Tom Brown et al. (2020), “Language Models are Few-Shot Learners”, Neur[PS2020 X Y 5|
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m AT | BDEREEEDEABEL M

GPU (H100, A100, V100/3:¢&) FKFIHAESNBGPUIS A *

mABCI (EERHH)

960&EmMA100 GPU
(EREARRE) d\p ABCI

I Bridging Cloud Infrastructure

m Byt dDIaasS
AWS (Amazon), GCP (Google), Azure (Microsoft)

a

Google Cloud

GPT31H=ZDizE : A100 x 1200&% x 30H
GPT4f8=50Di%5 : A100 x 25000 x 100H

(GPU®DE&) https://www.scsk.jp/sp/nvidia/ai-server/index.htmil8] i o — e
*GPUZES LTITER DT BT

(ABCI® 1 ) https://abci.ai/ja/!¥!

(AWS® 1 =) https://aws.amazon.com/jp/! 35 t &D_CTIEE'G:I\ZQ_ 5 :/Xj__A : t

(Google Cloud® B =) https://dev.classmethod.jp/referencecat/classmethod-google-cloud-advent-calendar-2021/1'11

(Azure® A I)https://1000logos.net/microsoft-azure-logo/!12
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Translation (Few-Shot)

Translate English to French: fask descriphion
Pre_tralr“ng (%ﬁﬁ?:’é‘) sea otter == loutre de mer EERTIHES
peppermint => menthe poivrée
OUtpL’It: Word prObablllty plush girafe == girafe peluche

by analyzing text data

S T .
1 chesegsg == rrarmpd

LLMs (Transformer) Translation (Zero-Shot)
Input: Language models determine Tranelste English 2o Frenth: -
[maSk] cheggsg =k

Original: Language models determine word

probability by analyzing text data Summarization (Zero-Shot)

« Starting with “TL;DR" drastically
improves the performance

Many other examples

[7] Tom Brown et al. (2020), “Language Models are Few-Shot Learners” X 0 5|
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Pre-train, Prompt, Predict M

13K
Paradigm Engineering Task Relation
CLS TAG - = = b e
a. Fully Supervised Learning Features O w [ gza‘_ t ((_iET)bE;%
(Non-Neural Network) iﬁéﬁfg?‘;:;;:;w‘ part-of-speech, _ (N NJ//(91‘)
L || GEN
CLS TAG — —_—— A% 337
b. Fully Supervised Learnin Architecture O w [ FARAIZLICETNZFE
. Y Supervis & (e.g. convolutional, recurrent, ] (N N)
(Newral Network) self-attentional)
L [ ] GEN
CLS - TAG —
o Objective 1 H. v B EFIWeHBUTEE
c. Pre-train, Fine-tune (e.g. masked langu.ag.c modeling, (] (Fine-Tuning)
next sentence prediction)
-] GEN
CLs ™ TAG . - e
= M = > — ~RZAN
d. Pre-train, Prompt, Predict Prompt (e.g. cloze, prefix) iy :ETJL’E(IIDEE L/;CJ:EI?_\%_:RE
romptn
==GEN P d
[9] Pengfei Liu et al. (2021), iﬁ-{ﬁ

“Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing” X v 5|
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"On the Opportunities and Risks of Foundation Models”, 2021

M

m {5 | Foundation Model (B2E5)L)

On the Opportunities and Risks of
Foundation Models

Rishi Bommasani®* Drew A. Hudson Ehsan Adeli Russ Altman Simran Arora
Sydney von Arx Michael S. Bernstein Jeannette Bohg Antoine Bosselut Emma Brunskill
Erik Brynjolfsson Shyamal Buch Dallas Card Rodrigo Castellon Niladri Chatterji
Annie Chen Kathleen Creel Jared Quincy Davis Dorottya Demszky Chris Donahue
Moussa Doumbouya Esin Durmus Stefano Ermon John Etchemendy Kawin Ethayarajh
Li Fei-Fei Chelsea Finn Trevor Gale Lauren Gillespie Karan Goel Noah Goodman
Shelby Grossman Neel Guha Tatsunori Hashimoto Peter Henderson John Hewitt
Daniel E. Ho Jenny Hong Kyle Hsu Jing Huang ThomasIcard Saahil Jain
Dan Jurafsky Pratyusha Kalluri Siddharth Karamcheti Geoff Keeling Fereshte Khani
Omar Khattab Pang Wei Koh Mark Krass Ranjay Krishna Rohith Kuditipudi
Ananya Kumar Faisal Ladhak MinaLee Tony Lee Jure Leskovec Isabelle Levent
Xiang LisaLi XuechenLi TengyuMa Ali Malik Christopher D. Manning
Suvir Mirchandani Eric Mitchell Zanele Munyikwa Suraj Nair Awvanika Narayan
Deepak Narayanan Ben Newman Allen Nie Juan Carlos Niebles Hamed Nilforoshan
Julian Nyarko Giray Ogut Laurel Orr Isabel Papadimitriou Joon Sung Park Chris Piech
Eva Portelance Christopher Potts Aditi Raghunathan Rob Reich Hongyu Ren
Frieda Rong Yusuf Roohani Camilo Ruiz Jack Ryan Christopher Ré Dorsa Sadigh
Shiori Sagawa Keshav Santhanam Andy Shih Krishnan Srinivasan Alex Tamkin
Rohan Taori Armin W. Thomas Florian Tramér Rose E. Wang William Wang Bohan Wu
Jiajun Wu  Yuhuai Wu Sang Michael Xie Michihiro Yasunaga Jiaxuan You Matei Zaharia
Michael Zhang Tianyi Zhang Xikun Zhang Yuhui Zhang Lucia Zheng Kaitlyn Zhou
Percy Liang*!

Center for Research on Foundation Models (CRFM) — Stanford University

2021/8/16¢)HDRIA b
R=N\-TEIBULEE

Stanford DERZTHERI DZAFMCEHRDT
W5 (Fi#%)

ZERIGI A CERA B REREXRET IV
(C&BINSHA LS TR

(Abstractd D 3k#%)
“Al is undergoing a paradigm shift with the
rise of models (e.q., BERT, DALL-E, GPT-
3) that are trained on broad data at scale
and are adaptable to a wide range of
downstream tasks. We call these models
foundation models to underscore their
critically central yet incomplete character”

[10] Rishi Bommasani et al. (2021) “On the Opportunities and Risks of Foundation Models & 9 5[ L ,—&RkZ

18

LM XIRIEEEET LA EBEERN © 2023 by HRAFMEMIE is licensed under CC BY-NC-ND 4.0



https://weblab.t.u-tokyo.ac.jp/llm_contents/
https://weblab.t.u-tokyo.ac.jp/
http://creativecommons.org/licenses/by-nc-nd/4.0/?ref=chooser-v1
https://arxiv.org/abs/2108.07258

GPT-4DEFIAN

% (“GPT-4 Technical Report”, 2023)

Exam

GPT-4

GPT-4 {no vision)

GPT-3.5

Uniform Bar Exam (MBE+MEE+MPT)
LSAT
SAT Evidence-Based Reading & Writing
SAT Math
Graduate Record Examination (GRE) Quantitative
Graduate Record Examination (GRE) Verbal
Graduate Record Examination (GRE) Writing
USABO Semifinal Exam 2020
USNCO Local Section Exam 2022
Medical Knowledge Self- Assessment Program
Codeforces Rating
AP Art History
AP Biology
AP Calculus BC
AF Chemistry
AP English Language and Composition
AP English Literaure and Composition
AP Environmental Science
AP Macroeconomics
AP Microeconomics
AP Physics 2
AP Psychology
AP Statistics
AP US Government
AF US History
AP World History
AMC 10
AMC 12°
Introductory Sommelier (theory knowledge)
Certified Sommelier (theory knowledge)
Advanced Sommelier (theory knowledge)
Leetcode (easy)
Leetcode (medium)

Leetcode (hard)

298 1 400 (~90th)
163 (~BSth)
T10/ BO0 (~93rd)
T00 / BO0 (~BYth)
163§ 170 (~50th)
169 ¢ 170 (~99th)
4/ 6 (~54th)
87 £ 150 (9%9th - 100th)
36/ 60
75 %

392 (below 5th)
5 (B6ih - 100th)
5 (B5th - 100th)
4 (43rd - 59th)
4 (71st - 88th)

2 (14th - 44th)
2 (8th - 22nd)

5 (91st - 100th)
5 (B4th - 100th)
5 (82nd - 100th)
4 (bbth - B4ih)
5 (83rd - 100th)
5 (85th - 100th)
5 (B8th - 100th)
5 (89th - 100th)
4 (65th - ETth)
307 150 (6th - 12th)
60/ 150 (45th - 66th)
92 %

