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o What are the LLMs?

Pre-trained Language Model
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o What are the LLMs?

Large Language Model
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L Large number of parameters
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o What are the LLMs?

Benefits of using large language models
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o Training Techniques of LLMs Pre-training -  Adaptation Tuning -  Utilization

Training Process of LLMs

43t LLM TH0j|= HCHsh DUt Charo| oo|E{#0t OfL|R} ChSH Bt 7| HS STHO R BEots 20| 1L F1
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LLMS| 7|2X¢ol 532 LLMS EHst S H| w2} =712
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Data e Instruction tuning ® Prompt Engineering

Architecture

Pre-training task
Optimization and Scalable
Training Techniques

e Alignment Tuning
® Parameter efficient model
adaptation
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o Training Techniques of LLMs Pre-training - Adaptation Tuning -  Utilization

Pre-training
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o Training Techniques of LLMs

Pre-training

Adaptation Tuning

- Utilization
Pre-training Tasks
LLME &t&517| 218 language modeling taskZt 712 0| A2 E
Language modeling2 E2 A|2A FO{FS O, O] ESSS 7[HICE LIS A7 2| HEC R O|E5= HES SHE S
CHE 22| XHH0| M2| taskS2 2= HIO|EE 7|HIC 2 3t o|E X2 sHZ2E &~ 17| tf20f| language modeling2 £ St&El LLM CHFst task
A E = US
Output A robot may not

e

recite

the first law

A robot may not
Data Mining
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o Training Techniques of LLMs Pre-training - Adaptation Tuning -  Utilization

Pre-training Tasks

Pre-training= Sol| CHot 2
al A H

23517] 93 WATO! 20| OfsH L M4 7|2 5 YukElol S22 HS5p &

Q.. Data Mining
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Adaptation Tuning

Ctefot taskOiM AFH g El LLMS 20N = T 2 AHESH| 23l adaptation Al7|= £
GPT-1, GPT-2, GPT-37X|:= pre-train2 Sdll 1 ds2 SHEFUCHH GPT-30{[A| £E] InstructGPT, chatGPT7HX|= adapatation tuning S3l
M=o st} | A|EFSH

GPT-30|AM chatGPTZ2| £ %t tH3l= adpatation tuning®| £8O =2 & 4= U
1 2 3
Instruction Alinment Parameter
Tuning Tuning Efficient Model
Adaptation
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Instruction Tuning

ol

( szuwz1 ) AMExte| oof W g £

LLM2 7|2X O Z [} ttE 0f|=Z3H= language modeling taskZ pre-train £|7| L 20]| AF2Xte| | = 0f| SHA| Xt AZA| BHHSE7| 022
LLMZ AtEX}S| ™ CI20]| O|0{E THo| =22 FESS ddsy| mhZ0]| ZZ0i| Ciet &0 ot O[0! oitt =& ZEE Z3HY 7150 2
Users intent Laguage modeling
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A XNS=gILICL A S0 XF YEok= 2=l 2Eo| SFoHE = USLC.

Users intent X Language modeling

Data Mining
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Instruction Tuning

( szuwz1 ) AMExte| oof W g £

Instruction Tuning: Instruction(X|A|2) & input texte} output text2| pair H|0|E AMlS E3l supervised YAIOE SHEA|I7|= 2

A2t 2| 9l taskofl XA LLMS & &83}7] fIHA= instruction-following C|O|E{ £ tuning Sh= 20| & 2Rt

Input Ouput

Instruction —  Translate into Korean. 10|71 AFKE 20| QUL
Inpu data — Text: The cat is on the box.

Translate 'The cat is on the box.' into Korean.

Instruction tuning

‘. Data Mining
Y Quality Analytics
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o Training Techniques of LLMs

Pre-training -

Adaptation Tuning -

Utilization

Instruction Tuning

( SZEHHjZE 2 ) Zero-shot A= gkAb

7|Z2| tuning 7|'H: task & fine-tuning, Ex2| fine-tuning £10| prompting

7|Z&2| LLM2 few-shot settingt|A{2| M= HUIMOZ SFAME|UOLL, zero-shot setting0i|A{2]

Task description

Input Ouput
Dﬂg ==>
E Examples Bear ==>
The cat is on the box. J12F0| 7} AFXLE 20| QICE, Tiger ==>
Prompt —-I Cat ==>

Fine-tune on translation task

Data Mining
Quality Analytics
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Mo
| I o T

few-shot s

I Translate English to Korean:

Prompting (GPT-3)
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Instruction Tuning

( SZHHIA 2 ) Zero-shot A= gkAb

NLP taskE instruction HE}Z #2510 adaptation tuning T3
CtFot task 2 instrcution GIO|E{E 714510 et551H MZ2 task0iA2] H50| Z4E|H zero-shot 4

or
.
o
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_?_Il_'
>
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Input Ouput

Instruction —  Translate into Korean. 10| 7 AXE 20| RUCF.
Inpu data — Text: The cat is on the box.

Instruction tuning

Data Mining
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Instruction Tuning

( SZEHHjZE 2 ) Zero-shot A= gkAb

NLP taskE instruction(X|A|2) HEH = HEtSI0] adaptation tuning £
C1¥St task= instrcution Cl[0|E{E 45t Sh&5otH ME2 taskd|M 2] 40| Ak zero-shot A

ofr
H
O
o
L
ull

Input Input
Translate into Korean. Classify the text into neutral, negative or positive
Text: The cat is on the box. Text: | think the moive was perfect.
e & @
Ouput Ouput
AL0| 7+ 44Xt 2{0f| QUCH Positive
Translation Sentiment Analysis

Data Mining
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o Training Techniques of LLMs Pre-training Adaptation Tuning Utilization

Instruction Tuning

FLAN: FINETUNED LANGUAGE MODELS ARE ZERO-SHOT LEARNERS (2021)