86 T
7%
i1/ 41
21/ 80
3/45

298 /400 (~90th)
161 (~B3rd)
T107 800 (~93rd)
6890/ BOD (~B9th)
157 £ 170 (~62nd)
165 / 170 (~26th)
4./ 6 (~54th)
87/ 150 (99th - 10dth)
38/60
75 %

3492 (below Sth)
5 (B6th - 10dth)
5 (85th - 10dth)
4 (43rd - 59th)
4 (T1st - B¥th)
2 (14th - 44th)

2 (&th - 22nd)
5(91st - 100th)
5 (%4th - 10dth)
4 (60th - ¥2nd)
4 (6bth - Bdih)

5 (83rd - 100th)
5 (85th - 100th)
5 (88th - 1(dith)
4 (T4th - 89th)

4 (65th - 8Tth)
36/ 150 (1(th - 19th)
48 1 150 (19th - 40th)
92 %

RO %
7T %
31/41
21 /80
3745

213 /400 (~10th)
149 (~40th)
670/ 800 (~E7th)
590/ 800 (~70th)
147 1 170 (~25th)
154 7 170 (~63rd)
4/ 6 (~34th)
43 /150 (31st - 33rd)
24/ 60
53 %

260 (below 5th)
5 (86th - 100th)
4 (62nd - B5th)

1 (Oth - Tth)

2 (22nd - 46th)
2 (14th - 44th)
2 (Bth - 22nd)

5 {91st - 100th)
2 (33rd - 48th)
4 (60th - §2nd)
3 (30th - 66th)
5 (B3rd - 100th)
3 (40th - 63rd)
4 (T7th - B8th)
4 (T4th - #9th)
4 (B65th - BTth)
36/ 150 (10th - 19th)
30/ 150 (4th - Bth)
B0 %

58 %

46 %

12441
880
0/45

« OpenAllCED2023FE(CHRERNIZETIL
GFHl (I RR, U—D1B#k(EdH D)

o BIERERYOSAT/GRE/R EDZARILERER T
0F Rk iE
f51: Uniform Bar Exam(£298/400
(~90th)
5] : GRE (Quantitative)h'163/179
(~80th)

o —A—F+« TBRIIRETIEHRITAEL
A1)

[11] OpenAl 2023 “GPT-4 Technical Report” & » 51/ L,—#Fck%
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“Evaluating gpt-4 and ChatGPTt on Japanese medical licensing examinations”2023

Igaku-QA | GPT-4DE MY XK DIREE

2018 2019 2020 2021 2022 2023
Model Req. Gen. P| Req. Gen. P| Regq. Gen. P Req. Gen. P| Req. Gen. P| Reqg. Gen. P|
ChatGPT 123 143 1 100 150 5 118 148 2 143 154 3 124 163 2 120 140 -
ChatGPT-EN 123 158 2 117 157 3 116 147 2 110 167 0 140 187 1 142 159 -
GPT-3 105 104 5 93 117 5 97 111 4 94 109 3 106 111 6 86 113 -
GPT-4 161 221 0O 170 215 1 168 219 0 173 225 0 164 228 1 170 221 -
Student Majority 196 276 0 196 274 0 195 276 0 200 277 0 195 287 0 - - -
Total 200 299 33 200 296 40 197 299 26 200 300 26 197 297 26 200 295 -
Passing Score 160 208 3 160 209 3 158 217 3 160 209 3 157 214 3 160 220 -

[12] Jungo Kasai et al. (2023), “Evaluating gpt-4 and ChatGPTt on Japanese medical licensing examinations” & Y 5|

» S58t7 )L (GPT-4 and ChatGPT) ZFAIEICFRUIZH ARDERSA 72 AGHER6S

Syl

F=Atyh (lgaku-QA)ZHBERL TR FN—7

. (1))KFE'?IO)‘—i’JE’JE“i‘%ﬁ%ctD(iM (2) RRIEIRI HERICHD, LLO
@5:60)0)nit%§7|_\ _(3:7(6&'
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“Do As I Can, Not As I Say: Grounding Language in Robotic Affordances”, 2022
mLLM®DiEA | Say-Can and Say-Can-PaLM

Instruction Relevance with LLMs Combined Skill Affordances with Value Functions
| Prompt Examples \: / -6 Find an apple 0.6
30 F

f
it-., e e e e e / 5 e
How would you put _

an apple on the |' 2 Eat
table? f -30 Pick

===
.

| would: 1.

30 Pla
/

<08

Go

-5 Place the apple 0.1 \ T

|
|
/ = ce the coke 0.1
to the table 0.8 E VaIJ::Ie
rAg unclions
LLM e 0 Go to the counter 0.8

—— )

I would: 1. Find an apple, 2. ]

\—-‘O_ - < > a i

[13] Michael Ahn et al. (2022),“Do As I Can, Not As I Say: Grounding Language in Robotic Affordances” X v 5|

ind a coke 0.6 = y
d a sponge 0.6

up the apple 0.2

up the coke 0.2 { I

N[

EETILNE A UERA

- EFEAREMEEFTD TS
« SEBETINZELLTS (PaLMZEDS) EMEENNET D

SRV E

L (RLAILFEF

R) (Tl

=)LOOETOIEEME (Skill Affordance) ZZEE L CEIR

BN CULWBARITTERE
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“Voyager: An Open-Ended Embodied Agent with Large Language Models”, arXiv2023

Voyager | SEEETFNZ{EOIEHRDIES

60

(9]
o

40

Number of Distinct Iltems
w
o

F 3

Minecraft Tech Tree Diamond Tool f‘ ‘
e8 BB NN 0X 2+ @89
oo Toor— ToolToo e

Mine Amethyst

0 25 50 75 100 125 150
Voyager (Ours) = Voyager w/o Skill Library —— ReAct Reflexion ——— AutoGPT

LLMZ{E>TMinecraftz JL19% (HGh'EhH)

o EKIRMRITEEGHNE, R)CV—XEHE P

. RLHEZFE Hunt Pig
(cf. Dreamre V3D TRISYF TERIEICAETD (141 unni wang ot . 2023)

—< —~ “Voyager: An Open-Ended Embodied Agent with Large Language Mode
AFN 71— RELVTEHLLMTIT I
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REWELLMEEROH ? 3. fsEsADRE M

FramDFEAE
(B RXA> TORIIEET ILBER)

KFBEET)L (Transformer)

5 : Gato, RT-1, X-Former

5] : Dreamer v3

+ KIRIERT =4

5l SAMTD1BDYAIFT—4

5] : Gato, RT-1

+ RFARETE

B : 24— )LEIEBI RAAL > THRAL

R ZBRACET IV HA

JIVFE=SINE

"One model to Learn Them All”,
20170151 gy HRE ()
5 . GPT4
SiEETIDERE

5] : Say-Can, Voyager, &
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“RT-1: Robotics Transformer for Real-World Control at Scale”, 2022 M

Robot Transformer (RT-1)

— b
Instruction -+ Action :E ] )I/

‘ Pk e P 1o deivesr and place o SO ‘ i . HT_1 \ Bocie Arm Hane . .
« Efficient Net&Transformer
DFEHFENTE

g { ¢ ADARNSTT IR
BIVELERR

(a) RT-1 takes images and natural language instructions and outputs discretized base and arm actions. Despite 5— — g
its size (35M parameters), it does this at 3 Hz, due to its efficient yet high-capacity architecture: a FiLM (Perez

t al., 2018) ditioned EfficientNet (Tan & Le, 2019), a TokenLe (R t al., 2021), and a Trans-
?nrerlnf:r [Vasw‘;?lriltlt :iféﬂl?}.men S o AR DL R PR N BT ¢ EDR]. 3-IL:|A, 177% / 7449
' e S | A7, 13RA77FE
« Z#E : 97% CTEME

« AL : L DOERTAIEM L
(RHMFRD, RV —RF

FiLM —

—

Trained on 7004+ tasks, 130k demonstrations

(b) RT-1"s large-scale, real-world training (130k demonstrations) and evaluation (3000 real-world trials) show  ©® LO N g H (@) I"I Z0N 7- d\gzg E E_I-

impressive generalization, robustness, and ability to learn from diverse data.

o s\ 7 C | — W
[16] Anthony Brohan et al. (2022), “RT-1: Robotics Transformer for Real-World Control at Scale” X 9 5] >-< ¢E1J;{Eﬂj_b (C— Gato / BC_ZTd: t
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“Flamingo : a Visual Language Model for Few-Shot Learning”, 2022, DeepMind NI

JNIVFE—HIFT—FE&R/SKRIEETILDH | Flamingo

Input Prompt | * Completion |

=
-

=

a flamingo. They are

This is a chinchilla. This is a shiba_. They

- . found in the
l —
Ihey mimmElLTnle found o "'"E'_i"ap':'n"'.“ arin Sl Caribbean and South
Chile. P4 America.

Whait is the title of this
painting? Answer: The
Hallucinogenic
Toreador

What is the name of
the city where this was | — Arles.
painted? Answer:

Where is this painting
displayed? Answer:
Louvres Museum, Paris.

F =

[17] Jean-Baptiste Alayrac et al. (2022), “Flamingo : a Visual Language Model for Few-Shot Learning”, NeurIPS2022 X b 5|H

- F&HEVision Model(NF-Net) £Language Model (Chinchilla, 70B) Z#t&. §180B.
. RPT—ATHHERTT (Perceiver ResampleréGated Xattn) .

« J3VIOBEZRTITI5Z>T, HJTEELRE7ZAINTRANF T IRELR T REER-
=S58 ChRA BfH5ThH TS D.

https://www.deepmind.com/blog/tackling-multiple-tasks-with-a-single-visual-language-modell18]
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CCETDIEHERBEDE S

B CCETOERED

« SERETIILEE

Sl

O

=[]l

&5 D4

- EESRZETILELIZED

"EZBETIN / Z1-3NEEETI / GPT

« REVE

=z=h

[ [ ]

EFILROH ?

* 1. 7, 74, sTEEDORAT—IUCLDTEDENRRIILNDTWVD
* 2. Promptinglc&h, BE—EFITERARIENTERLIC (EEBETIORNAM)
o 3. EEBTETIORENMBOIBIRICERFEZF I TS

B RGER

NS
» LLMO#ANI S =,
HEZABNDLICTTED

JRIF 18

R BT, I\ ATELTTERCE)
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NE B (ZUFE L) M
SR
12023.3 RRAFAZFE R TEZRAFRR iR E8IRFEIR BLIFEET
12023.4~ RRAFARFE R TERAFTH &S8R FEIR FEHRE
* URNFITI> 2 =722 U CTWLWEUE.
QAR D EF. BRI EY
IREFE. AREEBETIL g _
Let’s think step by step.
AEBEES)LONRIQRFEHERTS (CRE T DA T gpiison 5 G0y 14
BEFROEREET)L (VIT) OF R MRREICDE
ALLMODBEZDESH (CoT) (CKDIEmEESIDINE
A& : LLMOOEZE. Weblab-10BDRF
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(4’I5’J7'1§‘0)u§)

-~

RIC, LLMOED A (BFIL, &
[CDWCHEHFELUTESD
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https://deeplearning.jp/llm2023/

ZElDE
® =51[0] : Overview of Language Models <] W&
® ==2[0] : Prompting and Augmented Language Model
® Z53[0] : Pre-training Pipeline
® Z54[0] : Scaling Pre-training
@ Z55[0] : Parameter Efficient Fine-Tuning
® =£6[0] : RLHF
® 557[0] : Going Beyond LLM
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4\

: Prompting and Augmented Language Model

LLMODi&

555

1752 > T

ZElDE
® ==1[0] : Overview of Language Models
® 52
® Z53[0] : Pre-training Pipeline
® Z54[0] : Scaling Pre-training
@ Z55[0] : Parameter Efficient Fine-Tuning
® =£6[0] : RLHF
® 557[0] : Going Beyond LLM
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Prompting and Augmented Language Model (Day2) M

e HiY :
O EBEFILDINGA—FZZ{rEFDERRL.
LLMD%geZ 5| SR I Hiiie=159 D

@ +——J—R
oJaJra>U
O XA (In-context Learning)
OB Lw>SR(ICKBEEEDE LT (Augmented Language Models)
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M

BT DOKEEDREZ(BE (prompt) T BKDREEBETILICANL TR I FTFARX

20>7F5«4 >4 (Prompting)

Demonstration (Few-Shot) Instruction (Zero-Shot)
Translate English to French: task description Translate English to French: task description
sea otter => loutre de mer examples cheese => prompt
peppermint => menthe poivrée [7] Tom Brown et al. (2020), “Language Models are Few-Shot Learners” X 9 5|

plush girafe => girafe peluche

INZ D & DHERENRIE =N DS XFT
Bl : tl;drz Dl EERIEEEN LD [1]

L _ . | : ' i =HE
5% 2EHREZNERLS 9 Aecording R X ST <

:(Wé:ljb\/—_lc-\gijj $| ) HEER (B BBEREHRFLTIZSLY

JO>J s>z
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Accuracy (%)

“Language Models are Few-Shot Learners

" NeurIPS2020

M

MIRAEE (In-Context Learning)lC k3 Few-ShotE3

Zero-shot

l

60

50

40

30

20

10

BF(C

One-shot Few-shot

Demonstration (Few-Shot)

. 175B Params

Natural Language
Prompt

\

No Prompt

Translate English to French:

sea otter => loutre de mer

task description

examples

\ peppermint => menthe poivrée

plush girafe => girafe peluche

- 1.3B Params

Number of Examples in Context (K)

cheese =>

t prompt

Ak (Context)

[7] Tom Brown et al. (2020), “Language Models are Few-Shot Learners” X 9 5| L,—&ck %

=5 )L KRR S S Few-Shotd5E >

HEREMKIRIC_EHD Z NN,

XARHNS

S ANL—2 3> 0BT

¥EI B, XIRAFEE (In-Context Learning) &M,
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R
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|

\

e vy
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~ Model Output ~

A The answer is 27. x |

\, J

“Chain of Thought Prompting Elicits Reasoning in Large Language Models”, NeurIPSZOZZA/I
Chain-of-Though (CoT) Prompting

Standard Prompting

(}: 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?

A: The answer is 11.
(: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

B

\

Chain of Thought Prompting

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?

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 fo
make lunch and bought 6 more, how many apples
do they have?

~ Model Output -

A The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+6=9. The

| answeris 9.
\ v

-\-H\'\.
\

-
o, o

!
--'"-r

X GSMB8KIE9-127% M 1E fEFE H60%.

Finetuned GPT-3 175B

Prior best

[J 540B LM: standard prompting

B 540B LM: chain of thought prompting

100

o e
o o
I I

|
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Math Word Problems (GSME8K)

N
"
I

18

Solve rate (%)

]
=
|

[20] Jason Wei et al. (2022), “Chain of Thought Prompting Elicits Reasoning in Large Language Models” NeurIPS2022 X v 5[

e Few-ShotDEHIDIRICEZ1EBIEZ ANSD (Chain of thought prompting) &,

¥FTUUNE

- BHOXERERE,

S ([CDNWTCTHEERZ@EIEZHRL TIND.
TEREE LW\ E SN CUVVEHER Y AT THKRIB(CIERED H L.
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Toolformer: Language Models Can Teach Themselves to Use Tools

Augmented Language Models : 48 —ILZFIHI SFEH

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
» 0.29] 29%) passed the test.

The name derives from “la tortuga”, the Spanish word for
IMT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law

that requires legislative bodies, like
city councils, to hold their meetings open to the public.

LLMOMRZR, 5T&. R EHEDY —)LZ
AMAHTS.

® The New England Journal of Medicine
DETFEEE (L. [QA("The New
England Journal of Medicine®¥1T7t(&
? ")—> Massachusets Medical Society]
MMSTY,

® 1400 NDEMEBEDDSE. 400ADFED [
=TE#(400/1400)—0.29] 29%H it 5k
(CEBUIT,

® TD%&AId"la tortuga"(CER L TEHD,
TIUIANRAZEET [MT("tortuga”) —

[21] Timo Schick et al. (2023), %] %‘T a_o
“Toolformer: Language Models Can Teach Themselves to Use Tools” & 0 5|
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Chameleon: Plug-and-Play Compositional Reasoning with Large Language Models

Augmented Language Models : 48 —ILZFIHI SFEH

& L '\_L

What is the direction of this push?
(A) away from the baseball bat
(B) toward the baseball bat

Earthzy paper

opeesonl (A) pathos (emotion)

| ‘7] (B) ethos (character)
\ | (C) logos (reason)

Which is the main persuasive
appeal used in this ad?

PR e T

Which animal’s skin is adapted
for survival in cold places?