7|Z& LLMZ| zero-shot M52 & AIZ £ = instruction tuning 7|H2 HS2Z H|otet
Insturction tuning®l AF2E|= task cluster?| 7|47} BOFE+~Z unseen taskO|A{2] H=0| SFAtE
37|17} 22 REO| M= instruction tuning 8 A| 235|2{ A50| 52t5HH tuning?| 232 7| flsiAM = 22| 37|17t Y™ £~F 0| 40| |o{of &

oy Held-out clusters Performance on held-out tasks
CP- — Commonsense 70 . :
S @ /\_/—“ : o Instruction tuning
= sso 593 592 OO0 ~ Average 8 2 s
= O ‘ NLI T »
£ 7 499 2 = @©
é D 50 e 8 Closed-book QA % g Untuned model
#iclusters: 1 2 3 4 5 6 7 o~
(¥ datasets): (1) (20) (26) (30) (34) (37) (39) g"- 40
o NPT\ S\ SRR Uy e o c
’o‘ﬂ'\\ 09\6\\ ~°O<(\ « 6\0\6 6@60 N > z°
G e A% d
06‘((\ xS L@ X P x 0048 28 88 688 137B
) Clusters used for instruction tuning Model Size (# parameters)
[ - — _ .
Task cluster =0]| [}Z 45 H3} D8 37)0| uE 45 Hel
\. Data Mining 19
b Quality Analytics Wei, J., Bosma, M., Zhao, V. Y., Guu, K., Yu, A. W., Lester, B,, ... & Le, Q. V. (2021). Finetuned language models are zero-shot learners. arXiv preprint arXiv:2109.01652.



o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Alignment Tuning

( szwz )

LLM2 at5 Cl|O|E] Z&El AHA EE, S22 HH, Ate|X HIEH(QUS

ol2{st EXHs HE2 WX|[517]| 2/ human alignment 7| S0]| | QHE]
=

=
7|=g nafsfjof &t

Pre-train % instruction tuning2t &2| alignment= 0 C}

Helpfulness, honesty, harmlessness

Helpfulness Honesty Harmlessness
AHE2XI7t 2RI E sl Zst= ZEfSIX| gk Hetst LS DRX0|7{Lt AFEEQl EHS MMM = oz
ol =30 =|ofof & AHEXtOf|A| K| SsHoFe! olo|Mo| 2XMOZ QASH= A\|E2 ZHX|E £ Qlo{of &t

Alighment?| 7|&

Data Mining
-.}. Quality Analytics 20



o Training Techniques of LLMs

Pre-training -

Adaptation Tuning - Utilization

Alignment Tuning

RLHF: Reinforcement Learning with Human feedback

Aelel& 2 0|2l ¢l7ie| mEU o 2 HE LLMZ Z|X2lol= W

= 3CHA|2 eh50| O|F{X|H CiS2t £2 2A=0| EHest
Human annotator: LMO| A St EHeHOj| CHo Q17H0] 2™ D|EWE = M= E DEEZIS
Reward model: LMO| A5t EHH0| CHol| 217He] MS £ of|=6= 22
Aligned model: 2I1Zt2| M+ E BIHSIH StSA|7| 10X 6t 2 E

Training with demonstration data

Human Annotatom

Demonstraion Data

—

>  Pre-trained LM

Step 1: Supervised Fine-tuning

Data Mining
Quality Analytics

N

Reward Model

- — 1
— Training with feedback data
a

Step 2: Reward Model Training

]

]

i —

1 Reward Model
L ______ - /

Aligned LM 0
I‘l,l _ |

Reward

I
Pre-trained LM

Training with RL alogorithim (PPO)

Step 3: RL Fine-tuning
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o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Alignment Tuning

RLHF: Reinforcement Learning with Human feedback - [Step 1] Supervised Fine-tuning

C1Zt0| ZH-d %t prompt Hi[O|E] S 0|23l LMS fine-tuning &
S50 2tz E LM2 oL E QIZke] o0l 5= BHE dde = JUAIE

Training with demonstration data

Human Annotatur\.-

Demonstraion Data

—

————>  Pre-trained LM

Step 1: Supervised Fine-tuning

Data Mining
-.}. Quality Analytics 22



o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Alignment Tuning

RLHF: Reinforcement Learning with Human feedback - [Step 2] Reward Model Training

TEFA| Ol M ﬁ.% | LMO| o] 7He| B S dEot == St, 2} BtHo|| Chsh 21zt WokAts M= &%= i
CHH D} STh EHHO|| CHSE|= QIZE MBS EE E6) QIZte| MSEE mufst & Q1= reward modelS SH5 A2

Reward modelO|= aligned model2|

Reward Model Pre-trained LM

—
— Training with feedback data

Ranking

Step 2: Reward Model Training

Data Mining
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o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Alignment Tuning

RLHF: Reinforcement Learning with Human feedback - [Step 3] RL Fine-tuning

23} e5S 56l aligned model2 &3} A|Z
Reward modelS B4 et4+2 A5t B4S Z|CH2}5t7| /6l alinged model2| HHME fine-tuning®

0| 2P 0j| A proximal policy optimizationO| At El

i““? / Rewar: Model 1 Aligned LM 6
[ oo ) wA L X {

Reward Training with RL alogorithim (PPO)

Step 3: RL Fine-tuning

\. Data Mining
Y Quality Analytics
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o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Alignment Tuning

RLHF: Reinforcement Learning with Human feedback

RLHFE Sdl| AF2X}I2| Ql2d0f| CHsl &St K861 Bt RES Ao A
InstructGPT %! ChatGPT= GPT-30|| RLHFZ} MEE|0] [ LI2 E2Q| eHHZ2 MMSh 4= Q1A El
J2{L} RLHF= Ct22t 242 SHA| ™ S0| EXiSH =71l 7fMo| Bt

etA’E: Human annotatorS 11 &0l H|O|E| A= =tEst7| 2|t H|E0] B0| 2K, FEHHel Q210 2t ot H|o|H Me| F& HARZt E XY

Safty
Helfulness
Human Feedback
Data Mining Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. (2022). Training language models to follow instructions with human feedback.
.‘}. Quality Analytics Advances in Neural Information Processing Systems, 35,27730-27744. 25



o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

( szwz )

Pre-trained 210 €2 24 mj2f0|E{7} 0L B7| ui20f| A mf2t0]E{0f CHSH tuningS +Ast=0l= %2 HIE0| &4 &

PLMS| B low instrinsic dimension= 72 > 220| 311 EZSHK|2 X2 SRt WEE LIEIL = S8 71 AHC = XS
RoBERTa= 2Z! 200712 a4 7Hs8t I2H0|E{ 2 90%2| performanceES EAgt

LLMO|A = 22182l fine-tuning= ol & 72t O2H0|E| =5 £0|= parameter-efficient model tuning 7|4 =0| B0| A&

P
Add /_\'“\'up s Scaling
‘ | }
h ReLU h \
i Wup
t t
PLM Module T PLM Module |
t ! W sown
X
X ~— A
Adapter Tuning LoRA

\. Data Mining
Y Quality Analytics
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o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

Adapter Tuning

7|Z layerof| 2|0l adapter layerS F7tgt
oluff adapter layer= target task0|| L2} £[X 3z} £|H 7|= LLME| ot20]E

=
O|FH| FL2 =M fine-tuning 2t Z0l|M S5 7Fst OI2t0|EL| =5 2R E 5% &+ US

Add
w“p

t |
h ReLU

T |

PLM Module W down

t

X
Adapter Tuning
Data Mining N . . . . . . .
.0}. Quoality hnclyticyOUISby’ N., Giurgiu, A., Jastrzebski, S., Morrone, B., De Laroussilhe, Q., Gesmundo, A, ... & Gelly, S. (2019, May). Parameter-efficient transfer learning for NLP. In International Conference on Machine Learning (pp. 27

2790-2799). PMLR.



o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

Adapter Tuning
goT T { ------------ = gt T f ------------ b
' Layer Norm ' + Adapter :
, t v Layer '
. Transformer : | E
 Laver Adapter o | @ Output:1xd
2x Feed-forward Feedforward E _ : : .
ot Q0 o : © Up-projection layer: m x d 1 Tl o v
T s o | @ Nonlinearity: Activation function
Layer Norm : Nonlinearity -
f 5 | . @ Bottleneck layer: 1xm (m << d) d? > 2md (m < d)
| . . .
Adapter © | : © Down-projection layer: d x m
| C
Feedforward ' .
Feed-far\::ard layer o | E o |nput_ 1xd
Multi-headed | :
attention o :

Data Mining
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o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

LoRA: Low-Rank Adaptation of Large Language Models

718: Weight update matrixZ} low rank intrinsic ranks 7}ZICt

Pre-trained weight matrix W, € R?*? 0f| CHal| O] S0l CHSF updateE low-rank decompositionS S8l Of2i2t 20| Eoigt
Wo+AW =Wy+BA, BeR¥™™A4eR™4 r <K min(d,d)

Pre-trained I}2|0|E{= 135t decomposed matrix2t &5

T~
Add .
Scaling

t ~

h
W up
t
PLM Module ‘

T wduwn

X — o~
LoRA

Data Mining
.‘}. Quality Analytics Hu, E. J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., ... & Chen, W. (2021). Lora: Low-rank adaptation of large language models. arXiv preprint arXiv:2106.09685. 29



o Training Techniques of LLMS §  pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

LoRA: Low-Rank Adaptation of Large Language Models

h h
Pretrained Pretrained B=0
Weights Weights
Freeze m
W € Raxd W e RAxd
A =N(0,0%)
d
x X

‘. Data Mining
Y Quality Analytics

W0+AW: W0+BA,
BeRY™ Ae R™Y  r & min(d,d)

ois II2t0]E| ~ Hat

=

d? - 2md (m < d)

30



Pre-training - Adaptation Tuning - Utilization

o Training Techniques of LLMs

Parameter-Efficient Model Adaptation

LoRA: Low-Rank Adaptation of Large Language Models

Aol dhAlo 2 XIME| = adapter2t E2| HEXMOZ TIHO| £|0f F7HHQl inference latencyZ} 2SI 4S
U2 AIZA ZO0|E E0|X| & —?—E4OI tset

40| HEE|0] EE JtsdE £HF 11 US (ex. Alpaca-LoRA)

o~
Add /\w " Add Scaling
t , f
h ReLU AN
! W
‘ VS *
PLM Module W dawn T |
1 ! W aown
X
\—/
Adapter Tuning LoRA
Data Mini
-‘}. chillf:;::iw E‘Eytics 31



o Training Techniques of LLMs Pre-training - Adaptation Tuning - Utilization

Parameter-Efficient Model Adaptation

Instruction tuning= Sl LLMS| S8 2 Z3}x|10
AlignmentZ Ed|| Q17| 7}Xx|Q} M0 2| sH&0]| =0,
0|2} 22 tuning= parameter-efficient model adapatation

JI'EE MESIH 2EFCE +dE +US

Q.. Data Mining
Y Quality Analytics



e Training Techniques of LLMS | pre-training -  Adaptation Tuning -  Utilization

Utilization

Pre-trained % adaptation tuning £2| LLMS & A25}7| ¢et =2 B

Prompt Engineering EHES E5l0| LLMS 238 o= M= HitY

Data Mining
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e Training Techniques of LLMS | pre-training Adaptation Tuning Utilization

Prompt Engineering

Prompt: LLMSZHE SE2 MAMSHY| 2|t =it
Prompt engineering: LLMO| 445}= Z1}=2]

LLMS| 852 prompte| ZH2|E|0f| 2o 2 A| ZREH, ¥=4i0] 232 22 20| CHE 222 488 = US

DEo| 57| ot 57 task 2 X|A| ArY

rr
b
J
P
0l

Context ‘ Do) HCt M LIS HHE 6B STot= Y MY 0

nputData | £ TSI% ok 2ol oifst 2
vy
.
Ir?d‘;zg‘t‘;r | ZWEC RY = YNS LEE 22

Prompt2| 14 24

\ Data Mining 34
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e Training Techniques of LLMS | pre-training -  Adaptation Tuning -  Utilization

Prompt Engineering

Zero-shot Prompting

=71 ot5 = oA §l0] 2t taskE F= A

5}
CHFSEL Cro[LfRiet HAE MEdS 2

1>
$0
~

Classify the text into neutral, negative or positive 4
Text: | think the moive was perfect.