(A) Eurasian lynx

(B) Thorny Devil

@ @ Image Captioner = —»[Knmdedge Retrieval @]—D[Snlutinn Generator @]—b[.ﬁnsmer Generatnr@J

=

-
®

[194, 21]: Earthzy paper r.uf-‘hnal:,ma the advertisement to determine which persuasive appeal is used. The
[244, 70]: plates now ad mentions that Earthzy paper plates carry the Sierra Club seal of approval.
[172, 112]: carry the Sierra This implies that the product is environmentally friendly and has been endorsed
[231, 159]: Club seal of by a reputable organization. This appeal is primarily based on tihe credibility

@ [275, 198]: approval | and authority of the Sierra Club, which is an example of ethos (character).

T
-» Text Detectoro AD[Knomdedge Retrieval @}—D[Solution Generator @]—»[Answer Generatur@
' '

- The question is about identifying the main persuasive appeal used in an advertisement. | ethos (character) ‘
- There are three main types of persuasive appeals: ethos, pathos, and logos.
- Ethos is an appeal to the speaker’s or writer's credibility, character, or authority.
- Pathos is an appeal to the audience's emotions, feelings, or sympathies.
- Logos is an appeal to logic, reason, or rationality, using facts, statistics, or arguments.

-

Image Captioner —D[Query Generator@]—»[ﬂing Searml ;]-D[Sc-lution Generator @Hﬂnmr Generatorq

[22] Pan Lu et al. (2023), “Chameleon: Plug-and-Play Compositional Reasoning with Large Language Models” X 9 5|

®
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks A I

Augmented Language Models : XERFRE%EIT D56

__ L § == e e e e e m e e e, .. .. —--———-————— - The middle ear includes
Define "middle ear" (x) . .
End-to-End Backprop through q and pe EE e
Question Answering: the three ossicles. (y)
Question Query Question Answering:

Answer Generation

Barack Obama was d(Z) " (v)
born in Hawaii. (x) q(x) _ _—24 supports (y
Fact Verification: Fact Query .-y - Z3 | Margin- Fact Verification:
. Z . Label Generation
- I e NN 1 I alize
gzzeilvt:? —> q MIPS*: - \___/—-51 - Pe —— This 14th century work
Y A ~ is divided into 3
Jeopardy Question ~ Yy sections: "Inferno",
Generation: "Purgatorio” &
Answer Query ~— "Paradiso" (y)
+ Question Generation

[23] Patrick Lewis et al. (2020), “Retrieval-Augmented Generation for Knowledge-

Intensive NLP Tasks”, NeurIPS2020 X Y 5|H
® L\DOWPWBRAG(Retrieval-Augmented Generation)
® E=FI(CIndex{b U CE B UREXET —INXR—IAN5, BULEDOE(ICFELMLUEXXEZRDOEH U
(Retrievel) . TNZLLMDOASEUTHWS.
@ /\SA-HDEHZET EBIFIRDIEHEEZ EIFDZ ENValgE. 12712 URetrieval DABE (C1HK
F9 3.
@ Llamalndex(IZD771F77ZER LTS,
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M

Augmented Language Models®D#FI =

e Truthfulness (BEZE%)
o HEBHEODOFIAYIBEIRY —ANDTITAETERICTBET

Hallucination (£]8) ZiEimE
e Estimating and reducing uncertainty (REEMEOHETE SKNK)
o LMOBEHTIALELOIEDIEHEEN—EIERL TLDEWVWDHARSE
o L\Dtool[CFERNREN., EHCITTEHITDINEMNALMOZHEH T (F4E
HENEBND
e Interpretability (FFRI4)
o FERIBREZIER CETDEEIENZ L
BEMED LD D
e Enhanced capabilities (|48Eca=E)
e BEDLMI(CEEA., toolDFIFHTEKD ARIICIEIID
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https://deeplearning.jp/llm2023/ A I

ZElDE
® ==1[0] : Overview of Language Models
® =52[0] : Prompting and Augumented Language Model
g5 - L LLMODED 7S (CDNT
® ==3[o] : Pre-training Pipeline L TESS
e . . (Part.1/4)
® =54[o] : Scaling Pre-training £ZE D
e L . . e 7 8
® =:5/0] : Parameter Efficient Fine-Tuning E#HBELET
® ==6[0] : RLHF
® 557[0] : Going Beyond LLM
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Pre-training Pipeline (Day3)

e HHY :
O LLMDOFERIET)

A\
E

¢ +—J—R

=i
O SpIF&

O Transformer
O Attentiont¥ts
O KFERI—/\LR

LLM RIFEE

L& CdrDTransformerd.

SHIFEDLHAZTIEET D,
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LLMOS#iSEAE (FIEOSEEF)LOMHER) M

- HEEDZRY @ xy, x5, ,x,, TOEMESRD(xy,xy, -, %)) ZEIDHTRERETIL @ p.
p(BAR, D, &5%b, (&, FR) = 0.02
p(BA, D, &5%p, (&, /() = 0.00001
p(BRR, D, 58p, (& HA) = 0.0005

o p(xy,xg, -, x ) ZFEHFDTMOBEUVTRIRT D
p(x1, X2, %) = p(x)p(xzlxg) - p(xp |, X2, x1-1)
- XA ESHEELNONDE, ERTDILEETED
p(EER |HAX, D, &%, (F) = 0.2 h
p(/\U |BA&, D, &, (&) = 0.001 — HAROEEE —» 5=
p(F73-10O |BA, D, &#,(E) = 0.000 _

- ERIERZTZEDKRODIN? EDFEI DN ?
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LLMOERIFBSE

e Next Token Prediction (H2#Ehd DFZD—IE)
e FBPHDTFANT—AHEO>T., ROBEEOEKIERZOIZISFRITSD

AT %38 na

=z [ UM | prh) 4 T

=% (& LLM  pi) & > I

=z x w1 LM~ pT) 4 » T

=% £ % c— LM | pbH3) ¢ > b3
Z%E F B T S5 LM > p.) 4 D

\ Y |
T3l & [ERRDEAE (REI> ~OE—)H
INSLIRRBEKLDICEET D
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Transformerh*=E7 ("Attention Is All You Need” &L\ DX THIHL)
TS 3R IS CETERE (U Y) ORI FREFRZIIZRN (CFH.

AIFOUHEFTEONZRIC TSR ETAMRIRIL (DEiFEE) LI <o e.

| Encoder | s | Decoder | e Positional Embedding

Probabilities

)’
2

e Transformer block
— GPT-3(175B)Di54, BEXREH12288:R5T
DIJOvI%. 96EBEAFENR TS (11N
1[—% e Softmax
R (| | S ||, e Encoder
v | o || | R — Multi-Head Self Attention
| = — Position-wiseX&iEaE
ot | bond * Decoder
| — Multi-Head Source-Target Attention
IR e Layer normalization
(shifted right)

[1] Ashish Vaswani et al. (2017) “Attention Is All You Need” NeurIPS 2017 X » 5| L,—&#bck % “Attentlon IS A” You Need”, 201 7
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ETIILIBE

M

T3 s £EG

858 (h— /J/) EIOFUREZRADZECKDOT, Kib

BEDIKFREMRZIEIE T D2 &N AEE.  * FBUE(EINRD NLOWE TS

Self-attention

Key :
REINDHED
~NJ RIL

B 1lof1]o0 (& o202 i I ER IS

Query :
BRI HED
T kL

input #1 input #2

Cad

[24] Raimi Karim (2019) Hlustrated: Self-Attention. A step-by-step guide to self-attention: - | by Raimi Karim | Towards Data Science X 9 5| L ,—#FckZ
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r— } \t I . . e )
:ET)l/*ﬁLﬂ_ http://jalammar.github.io/illustrated-transformer/ A/I

TSNS SHE (h—) BOBENEENZ I ECEOT, KiE
BRI ZIBET 2 EATRE.  * FIMERIART NLOWNE TS,

. -
The_ The_

animal_ animal_
didn_ didn_
t_ t_
Cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ | 4
was_ was_
too_ too_
tire tire
d_ d_
“it"(&. "The” “animal” [CX L TRVLWTFF>S 3> £55EME DAttention Map
A>TV BZ ERDHHB. (E—bxwvD) MENSD

[25] Jay Alammar (2018) The Illustrated Transformer — Jay Alammar — Visualizing machine learning one concept at a time. & 9 5|
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EFIVEE (% IS RE>REDERY AT THE) M

Decoding time step: 1(2)3 4 5 6 Hﬂj] [ OUTPUT ]
4
i V ( Linear + Softmax )ﬂ\ Decoder(d. 7__:‘:
Encoder(d&. = || mmm mam e . = A ot h#iss
2 RO % e 1 FIBS(C. AIHLHE
. [ ’ g 0. HHDH
| IR A IHVEIEE
(/ ENCODERS DECODERS W
= 4 4 : : 4 g
3
EMBEDDING
LT T 1] LT 1] HEEN NV (ITTT]
WITH TIVE &I N —
I >2)eR
EMBEDDINGS [ [E DR ML ICER [(TTT1]
AR
AB [ INPUT Je suis  étudiant ] [ TS}F"IL?JL'IJ': | ] (Hjigj);ﬁl}%ﬂ(]