‘. Data Mining 35
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e Training Techniques of LLMS |  pretraining -  Adaptation Tuning -  Utilization

Prompt Engineering

One/Few-shot Prompting

oiLt 22 R 7He| MLt BEEIS 7|22 HHE MdsH 5t= 7[He =z

i)
=
10
=
2
Ui
HI
2
M
rir
N
o
|0
HU
|.|']
0x
olr
o
09t
0z
g

GPT-3£ fine-tuning 10| one/few-shot prompting 2t 2T =22

Ot H EHAIS] =7 =& IFEE AXMOFol= 2Lt S 282 8% 2 + Y= eHAlIgE K

Translate English to Korean: 4
Dog = |
Bear = &=
Tiger = =
Cat =

\. Data Mining 36
o> Quality Analytics https://tech.kakaoenterprise.com/188



o Training Techniques of LLMs

Pre-training

Prompt Engineering

Chain-of-Though Prompting

S| =Ests aPEE SHEAIF|7] flsh SR
PaLME &&% I reasoning 2 H|0|E{ A2 SHEFA|A
LLMS| X2 52342 SFAIA|H 225 Ak AMAl Gl 7S X

I

Standard Prompting

Example Input
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?

Example Ouput

A: The answeris 11.

\ Data Mining
Y Quality Analytics

Adaptation Tuning

Chain of thought prompting

Example Input
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?

Example Ouput

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5+6 = 11. The answer is 11.

https://tech.kakaoenterprise.com/188

Utilization



e Training Techniques of LLMS |  pretraining -  Adaptation Tuning -  Utilization

Prompt Engineering

Zero-shot Chain-of-Though Prompting

Ez|7{ 2% "Let's think step by step (THAIE

Ea|7] 25 SiLIOH XIS AMIS B £2 U X2 TpEg S243

HU
0)—
_|u
St
HT
Ral
i
I=
Ohu
I=
im
=2
%
\J
3t
—
<
o
i
)
=2
Il
IR
i
=2
H1
un
Ot
i
_O,l
rr
I=
s}
0o
i
|1l

A juggler can juggle 16 balls. Half of the balls are golf balls, and half of =
the golf balls are blue. How many blue golf balls are there?
Let's think step by step!

o There are 16 balls in total. Half of the balls are golf balls. That means
that there are 8 golf balls. Half of the golf balls are blue. That means
that there are 4 blue golf balls

Data Mining
"}. Quality Analytics https://learnprompting.org/docs/intermediate/zero_shot_cot, https://towardsdatascience.com/pre-trained-language-models-simplified-b8ec80c62217



e Training Techniques of LLMs Pre-training -  Adaptation Tuning -  Utilization

Training Process of LLMs

@ @

Utilization
@

LLMS| 7|2x0l s2ig LLMS EX 20| uja} 712 LLMS Z}xo=
2E51= B adaptation A|7|= IHH Ar8st= EH
Data e |nstruction tuning ¢ Prompt Engineering

Architecture

Pre-training task
Optimization and Scalable
Training Techniques

e Alinment tuning
e Parameter efficient model
adaptation

\ Data Mining
ob Quality Analytics
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e Research Trend of LLMs

Research Trend of LLMs
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FEE ChESHH|, A2 3, Clo]E{= Bo

ore H1=E2 E3 transformer 7|4t2] language modelS0| 29| 37|7t FZ £2 MS50| SAtElo| 2ol &l
20207 53 175B2| 37|E 71Tl GPT-37t S&&

GPT-2 ®Alet A ZE 7HX[X|2 240t 50 =22 sHE E0FH, 2 223 thiEfe HI0|E AMloflM etaS AF|E 80| gdEll=s As

10000
-l- (=3 o Ol = (=]
GPT-3 O0|= LLMOj| Chgt A7} 2 2tals 2 B2 22 S0| 7hEE

1000
W
@
/Li-ii.’_'_?, /fEba E
v ,hn:. ‘g‘_
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' < A =
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A = —
o8 2 (K.
GI;(T P | i & \_;a*"" rﬁ’ e (f" <&
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After GPT-3

175B

(300B tokens)

175B 37|2| O|AN|Z=H 0|
MekEl o] REIZ
few/zero-shot 2fAlO 2

o 71—

LLMa EP.’E‘.EFE

= =20

in-context learningg =&

(2020.05)

LaMDA

137B

(168B tokens)

A28 crowdworker-
annotated data= fine-
tuning= ot quality
2 0F OfL| 2} safty2t
groundednesst =<

(2022.01)

InstructGPT

175B

(300B tokens + fine-tuning)

QIZH M| EuH 7|dt SIS S
GPT-30i| =l5t0] AFE X2
| Z E SESIEE ot

(2022.03)

Chinchilla

70B

(1.4T tokens)

Z0{Zl &t& compute

budget 50f|l A %% 2| =2
ot2t0|E-st& H|ojE 72

S 2N 4 U 444 Rot

(2022.03)

PaLM

540B

(780B tokens)

HE K| XL 7[Hel

Pathways A|AEI0| 7|85t

EKHLH &0 2= chain-

of-thought prompting2

2 2o S E2 B =&
Al

(2022.04)
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X = ChsA|, AL 37, HI0|E{= 2o

9 el JAX ™3| transformer!

@ B 37| JHs$3A! 70B ~ 540B )
e HIO|JE{ Al 7ts8H3A!! 168B ~ 1.4T tokens )
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Al2! MoK ChatGPTe| St

ChatGPT2| & AFEXI7t S7HEIX| 5 2Hi| 1002t
2016\ ATTIO| S 0|3 & W 8] o|=7} 2

7|= olo] meIatol X} ChatGPT Sprints to

One Million Users

o
il

olod XlBE =2 i CHH= AHAIG
1) EHQ'-%' =2 = Ol':’}' Gl'J_I— HiL-_=2 o l.‘:-‘.»lclélF Time it took for selected online services
. . to reach one million users
2) CHzt LHE 2 7[2lst 0 =t ShA| BhHEt
i oo R o - veric (I 5 years
3) MEoHK| 2 EE2 HED HHE kickstarter' - Y 2 5 yeors
oo™ - | 2 5 years
4) AFBRLS| 27} OIS Hhefsl BS JHMAIZ il
Foursquare* B 2 months
Facebook _ 10 months
Dropbox
ChatGPT2| SE2 QIZtut SALSH Al A|AH] EFL0]| 0N 23 Hets il ~Q 0,0
nlﬂgm Al 'EOF I'II‘"O‘"}\'IE I:I_;E %H ﬂ% Instagram™* . 2.5 months _/C\f _/O\]
ChatGPT |5 days - L
* one milhon backers ™ one milion nights booked *** one million downloads
Source: Company announcements via Business Insider/Linkedin
statista %a
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Al2! MoK ChatGPTe| St

What is LLM and ChatGPT?

2023.07. 28
Data Mining & Quislity Anghytics Lsh

What is LLM and ChatGPT?

wun. [§) nae LLM2| == 212]| 9! GPT series 223} ChatGPTO| CHol| XkM|s] CFE MjO|L}

] 20234 79 282
(9 2% 124 ~

D 222l v AE (YouTube)

Mo|L} B8 27| —
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How does an LLM research...?

o~ O LLMS H$HE|3 7 |HE2 HO[E{ Al Y PEPDIE S 37H5HK| &3
Q , 7o
E L

&EI

LLMSZ 7HeS17| I = CSxt

@ OpenA' 1) Foundation model

2) B SHAS YE A oIz
3) DEFO| HoJE] 4

LR HIAVIESU ER

a Closed-source LLM SHA|O|A LLM SH41E Sh= 210| 0 0{2{=2
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LLaMA: Open and Efficient Foundation Language Models (2023)

LLaMA: Open and Efficient Foundation Language Models

A7 SX9| open-source LLM

Hugo Touvron; Thibaut Lavril; Gautier Izacard; Xavier Martinet ﬁ —T—’-Il‘%'&“ 7‘” ‘:ﬂ Hé I—]{ oz o Eél D—I]{ -"‘-ﬂ -~ '_"'L._-I ':'._l'% —l?—
Marie-Anne Lachaux, Timothee Lacroix, Baptiste Roziére, Naman Goyal
Eric Hambro, Faisal Azhar, Aurelien Rodriguez, Armand Joulin

Edouard Grave; Guillaume Lample’

Meta Al

Data Mining
Quality Analytics

Abstract

We introduce LLaMA. a collection of founda-

tion language models ranging from 7B to 65B
parameters. We train our models on trillions
of tokens, and show that it is possible to train

state-of-the-art models using publicly avail-

able datasets exclusively, without resorting
to proprietary and inaccessible datasets. In
particular, LLaMA-13B outperforms GPT-3

(175B) on most benchmarks, and LLaMA-
65B is competitive with the best models,

Chinchilla-70B and Pal.M-540B. We release
all our models to the research community’.

performance, a smaller one trained longer will
ultimately be cheaper at inference. For instance,
although Hoffmann et al. (2022) recommends
training a 10B model on 200B tokens, we find
that the performance of a 7B model continues to
improve even after 1T tokens.

The focus of this work is to train a series of
language models that achieve the best possible per-
formance at various inference budgets, by training
on more tokens than what is typically used. The
resulting models, called LLaMA, ranges from 7B
to 65B parameters with competitive performance

Meta Al

&2 37|12 R (7B ~ 65B)
- 7B 2E2 Single GPU(V100)0|| A&l 7}

R CIOJE| AMTtS AL et

- Open-sourceZ A 7+s6HA| ot7| 2/gt
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LLaMA: Open and Efficient Foundation Language Models

Motivation
7|1Z LLME2 =2 A| compute budgetS 12{s}X| g1 @ st Msofot XM S of=
D9 Of20|EE 58 RY M52 = X0 E2 compute budget?] $HAZ 21l S1AZ QI £ 2 MH|AE 022 > HENZ| 2 H
FE2Z2 Qo ZAFE H|22 DA Oi20|E{ 50| H|2|517| T} 20f| M52 {X|otHA BEo| 37|E £0|= 20| 2
=I5t

compute budget L0 § &2 REIS O] B2 token2 = SFEAMA S5 M52 |FX6IHA FE A

Chinchilla LLaMA

10B 200B 7B

1T
model tokens model

tokens
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LLaMA: Open and Efficient Foundation Language Models

Architecture

7|E& LLM=2t 34| ChEX| &3
Pre-normalization [GPT-3]: && tEME £0]7| 28 transformer sub-layer2| outputO]| Ol input2 normalizing
SwiGLU activation function [PaLM]: ReLU CHAl SwiGLU Al

Rotary Embedding [GPTNeo]: Absolute positional embeddingsS AFE36HX| @411 rotary positional embeddings AFE

Efficient Implementation

H 22| A2k} AAEFS AZESE2| 28] multi-head attention2 28X O 2 11615t xformers 2H0|EHE{2|E A&
Backward pass A| X{A|AE| = ctivation% Z0|7| 2[5l linear layer S A4t H|20| 2 activatationS A& 511 AL S
65B 2AZ2 1.4T tokens2 £ St&A|7|7| £I5f A100(80GB) GPU 2,0487HE AtE6H 2f 21 ZE
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LLaMA: Open and Efficient Foundation Language Models

Results
Zero-shot settingdlA] LLaMA-65B= PaLM(540B) 2Lt £2 dSs, LLaMA-7B 222 GPT-3(175B) 2Lt £2 ds= HY
Closed-book QAS2| 2] taskO[A = LLaMA-65B7t 7}E £2 &5, LLaMA-7B= AHE o= W O 2 HARCG H E2 ds= EY
OfF A2 29| instruction H|O|E{ MIQ 2 tuningE £+t 22 450| A &AHE (on MMLU)
BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA OPT 30B  26.1
GPT-3 175B  60.5 810 - 78.9 70.2 638 514 576 ELL'T& légﬁ ‘;‘5”:
Gopher 280B 793 818 506  79.2 70.1 - i - a -
Chinchilla ~ 70B 837 818 513 808 74.9 . : : Pal.M-cont 62B  62.8
PaLM 62B 848 805 - 79.7 77.0 752 525 504 Chinchilla 70B 675
PaLM-cont 62B 839 814 - 80.6 77.0 - - . LLaMA 65B  63.4
PalLM 540B 880 823 - 83.4 81.1 766  53.0 534 OPT.IML-Max  30B 432
7B 76,5 79.8 489 76.1 70.1 728 476 572 Flan-T5-XXL 11B  55.1
LLaMA 13B 78.1 80.1 504 792 73.0 748 527 564 Flan-PalLM 62B  59.6
4 33B 83.1 823 504  82.8 76.0 80.0 578 586 Flan-PaLM-cont  62B  66.1
65B 853 828 523  84.2 77.0 789 560  60.2 LLaMA-I 65B  68.9
Zero-shot performance on Common Sense Reasoning tasks Instruction finetuning - MMLU (5-shot)