[25] Jay Alammar (2018) The Illustrated Transformer — Jay Alammar — Visualizing machine learning one concept at a time. & 9 5[F
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Transformer®%4H N

Encoder-decoder
BART. T5/4:&

Encoder-only Decoder-only
BERT. RoBERTa’&x& GPT. PaLM#x &

BT oot SHEZ S~
(55 2534) Probapils KR R

Output

[ Linear |

Probabilities

s ~
Add & Norm [ Linear |}
Add & Norm
Feed Feod
Forward Forward o
Forward
———
N Add & Norm Add & Norm
* | ~{(Add & Norm ) Multi-Head SRR Mult-Head
- Attention Feed Attention
Multi-Head 7 7 Nx Forward N
Attention é ~—T
A Add & Norm
7 Add & Norm Nx Add & Norm :
Masked
\l y Masked Multi-Head Multi-Head
Muit\-Hgad Attention Attention
Positional Attention A P A 2
) =+ A+ » ] J )
Encodin D
coding \ — Positional & A Positional
e Epéjctj q Positional Engoding Encoding
mbeddin N ; Input Output
g Encoding [ Embedding I I Embedding ]
‘I‘ Qutput I
Embedding
Inputs Outputs
Inputs I (shifted right)
Qutputs

(shifted right)

[1] Ashish Vaswani et al. (2017) “Attention Is All You Need” NeurIPS 2017 X Y 5[ L,—# k%
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LLaMA: Open and Efficient Foundation Language Models AI

7 —4S DUNEE
RIS EAT— 53, —RHICWE BASOAREIO—)LT—5

dlinl

Dataset Sampling prop. Epochs Disk size
CommonCrawl  67.0% 1.10 3.3TB
—ﬂxE A
C4 ']_ZWEB;,; H"P 15.0% 1.06 783 GB
Glthub JnysLEE 4.5% 0.64 328 GB
Wikipedia 4.5% 2.45 83 GB
Books /hsme 4.5% 2.23 85 GB
ArXiv X 2.5% 1.06 92 GB
StackExchange #iiaa 2.0% 1.03 78 GB

[26] Hugo Touvron et al. (2023), “LLaMA: Open and Efficient Foundation Language Models” & 9 5[ L, &%
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7 —% DL

LLMOERIFBDE VN CTHERRFIIED/ A TS5 1>

Raw Corpus Quality Filtering De-duplication Privacy Reduction Tokenization ;::—Tr);it:'
* Language Filtering + Sentence-level + Detect Personality * Reuse Existing — =
i, . + Metric Filtering * Document-level :d:“"ﬁa:fle (P1I) Hokenize - -
Yup? ILOCELALIOA) » SentencePiece
i « Statistic Filtering + Set-level <
o * Remove PII + Byte-level BPE -
+ Keyword Filtering
> tutaiatainiaieidiieibietuielieetiade ' ittt ettty ) T S ) R ! nbiaiisianiinininininiiiinidkaaisor \
+ Alice is writing a paper about E Alice is writing a paper about | 5 Replace ("Alice') is b E Encode ( '[Somebody] is ¢ E 32, 145, 66, 79, 12, 56, ... 3
 LLMs. #84& Alice is writing ! + LLMs. ﬁ}mwwi 1 writing a paper about LLMs. i 1 writing a paper about LLMs. ' )E ' E
E a paper about LLMs. { 1 e ! ) ! H $

[4] Wayne Xin Zhao et al. (2023), “A Survey of Large Language Models” X 9 5[

Quality Filtering

PR E 1 -URXSTa v IICKDEBEDRWNT—FZEDER<

De-dup

VBT CTEEBN DD EFENDBHENKEUVEH., X X&E. 7591y MAERLIBHE TEEZBHRT D
Privacy Reduction

F—TJ—RARYT 1 2T DKIIRIL—IR—=ADFECTRAZFETETDEHRSED R

Tokenization

* RAR—Z(CTEREA.
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R ZFF%:Byte Pair Encoding (BPE) L
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o HFERICKDM—U ALLFHEEOHREDHTDT> b

f51) ’hug’, ‘pug’, ‘pun’, ‘bun’, ‘hugs’

o BEEHAX (BABEH+Y—SH) 3/\A/—/S5A—% (&[G, N, P, 'S, u])
e GPT. GPT-2. ROBERTa. BART. DeBERTa/&% <D 1-(,%h*t,’fjg)@(fﬁ%@;?“jfz‘f(ﬁ,bﬁn@%ﬁf*5?5*)
ug, ] ug, o), un, : un, 4), ugs,
TransformerCAHULS1SD 5 P i ’

e 2. BEZ#XFITHE
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® ==3[0] : Pre-training Pipeline LLMOIED SICDLT
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® =54[0] : Scaling Pre-training (Part.2/4) £E D
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Scaling Pre-training (Day4)
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[5] Jared Kaplan et al. (2020), “Scaling Laws for Neural Language Models” & 9 5[ (72 X)
[6] Jason Wei et al. (2022), “Emergent Abilities of Large Language Models” & 9 5[ F (5 X))
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L anguage Models are Few-Shot Learners A I
REEl FTRE
- {17 : FLOPS (12 (SEFENVNSEEZ MBI TS DINENDEEN)
- LLMEB([CHERIEETEE (Dl *Decoder-OnlydDizs)
EFILHA XSG A=FH) x FBFT—IGAA(—=0>2%) x 6
($5) GPT3DimzE
175B x 0.3T x 6 = 3.14 * E+23 FLOPS
- ST RIRIGDETERE
GPU V100 x1E : O(E+13~E+14 FLOPS) *Z=p(c(dUtility RateZhMT3.
GPU A100 x1& : O(E+14 FLOPS) *=p(C(dUtility Ratezh\F3.
- FRER%L :
LLMZE & (BT B = /5 TBIRIEDETEHE

[7] Tom Brown et al. (2020), “Language Models are Few-Shot Learners” % %
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FLOP 1: multiply

h(i)

[27] Dzmitry Bahdanau (2022), The FLOPs Calculus of Language Model Training | by Dzmitry Bahdanau | Medium X 9 5[H
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“Big Bird: Transformers for Longer Sequences”, NeurIPS 2020

Sparse(fR)/RAttentionDiRE

| ] - ] ]
|
O O = ]
] N |
1 [ []
(a) Random attention (b) Window attention (c) Global Attention (d) BIGBIRD
Model HotpotQA NaturalQ TriviaQA WikiHop
Ans Sup Joint LA SA Full  Verified MCQ

HGN [26] 822 885 742
GSAN 81.6 887 739 - -
ReflectionNet [32] - - - 77.1  64.1
RikiNet-v2 [61] 76.1 61.3 -
Fusion-in-Decoder [39] - - 844 90.3
SpanBERT [42] 79.1 86.6 -
MRC-GCN [87] - - 78.3
MultiHop [14] - - - - - 76.5
Longformer [8] 81.2 883 732 713 85.3 81.9
BIGBIRD-ETC 81.2 891 736 778 579 84.5 924 82.3
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[28] Manzil Zaheer et al. (2020), “Big Bird: Transformers for Longer Sequences” NeurIPS 2020 X v 5|

[Iz Beltagy et al. 2020] “Longformer: The Long-Document Transformer”[2°]
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“Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity”, 2021 M

Switch Transformer :
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[30] William Fedus et al. (2022), “Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity” X b 5|
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[31] Microsoft Deep Speed Team (2023), DeepSpeed: EJE 75 o Ak & 5w 2 B c @ik 271 —27—27 X Y 5[H
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“The RefinedWeb Dataset for Falcon LLM”, 2022

RefineWeb: Web®D#H®D5T Token®D5F—4Ftwv b

Table 1. @ RerinepWeEB improves on existing English pretraining datasets for large language models by combining extensive

filtering with stringent deduplication at unprecedented scale. For additional details, see the full version in Table 12 of Appendix F.3.

Dataset Size Availability Web  CC Processing Deduplication
MASSIVE WEB DATASETS
C4 ~ 360GT Public 100%  Rules + NSFW words blocklist ~ Exact: spans of 3 sentences
OSCAR-21.09 ~ 37T0GT Public 100%  Built at the line-level Exact: per line (~ 55% removed)
OSCAR-22.01 ~ 283GT Public 100%  Line-level rules + optional rules  Exact: per line (optional, not used
& NSFW URL blocklist for results in this paper)
CURATED DATASETS
B GPT-3 300GT Private 60%  Content filter trained on known  Fuzzy: MinHash (~ 10% removed)
high-quality sources
~ 340GT Public 18% jusText for extraction, con- Fuzzy: MinHash (~ 26% removed)
tent filter trained on curated data
* PalLM T80GT Private 27%  Filter trained on HQ data Unknown
OURS
OREFINEDWEE ~ 5,000GT  Public (600GT) 100% trafilatura fortextextrac- Exact & fuzzy: exact sub-

tion, document and line-level
rules, NSFW URL blocklist

string+MinHash (~ 50% removed)

[32] Guilherme Penedo et al. (2023), “The RefinedWeb Dataset for Falcon LLM” X b 5|

Web>—4ADH TD5T TokendD>—41tw . 600GHPublic.
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“Beyond neural scaling laws:beating power law scaling via data pruning”, NeurIPS2022 A/I
F—SDBEDEEY : 7—F N DA (Data Pruning)
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[33] Ben Sorscher et al. (2022), “Beyond neural scaling laws:beating power law scaling via data pruning”, NeurIPS2022 X Y 5|
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Parameter Efficient Fine-Tuning (Day5)
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GPT-3.5 Turbo OpenAl APT C GPT-3.5-

fine-tuning and Turbo Fine-Tuning #4&AEHS
APl updates =2

Developers can now bring their own data . . - 5 ﬁﬁ@%ﬁ;ﬁm%‘: 5'_ 9 t v |\
stomize GPT-3.5 Turbo for their use . . — LE
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- Improved steerability

- Reliable output
formatting

[34] OpenAl “GPT-3.5 Turbo fine-tuning and API updates” KD 5|

-  Custom tone
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RIMEEEEET)L Fine-Tuning 5

5| | Med-PaLM

You are & helpful medical knowledge assistant. Provide useful, complete, and
scientifically-grounded answers to common consumer search gqueries about
health,

Queestion: How do you treat skin rednessl

Compilete Answer: |1 depereds on the causs of the skin redness. For example, if the
cause |3 oellulitis, then antibiolics may be required. Howewer, this mighl be

far other causes of redness such as eczema. The first step should be
to estabilish the cause of the redness, which may requine sesing 4 doctor

You are a helpful medical knowledg i Prowide ful, complete, and
scientifically-grounded answers to consumer qq.lﬂnrum meedications.

Oumestion: Wy take simvastatin?

Complete Answer: Ssmvastatin is a medication that = used to bower cholesterol
lewels in Ehe Blood, Simwastatin & typically used to treaf high cholesteral and o
prevent hearl divease, and (o neduce the risk of beart allacks and strokes in those
with the greatest risk of these happening (o re-occuring). It's umed together with

oifer steps live bealthy liTestyle and diet. weight-loss, and exercise, amd sometimes P[Dn‘lpt Tuning

oitfer medications. Simvastatin may also be used to decrease the amount af

¥Wou are a helpful medical knowledge assistant. Provide useful, complete, and
scientifically-grounded snywers bo consumer question about medications.,

Querstion; How can | split a 3mg or 4mg waefin pill 501 can ot a 7. 5mg pill?

Complete Answer: You should not attempt to split a Img or 4mg warfarin pill to
obitaim a 2.5myg dose. IT you are préscribed warfarin im a 2.5mg dose, it b important
to talk bo wour doctor or pharmacist to abtain the correct pills, sa that you can take
ther exact dose and frequency your medical team hawe prescribed. Warfarin & a
type of medicene known as an antxoagulant, which mears it makes your blood Lake
langer ta clat, The exact amount required to achkewe the desired effect can vary,

Extended Data Fig. 1| Instruction prompt tuning for Med-PaLM. We use
instructions and exemplars from a panel of qualified clinicians for each of the
consumer medical question answering datasets and use them to instruction

- Med-PaLM5!
Google H'FF UTZLLM

Flan-PaLM PaLMI36] = [E&Em (T (C

—

Instruction

Prompt parameters
aligned with the
medical domain

Med-PalLM

prompt tune Flan-FalLM. Med-PaLMis the resulting model, with additional

prompt parameters aligned with the medical domain.

[35] Karan Singhal et al. (2023), “Large language models encode clinical knowledge” X Y 5]
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[36] Aakanksha Chowdhery et al. (2022), “PaLM: Scaling Language Modeling with Pathways” % %%

= is licensed under CC BY-NC-ND 4.0


https://weblab.t.u-tokyo.ac.jp/llm_contents/
https://weblab.t.u-tokyo.ac.jp/
http://creativecommons.org/licenses/by-nc-nd/4.0/?ref=chooser-v1
https://www.nature.com/articles/s41586-023-06291-2
https://arxiv.org/abs/2204.02311

A=
- |

_T

JU Fine-Tuning

Jln
[0
i
L

FINGPT

w = e

- Mo Hp!

Cloud

mRCONB

—

Applications
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Data
Engineering
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Robo- Quantitative Portfolio Financial Sentiment Risk Low-Code
advisor Trading Optimization Analysis Management Development
Financial Fraud Credit Insolvency Financial M&A ESG
Detection Scoring Prediction Education Forecasting Scoring
& :
________________________________________________________________________________________ i
/
LLM APIs Trainable Models Fine-tuning Methods
ChatGPT GPT 4.0 LLaMA Low-rank Adaptation (LoRA) using
low-rank tensor layer
LLaMA Pal.M ChatGLM
Reinforcement Learning on Stock
ChatGLM MOsS Other Transformer Models Prices (RLSP)
¢ '
S M Steamming - < : .
Data Clearning Tokenization e Feature Extraction Prompt Engineering
Lemmatization

Data Source

Online Elastic Computing

News

Social
Media

Filings
Trends

Datasets

Network Network

AShare stocknet-dataset

Offline Real-Time Computing

Data Warchouse
(Storage)

<
wl-

Real-Time Storage Database

> Data Integration >

Fine-tuning Methods

Low-rank Adaptation (LoRA) using
low-rank tensor layer

Reinforcement Learning on Stock
Prices (RLSP)

[37] Hongyang Yang et al. (2023), “FinGPT: Open-Source Financial Large Language Models” X b 5|
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Instruction Tuning ##Z | FLAN

s> [C R DIESE

FLAN

Unseen Tasks

Premise
Russian cosmaonaut Valery Pﬂlralva

set the record for the longest amount
of time spent in space.

Template 1
~

Russian Cosmonaut \I’alnry_ﬁ
Polyakov set the record for
the longest amount of time
spent in space.

Template 2

'f_Read the following and

determine if the hypothesis can

be inferred from the premise:
Premise: <premise=

Hypothesis Based on the paragraph Hypothesis: <hypothesis>
Russians hold the record for the # above, can we conclude that <options>
longest stay in space. Russians hold the record b P J

for the longest stay in
Target Options: space? Templ it
Emtailmant ={> - yes OPTIONS i :)
Mot entailment = yes

-no

L vy

GPT-3 175B zero shot [l GPT-3 175B few-shot [l FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference

Reading Comprehension

Closed-Book QA

Wei, Jason, et al. "Finetuned language
models are zero-shot learners." arXiv
preprint arXiv:2109.01652 (2021).

BRRAIQH A D %ZiE7R - BELEWNWDSEIC
H—Ule—5twv T, EBEFILZ
Fine-Tuning 3 3F&%iexE
(Instruction Tuning)

ZDEXSIC Fine-Tuning =NZEFILIE.
S (CAAULSNTZ25DF X (CDULNT:

- 215X T. Zero-shot!$gEH‘E_E

- 209R0T. EDINSA-FEDZL)
GPT-3& 6T, &L \Zero-shot!48E

[38] Google Research “Introducing FLAN: More generalizable Language Models with Instruction Fine-Tuning” & Y 51 F
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“Prefix-Tuning: Optimizing Continuous Prompts for Generation”, ACL2021 M
mEORIT 7 >F1—=—>0FEH : Prefix-Tuning

Fine-tuning

Pa ram ete r Transformer (Translation)
Efﬁcient L . mm Em == == =m [- 1- - am
. . Transformer (Summarization)
Flne—Tunlng | EE EE BN BN B B = Em
(PEFT) D4 L S

name Starbucks type coffee shop [SEP] Starbucks serves coffee

Prefix Input (table-to-text) Output (table-to-text)
(Translation)
= A -
' Prefix Prefix-tuning
(Summarization)
1
mg:?tﬂ_fe it Transformer (Pretrained)

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

Prefix & U CHR I EICEZD]geIRIBHIAFHZHEA

[39] Xiang Lisa Li & Percy Liang, 2021 “Prefix-Tuning: Optimizing Continuous Prompts for Generation”, ACL2021 X v 5[
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“LoRA: Low-Rank Adaptation of Large Language Models”, 2021 M
mHRNR I 7AF1—=2DFH
Low Rank Adaptation (LORA)

WikiSQL
h
0.75
EII:IIZ\ > v t!é%‘)(**-—-i v ¢
é] [:\\j = X
5 0.70 K-k
S > % Method
. < etno
Pretrained c 0.65 % e Fine-Tune
Weights g r 4+ PrefixEmbed
2060 - % PrefixLayer
3 % Adapter(H)
055 + Vv LoRA
6 7 8 9 10 11

log1p # Trainable Parameters
[40] Edward J. Hu et al. (2021), “LoRA: LLow—Rank Adaptation of Large Language Models” X 0 5|

EFIFE N/ A=FD) LR E(FHIIC
EHERS IR UEETR/I\ R ZABRL, BELEaHES3.