Data Mining
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LLaMA: Open and Efficient Foundation Language Models

Future work

LLaMAS QI7to] MST7} el SHS 5| 4247| ThE0l| ALEXte| Qi) QFHStT G831 HHSetx] 23

LLaMA is a Small Giant Model !!
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Chapter 4

¢¢ We are LLaMA's Family! 4
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Alpaca: A Strong, Replicable Instruction-Following Model (2023)

LLaMA-7B 222 instruction-tuning gt 2 &

- Instruction-tuning®! H3 2X9| LM

Self-instructE 224l Cizke| Cket H|0]E| 4
- GPT-3 (text-davinci-003)S A2t [|O|E{ AHAM

o2 5HE Sl ojojE| MM BE ZIY
- 911 ghitof 7o

Llama Alpaca
(2023.02.25) (2023.03.13)

‘. Data Mining 57
e%% Quality Analytics 2l =K: https://modernfarmer.com/2015/09/difference-between-llama-and-alpaca/
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Alpaca: A Strong, Replicable Instruction-Following Model

Motivation

Hetel Xt LHoj|A] nEE 9 instruction-following modelS 75517| 9o 2t A

JH

X3t 37| 9 TEE9| pre-trained LLM "| LaMA-7B P& "

EE3| %1 CFst instruction-following Ci|O]E{ All "Self-instruct 7|H"
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Alpaca: A Strong, Replicable Instruction-Following Model

SELF-INSTRUCT

LLMS 23} tH2F9| instruction H|O|E] Al M A= dit
Self-instruct ZZM|A
1) AF2HO[ M3t instruction seed=Z GPT-3 (text-davinci-003)2 A2 MZ2 instruction ME MM

2) MAE| 2 7|= task@l SAISI7LE E20| e NEE TE{2! 3t S 0|2 task poold| X7}

3) O] 2HE Yt=EsI0] CHAst B2 29| instruction H|O[E Al 135 2 Clnsien
I;IS seed tasks Wi:jh Task Pool Step 1: Instruction Generation !s'lrealzkz l ;:::?&?:;2:"
. . . instruction an ~ - '
$500 =i 0|52 H|E 2= instruction H[0|E IS #=8 e e | W v ?)
=i N — (e ] 2 @

Step 3: Instance Generation

] N\ Yes
Instruction : Find out if the given text is in favor of or against abortion. '
y ot ™
Step & Mitering Class Label: Pro-abortion w
Input: Text: I believe that women should have the rnight to choose whether or not W
they want to have an abortion. F. ONpas-fen LM
/" Instruction : Give me a quote from a famous person on this topic. : No
Input: Topic: The importance of being honest.
|| Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson | Input-first
‘. Data Mining 59
l‘. Quality Analytics Wang, Y., Kordi, Y., Mishra, S., Liu, A., Smith, N. A., Khashabi, D., & Hajishirzi, H. (2022). Self-instruct: Aligning language model with self generated instructions. arXiv preprint arXiv:2212.10560.
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Alpaca: A Strong, Replicable Instruction-Following Model

Training & Results

OkI
=
Ll
-
r
QD
<
>
ot
EI>
Al
M
i
mﬁ
or

89} self-instruct 7|'H MASE52ke| instruction H|0|E| IS 2 LLaMA-7B 22 & supervised fine-
tuningcfotl Alpaca 7B 22 1=

A100(80GB) GPU 87E AE3H 2f 3A[ZH shSoIR 2, 2F $100 O|5te| H|E0| AEE

GPT-3.5(text-davinci-003) 2} blind &&S 3ot Z1} Alpaca-7B7t 90:892 GPT-3.58 24517 0|4

@ Meta e j
LLaMA 7B (\&/)
Text-davinci-003 \ . ¢
N Supervised - .
o 52K Finetuning Alpaca 7B
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks

Alpaca's training recipe

Data Mining
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Alpaca: A Strong, Replicable Instruction-Following Model

Limitation

Hallucination(&t2}), toxicuty(54), streotypes(11d £td) S| LLMO|IA YUt O 2 EMSt= T S0| LIEH
Text-davinci-0030]| H[8}| hallucinationO| & AZFSHA| LIEFE

Text-davinci-0032| &2 =210 2 MAME| instruction H|0|E{ A2 A2l ChatGPTO| H|sH O 2 ShHE MAMst

Enter your instruction and press enter

What is the capital of Tanzania?

Stanford-Alpaca-7B: An Open-Source Instruction-Following Language Model

Dar es Salaam.

EFXtL|OFS] === ELXIL|OFOf|A] 71E 2 £ A|Q! Dar es SalaamZ &2 HHHE
(Dar es Salaam2 1974ANX| XS

Q.. Data Mining
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Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT
Quality (2023)

Llama Alpaca Vicuna
(2023.02.25) (2023.03.13) (2023.04.01)

i i

n LLaMAE fine-tuning3t 9= AA $5 Qe l u GPT-42 283t MZ2 LLM H7} b Fjot

. S .

.
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Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT
Quality

Training

AEXIS0| ChatGPT LH3IE 2 R0 rE HIALO|E ShareGPTO|A] 2F 70k2| CHRLE =
Multi-turn CH3IR} 71 A|RAE ¢ = I'%* T UES AlpcacadllM HSot= 23 ATEES 7HMe
X|CH 2% 20|12 5120{|A 20482 EEA|F| T, multi-turn CHEIE QI8 &4 sh4 JHM SHS HI MZH 9 o2 2| | X31E 9|3t 7|H

A100 GPU 87l £ oIF =2t oh&

11y
[l
0f0
ot

Serving }

Distributed serving with

[ Data ]—{ Training FC FastChat

User-shared
conversations
(e.g., ShareGPT)

Supervised instruction ) W
fine-tuning on LLaMa Evaluation J

Assess the outputs with
Run on any cloud with <¢ SkyPilot @ GPT-4

Vicuna's Workflow

Data Mining
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Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT
Quality

Evaluation

X 220 ZTOIHA X032 H|O|Ef HOf|M AHEO] 858 #EoH 71 AT
GPT-45 AIEdl MX2o| 52 B0}

= dES Fet
GPT-4Z EES ddotil, 2t HHS GPT-42 A4l 108 TS 7|22 Bk (helpfulness, revlevance, accuracy S2| 7|1& HE)

7/10 €2 10/10

Question: Compose an engaging travel blog post about a recent trip to Hawaii, highlighting cultural
experiences and must-see attractions.