TELUCF1I—=/JT=E3.
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: Prompting and Augmented Language Model

LLMDEY HFIZDNT

It

gELTH LD
(Part.4/4)

ZElDE
® ==1[0] : Overview of Language Models
® =52
® Z53[0] : Pre-training Pipeline
® Z54[0] : Scaling Pre-training
@ Z55[0] : Parameter Efficient Fine-Tuning
® 556
® 557[0] : Going Beyond LLM

-~

: RLHF (Advanced Topic for Tuning Pre-trained Models)

LLM ARUESEET) LB BEER © 2023 by ERAFMEMFE is licensed under CC BY-NC-ND 4.0

M

£Eon
4O R B
ZhELET.

7


https://weblab.t.u-tokyo.ac.jp/llm_contents/
https://weblab.t.u-tokyo.ac.jp/
http://creativecommons.org/licenses/by-nc-nd/4.0/?ref=chooser-v1

RLHF (Day6) M

e B :
O RLHF(Reinforcement Learning with Human Feedback) & (3alhy,
FICEDALHEAPREECDWVNCIRRET D

® +F—TJ—F
O RLHF
O Alignment

/8
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FHIFT
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MIEDA—NRRICLLEHEHMHYFEZRL, RRREFEETILIC
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T27A4AVFa—=24
INIFET—RIZLDHEMHYEEZTEL. BRIFEEHETILD
HREZEWRELIY . BEDZIRITIORAAL OADBEIGEEERT SRR

RLHF
ANEDLDT 4 — NV I ZAV-BIEEEZRL., KRESEETILO
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Alignment (PS> X2 F) : ABOEEICHED

e EXICIZBATRMLGER EBARMLBLERMINTFET S

e ARMAGER: SBIELTIEATWVWAHERX
o Ex. COETRIZE-TLEEW, FYVRAVMELTIRSAE TS ESW

e IFHMAER: FBILITL THELA, WEIZCEWTEHEYETIESNTULSER
o EX. BELALL, HFELGLILIFEDAZL

Explicit intent Implicit intent

e Follow instructions Do what I mean

e Be an assistant Don’t make stuff up
Don’t be mean
Ask follow—up questions
Refuse harmful tasks

Avoid stereotyping

[45] Cs25 Stanford Seminar - Transformers United 2023, Language and Human Alignment X 9 5|
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BHARNZRAlignmentD7’0—F

e A\IMEEETILOEAIZRH LTI 4— KNy I 2T, ARDEKX

#ZLTLL
e HITL(Human in the loop)2 M7 7 0 —F

B Y (23R

(Large) Language Model

Human User Output Tokens

Feedback T T T T

Decoder Block

Decoder Block

Feed Forward Neural Network

Model Masked Self-Attention

Output —_—

[ Token/Position Embedding

| | l |

Input Tokens

[46] CAMERON R. WOLFE, PH.D (2023), Specialized LLMs: ChatGPT, LaMDA, Galactica, Codex, Sparrow, and More X 9 5|
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Training Language Models to Follow Instructions with Human Feedback (2022)

e ChatGPTD R T BlnstructGPTTHUWWS N TULV\EFE
e BIIFEDGPT-327 74 A T B ENBEB
e —fRICRLHFEES ECDFEFIET Z A SN

M

Stap1

Collect demonstration data,
and train a supervised policy.

Stap 2

Collect comparlsen data,
and train a reward model.

Stap 3

Optimize a policy agalinst
the reward model using
reinforcement learning,

BRMNASAEOTs—F
Ny B8t (ETIL

& prompt is & prompt and @ A new prompt - “:) -d— %) — & -—C: ;';j-.l ;—g EI‘J 7(-~
sampled frorm our i saveral modal iz sampled from . — X &
o i 1 o Exphiin thi sfosn T L ol Sy i
prompt dataset. Larading 1 0 & s ok outputs are Verveh reg e et il the dataset. oot o s E&% % %ﬁ L "C L \ %)
sampled
' e © . v
& labalar e e Thiz policy [T
demonstrates the @ e o generates %
desired output == l P an output.
behayi & .
Vo Soma patpla mant ¥ {
o themean A labeler ranks
| the outputs fram @ s
; best to worat.
Thiz data is used - ¥
0:-0-0:0

to fine-tune GPT-2
with supervised
l2arming. y,

This data is used
to traln our
rawanrd modal

Thea reward modal
calculates &
renwand for

the output.

i

&

¥
The reward is r

wsd to update k
the policy
uslng BP0,
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KFJHRAlignmentDEHE

e Helpful (BERAMNE 3 H)
e 1I—H—NEMIZEWLT, TEAETEZETHEMERZEETS
e FRIBEHAH DG5S, BUILERMZRITHTTEREZSIZHT
e HFDLANIIZCELE-ERLEEITD

e Honest (ZEM&E 5 H)
o [FHDEHANLL, EELXEZLE TS
e ETIEHENEDREEDTHEEEDHIERIZIRTITHIENEE
e (ETILEENETIDH >TWESELEZEFELTWVWAILELNH D)

e Harmless (EE M E S5 H)
o INER), ERIMNLGTREZLEL
s EEMNHLEMZTRIMML, IEEZTT S

x {4, (Taxonomy, behavior, incentive, inner aspects’i &)
ZMD3D2%EbhETCalignesnf=AlE EE L TWLWBEHRXE b 5 (HHH)
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RLHF®DEHi ([CDUL\T M

Human Alignment

Models

o EZF E"] 7«.~ E“ﬁﬁgﬁ TiIQAT  C-Pairst WinoGendert KEIP) HaluEvalt
ChaGPT BN 5140 GS0/7S0/A S
* Honestness Claude 67.27  71.67/55.00/52.50
e Helpfulness Davincioos 6083 [ISSOTNISO/GS/T  8m  smo4 |
DavinciQ0z2 23.73 02.44 72.50/70.00/64.17 10.65 39.67
e Harmlessness
Vicuna (7B) 57.77 6724  49.17/49.17/49.17 4.70 43.44
Alpaca (7B) 46.14 67.37  53.33/51.67/5333 478 4416
ChatGLM (6B) IV63I53 5020  47.50/47.50/46.67 2.89 41.82
LLaMA (7B)  47.86 68.50  54.17/52.50/51.67 5.04 14.18
Falcon (7B) 53.24 68.70  50.00/50.83/50.00 6.71 37.41
Pythia (12B) 54.47 65.98 49,17 /48.33/49.17 6.59 2709
Pythia (7B) 50.92 6479  51.67/49.17/50.00 13.02 25.84
Ability Category Dataset
Honestness Truthful(A [385], HaluEval [471]
Human Al " Helpfulness HH-ELHEF [243]
Harmlessness HH-ELHF [243], Crows-Pairs [504]
WinoCGender [505], Real ToxicityPrompts [506]

[4] Wayne Xin Zhao et al. (2023), “A Survey of Large Language Models” X 9 5[H
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Human Feedbacklcd TS 5%E: Misalighed Evaluators

Whose Opinions Do Language Models Reflect?
e RLHFICK D CillEESNIZETILISHDOERZRIRLU TLBH ?
o RLHFRI(IHMEFRE, IRFBELE—HNITDIERTH DTN, RLHFRIFH(C/IRD T

community health

corporations, banks, technology and automation POLIDEOLOGY
aime/security ¢ \;:;:‘r’v”;?::a“"”
discrimination Moderate
economy and inequality Liberal
education e Very liberal
future
gender & sexuality
global attitudes and foreign policy EDUCATION
healthcare system Less than high school
immigration High school graduate
iob/ » Some college, no degree
R @ Associale's degree

leadership

College graduate/some postgrad
news, social media, data, privacy ® Postgraduate
personal finance

personal health

political issues

Mol NoR-NoNol N-SN-3 I WO NI Mol N X I W
0 C@o00ecoc@®eDO0O0O0O0CO@OO®Se O
e QOo0o@o0Deoco®@eDO00OCOQOO0O@®O
Nl Nelc:NoRel -GN N NN NoN-I-Mel N I I I
0009000 e 000000000 POOBOS
cQ00Qe00eeecoDO0O0OOB®OO OO O
c000e@Qeco0o00Qo0o0QO®O 00O
0000000 e @ 0000000000000
0000 e00e@000000O0OV00O0O00OOO
ce00e000oe00e(DO00OOOOOOSO
000 cc0cPO0oocoPooocoo9--0000
00000 0ee@O0000000000e0600
Qo000 0 OOOOOO0O0O0 00000
o 0000000000000 0ODO0e 0
O0QO0O00eePOO0OOOOVOO00OO® 0000
e Q0 o0 o 0@0Oo0Qee e e 000 O00O0C0O
00090 c@Dee @O0 ocee@co0ee
000000 0@PPece0c0000000000080

00000000 e @000 OQO00VOBOO0O0
OCe000000e00000Q00C00Q0e0 e

o0 Q@O OQ0QDeo000000e 0 Q@ e o0
cQOo@®@eO0oQoooc0e o0 o@0O o o 0o
00000000000 @®@0 0 °e® 90000
e Qe @0 0 O0@POo0O0De @0 e 0o @0 o0 0
(¥ XY RN NOAIRY Y NI YR N XN
Oe0OLOO0O0OBOOOOOOVOOODVOOOO
0000000000000 000e0 0

INCOME
feea Less than $30,000
relationships and family 30, 000 — 50,000
religion @ 50,000 - 75000
science ® 75,000 — 100,000
self-perception and values ® $100,000 or more
status in life

J1-grande
j1-jumbo
ada
davinci
J1-grande
j1-jumbo
ada
davinci
j1-grande
j1-jumbo
ada
davinci

j1-grande-v2-beta
text-ada-001
fext-davinci-001
text-daving-002
text-davingi-003
j1-grande-v2-beta
text-ada-001
text-davinci-001
text-davingi-002
fext-davingi-003
j1-grande-v2-beta
text-ada-001
text-davinci-001
text-davinci-002
text-davinci-003

[42] Shibani Santurkar et al. (2023), “Whose Opinions Do Language Models Reflect?” X v 5|
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® ==1[0] : Overview of Language Models
® ==2[0] : Prompting and Augmented Language Model
® Z53[0] : Pre-training Pipeline
® Z54[0] : Scaling Pre-training
@ Z55[0] : Parameter Efficient Fine-Tuning
® 56/ : RLHF LLMIRR D 5 SRR
BV FE) .
@ 557/0] : Going Beyond LLM
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A A/I

“A Survey of Large Language Models”, 2023E8H (C

ZOZOfﬁd)GPT 3EIHE, KRETETIVOFRERRITHLERERN (CIFM

/_ o T5 a GShard Publicly Available
— 2019 —0u 2020 i 2021 G mT5 g\% PanGu-¢ '5‘?‘ Ernie 3.0
GPT—3@/ -4 T &7 PLUG IAIE'S Jurassic-1
Codex @—— > 3AAI CPM-2
0 O 510 —— G rax {5 ravpa -

\ nspur Yuan 1.0
o AlphaCode

Anthropic A\ HyperCLOVA |
1112 T@ Falcon

WebGPT @ y,
\ O Chinchilla
:" CodeGeeX

Ernie 3.0 Titan& InstructGPT @ 2022
| Q Sparrow —
GOpherQ CodeGen 1.3 2 UL2 p @ Pythia
| I . 7 PaLM = Flan-T5 =
GLaM G MT-NLG . OPT m \7 a J an- wsvs | Vicuna
ﬁ
/ 0 YalLLM ' Flan-PaLLM g@ PanGu-X

HUAWEI

GPT-NeoX-20B (.)

~d_____ 0 t Lami
\ /— )’( uminous G Bard
NLLB

BLOOM O GLM , Tk-Instruct Aj2
mto () | o 7110 o

AlexaTM a Cohere / ~—— Q) LLaMA

BLOOMZ O —— 11-12 —— I
wem () 2023 — ',
Galatica () /\ | —>
OPT-IML () ChatGPT crr4 &
[4] Wayne Xin Zhao et al. (2023), “A Survey of Large Language Models” X Y 5|
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BEAEDETIEEDEFTIVHAX 202340 S RIREESEN DR,
x2023.3 OpenAIH'GPT-4/A Al e,
2023.5 1 /)\—IT—=>1> b®DOpenCALM (7B)
2023.5 rinnaDHAEBYHMEELGPTET /L (3.6B)
2023.7 NECOOHAREELLM (13B FEFH)

2023.8 Stability AIdJapanese StableLM Alpha (7B)
2023.8 LINEOHASEXMIESEEST/)L (3.6B)
2023.8 RRAKF M EHIFIEDWeblab-10B (10B)

2023.8 ELYZA-japanese-Llama (7B)

B

(43 MR EHEH 4 -2 =P 2 v }(2023), H A N—x—V = v b, FK68fE T A — 2D HAFELLM (KM SEEF
DI e /N2 B Ml A A el B S = B O e 0 33 i U M s A N A o 55
[44] rinnakk s\ &4 (2023), rinna, HAGEICEHML L 7236(5 57 A — 2 ODGPTSiEE 7 % I0fH
[45] Stability Al Japan (2023), HAGESi4E 7 /v [Japanese StableLM Alpha| #V VU —2 L F L 7=
[46] Ledge.ai fR&EHF (2023), LINE 36f% %7 X — % o HAGELLM % /3B I S 1] | Ledge.ai
[47] NEC (2023), NEC, 130{f¥F7 X —x CitR t v 77 7 20 AR H 3 2 BE A LLM 27 (2023F7TH6H): 7L 2 ) —X
[48] OpenAl(2023), GPT-4
[49] ELYZA (2023), 70{5 37 X — 2 o g AFIH rlGE 722 HAZELLM [ELYZA-japanese-Llama-2-7b | % —#%/\BAL F L 7=
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https://thelowdown.momentum.asia/the-emergence-of-large-language-models-lims/ M
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Small models (<= 100b parameters)

n ° @ @ o @ @ . . . .

ELMo GPT-1 BERT RoBERTa  Transformer ELMo GPT-2 Megatron-LM LLaMA Chinchilla YalM ERNIE
S4M "™ 340M 354M 4B5M 1.5B 8.3B 658 80B 100B 1008
Ai2 | ©openal | Google OMeta Ai2 @ openar > Meta © DeepMind Yandex BaiXem

20184~

Large models (>100b parameters)

~

The base of
ChatGPT

Undisclosed
LaMDA | GPT-3 Jurassic-1 Gopher MT-NLG PaLM PaLM-E GPT-4 number of
1378 1758 1788 280B 5308 5408 5628 m parameters
Google| @openat| ARTIGbs ) DeepMind A Google Google \ @ 0openAI /
H m
2020_"&'5 Parent 2023-/'5'5 10
® Momentum Works GODQIG

[3] Momentum Works 2023 “The future by ChatGPT” X b 5| L ,—&Rck %
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9D E(SIRIRTIEIBRAN D D,

JUn

EIDQ

o :
(MC4) Rt ) pa == = ¥
HETF—4L g | aaaaaaasans =
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oot 5 100}

o
]

|
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[50] Linting Xue et al. (2021), “mT5: A massively multilingual pre-trained text-to-text transformer” ACL2021 & b B L ,—&ek %
[51] 3¢ Fkl (2022), H R CIIIEAED KBS AT 70 & 13 (i) | NTT — 2 Jcsithfiftk ot 2t 5 5 %
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T—2tvhk IYhUE T2ty b1 X
Japanese CC-100 458,387,942 82GB
mc4 (Japanese C-4) 87,337,884 830GB
oscar (original_ja) 62,703,315 232GB
oscar (deduplicated_ja) 39,496,439 113GB
amazon_reviews_multi (ja) 2,000,000 0.086GB

T N [51] B4 B (2022),
* b (CEWikipedia(ja) DS > TH K <EOHNS. R CRA ST A ST F AL 13 (8R) | NTTF — 2 etk 24t X v 31/

WIE . F52A5TCH1.3TB, 1 b—022XF=4)\1 h&ETBE. £90.3THh—0>
* Llama2d2T b=, GPT-4D13T h—20> (VU —2U1F#R) ELERD B R EEEN D B.
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