Data Mining
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Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT
Quality

Results

M DE Ms TWIH0j|A LLaMA®RE Alpacas EHI s/t
Bard2CH= 27t 7L}t Q| S53t M5E EFOMH GhatGPTRE SAISH MsS H(ChatGPTL| 90% &)

=

B Vicuna Won Tie Vicuna Lost

Baseline Baseline Score Vicuna Score

LLaMA-13B
LLaMA-13B 513.0 694.0

Alpaca-13B
Alpaca-13B 583.0 704.0

Bard
Bard 664.0 655.5

ChatGPT
ChatGPT 693.0 638.0

0 20 40 60 80

Response Comparison )
Assessed by GPT-4 Total Scores Assessed by GPT-4
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Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT
Quality

Limitation

)
0%
olr
1[0
HL
0o

Reasoning2} mathematics taskOl| M= £X| &

Factual accuracy= E2A6t= O] SHA7t JICH safetyS 45111 toxicity2l biasE 2t2fsot=0| X| X3}t &|X| &£S
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We are LLaMA's Family!

LLaMAE 7|uto 2 ¢ cieist RS0 HEtol Z7HE e oo —

Data inheritance tuning =i ) Full parameter fine-tuning

+ chinese data
Crefot AHOZ LLaMAS 2% F$H Lt
st GlOJE| o] 7S y

. - Linly-Chinese-1.LaMA | = "'1 : . o bt L
In put mOda Ilty = %!-JC:;I: : _': L ’ . Yulan-Chat

PKLU-Beaver )
Eg ED—”?_IO—” ':F_I;E-Ilgl. @\ Cornucopia e’

r

Open-Chinese-LLaMA = = =77 {

Vicuna

+ synthetic data
+ Alpaca data

1. Lawyer
" | LLaMA OpenFlamingo LLaVA

'%'_ifl BELLE MiniGPT-4

* t
chat data + task data

QiZhenGPT . Baize

Open-source modelO| 25| S0 UAS « task data

e g TaoLi 0 + task data Visionl. LM InstructBLIP Chatbridge
2L} O}=! closed-source model2 CHA|SH = 022 N _ L
ChatMe -

Adapter PandaGPT
@ BenTsao =1- LAWGPT Multimedal models

+ task data

Guanaco

[ marh & Finance @ Medicine *12 Law B/ Bilingualism Ml Education
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Chapter 5

¢¢ Open-source LLM2| A|l&E|=

A

MPT-7B

A New Standard for Open-Source,
Commercially Usable LLMs
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Falcon (2023)

n) ‘ " : ) Mooy ===
Introducing “ =\ ¢
Falcon LLM o

Open-source LLM & sota s &4

Technology Innovaton Instiute has open-sourced Falcon LLM for

A aareih amd Ancmmnacaiol | Sleatin 4

esaarch and commercial utilZabor (‘

m gt
e

. L !
Tl is calimg for proposals from the global research community and SME : t |

entrepreneurs 1o submit use cases for Falcon LIM

SN AE0| 7ts

- LLaMA, Alpaca &2 ¢+ SHQ =0 AE0| 7tsg

O

Technology Innovation Institute
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Falcon
CH12 CO|E| =X SHE SUOH oj|A £ H|0|E{of| Chs ZE{2! % S= HHE 48 > 15008 token2| APH 21 Cf|0|E{ Al 1=
Of7|EjM2| dsit 2849 XX}

%, Chinchilla®l 40%, PaLM-62B2| 80%2t2 Al

GPT-32| et HFEQ 75
Aol =20 2[HstEl RS AR CH, FE St 2EdS SHAE

FlashAttention & multiquery 7|'"HE

3N A2 E AALLM B2 & sota 85 Y

70
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MPT-7B: A New Standard for Open-Source, Commercially Usable LLMs (2023)

£ +
| - GPT-49| 28l Zo| 2% Y=
g X
' M PT-TB * YA AHO| 7ts
A New Standard for Open-Source, LLaMA A|paca S 1 Z2XMOo 20 AIR20| it

. Commercnally Usable LLMs .

+ Foundation Series +

MPT-7B-StoryWriter-65k+

- O 71 202 O|0F7|E 11 M 7| Qlal A 1=l D=

MosaicML
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MPT-7B: A New Standard for Open-Source, Commercially Usable LLMs

Positional embedding= ALIBiS 2 CiA|ot0] Of 7| AiH &S Mele = US (Z[CH 65k7HX| HE2| 7ts)
CHE 22| open-source LLM2 =8 7l2| EZC = LA El AIRADRE X2 = US

Flash Attention & FasterTransformerS Edlf 2 =& 3l £22 %|x3}

BIAERL IE S 1T token2 2 StSA|ZICH QI7He| JHGI0| MSEE BIX| 23 Al

LLaMA-7BEI- H i"-‘?-_l- }:5" Ia g E:jnl e Open Source Status
] : ﬁgf;:j:;:urce
g} 60000 WA
3 50000
=~
a % 40000
c
- % 30000
E &
E 20000
g 10000
= 0 — — — — — _ -
" > N D & 2
a‘f‘&’é}- l S & a{’;ﬁ} 1:5‘ 4 {;ﬁ‘“:" \?3“@
oy q‘ln'" &:9 "bt-; 'Qs;
c;-a{i \.._4} 2 ;\é@& Cy
& & S
- . - Q“’
Maximum input lengths of difference LLMs N Model
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MPT-7B: A New Standard for Open-Source, Commercially Usable LLMs

MPT-7B-StoryWriter-65k+

0 71 ZIRMAE ZO|S 2= 0[0p7| & S M7] 2fsh 2| 2~
L=

2t0fl A 65k token2| ZHEIAE ZI0|2 MPT-7BE fine-tuningst] 715
El

O] 2E2 books3 H|0|E| M|ES| 2EE &
TN EAED AoE=S dde (2F 20 THof| (FIChet 7H=H]) TA| HIAES ME|)

11—

N
x
ot
=0
MO mA

I have lived so long in the shadow of this dream that I may never see the
~ 3 2 bright sunlight of reality. | may look up some morning and find that I am six
The Great Gatsby by F Scott Fitzgerald feet under, and that Gatsby, who gave me the dream and everything else, will
have vanished behind me.

And so it was. | had hardly crossed the threshold of the old world when my
eye caught the headlines of a newspaper, and | knew at once that my dream
was over. | knew that Gatsby was dead.

And as I sat there brooding on the old, unknown world, I thought of Gatsby’s
wonder when he first picked out the green light at the end of Daisy’'s dock.
He had come a long way to this blue lawn, and his dream must have seemed

s0 close that he could hardly fail to grasp it. He did not know that it was And I knew that day that I didn't love her.
WA MPT-7B-StoryWriter-65k+ already behind him, somewhere back in that vast obscurity beyond the city,
Model Input: where the dark fields of the republic rolled on under the night NA MPT-7B-StoryWriter-65k+ That ui.ghl I took the '“f" train for West Egg, “"d_ “'h"'f I reached home I
All of The Great Gatsbs Model Output: went directly to my attic and brought down all Gatsby's letters.
Gatsbhy believed in the green light, the orgastic future that year by vear Generated Epilogue

: I have sorted them by date and placed them in the order in which they were
recedes before us. It eluded us then, but that’s no matter—tomorrow we written, They are very few in number.

will run faster, stretch out our arms further ... And one fine morning—

(67873 tokens)

with ‘Epilc gue’ at the end
They are dated between April of nineteen eighteen and January of nineteen

So we beat on, boats against the current, borne back ceaselessly into the nineteen, and the last one I have here is the one that told me he was dead.

Dast. R R "l .
! There is something in that last letter that frightens me. It is the sense of a
finality, of a completeness. | never heard of him after that, and | was glad,

But a few months ago | read somewhere that he had been seen in New York.
EPILOGUI He had become a great man.

And I knew that he had not changed at all.

Input: QI =7} 0fx|2of| = fICHet 7HXH| Output: Y&t EHZT
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models (2023)

Llama Llama2
(2023.02.25) (2023.07.18)

Data Mining
Y Quality Analytics

Open-source LLM & sota 45 g4
- Falcon, MPTELCI 248t M5

Llama2-Chat: dialog use case0]| %|Z3}El
- SFT, RLHF, GAtt 52| & 7|4 M &

d9H MO 7t
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Pre-training

HU
ot

7|Z Llama10i|A] AF2St pre-training 2AIE 7|Hto
ZF71M QO Z robust data cleaning =3, data mix &
7

ME S S0l 45 8 0 2 220 thist HFd=

I0|E, EZ2 &= 40% 57t ZEIAE ZO0| 28 7}, grouped-query attention (GQA)

I

i

Training Data Params  Context GQA Tokens LR
Length

7B 2k 1.0T 3.0x 104

e See Touvron et al. 13B 2k 1.0T 3.0 x 104
(2023) 33B 2k 14T 1.5 x 1074

65B 2k 14T 1.5 x104

7B 4k 2.0T 3.0x 1074

ka5 A new mix of publicly 13B 4k 20T 3.0 x 10:4
available online data 34B 4k v 2.0T 1.5 x 104

70B 4k v 2.0T 1.5 x 1074

Llama1vs Llama 2
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-‘:.. Quality Analytics 75



e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Pre-trained Model Evaluation

Open-source LLM ZHM= 71E £E2 452 HY
Llama2-70B2 HR E{A 30N GPT-3.5, PaLM(540B)2t= RAISHALE H LI A58 EY
J2{L} GPT-42} PaLM-2-L ECH= $#X35| W2 Ms2 2

= Commonsense World Reading ,
Model  Size Code Reasoning Knowledge Comprehension Math MMLU BBH AGIEval
MET 7B 205 57.4 41.0 57.5 49 268 310 235
30B 289 64.9 50.0 64.7 9.1 469 380 338 Benchmark (shots) GPT-35 GPT-4 PaLM PalLM-2-L Lramaz2
7B 5.6 56.1 428 36.0 46 262 280 212
Falcon , MMLU (5-shot) 70.0 86.4  69.3 78.3 68.9
R SO R w
i, 13B 189 66.1 52.6 623 109 469 370 339 ggtmugéqal_leﬁmns (1-shot) - N 29.3 37.5 33.0
338 26.0 70.0 58.4 67.6 214 578 398 417 (8-shot) 57.1 920 565 80.7 56.8
65B  30.7 70.7 60.5 68.6 308 634 435 476 HumanEval (0-shot) 48.1 67.0 26.2 - 29.9
7B 168 63.9 48.9 61.3 146 453 326 293 BIG-Bench Hard (3-shot) - - 52.3 65.7 51.2
o o 13B 245 66.9 55.4 65.8 287 548 394  39.1
34B 27.8 69.9 58.7 68.0 242 626 441 434
70B  37.5 71.9 63.6 69.4 352 689 512 542
Comparison to open-source models Comparison to closed-source models
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning

T MES| A+ 20 2Hdo| &
Supervised fine-tuning(SFT), reward modelingZt RLHF S2| B|3 =2t | E 7| M|2t5H= Ghost Attention (GAtt)E HEg

Helpfulness X safety0i] i3t 21ZH T2 7|HIO 2 closed-source 2 E Q| CHH|KH 2 A 2| 7541 0| &0} &

HUMAN
EEEEEE CcK
FINE-TUNING

Rejuc tion Proximal Policy
Sarmpling Optimization

fiekuming Qé Llama-2-chat

Training of Llama 2-Chat
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (1) Supervised Fine-Tuning (SFT)

7|Z2| SFTE I‘ﬂ; QEGO|H M2
MetaOj|A] T=ZAIS| SFT O|0|E] Ml StHSt= 0| SHES £ > NEZIO| A2F[H|0|E Al &ty

Ci2 2Fo| M2t # F2 CI0[HE A2 S uf RHo| H50| W ZO01ES el

=2 = —

|.0t)d_,j|. %xl 0| L.I'%

Quality Is All You Need!
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (2) RLHF - Human Preference Data Collection

Reward modeling2 ¢ldli 2172t M= O|0|E E 7

Human annotator®i|A| 5 72| 2 EIH &5 O M6H= MEfSIEE &
Helpfulness&t safetyOl| & » 27l2] EHO &
o|mlf safetyOi|A|= & EtHO| CHe B[ &2 OfL|2} Zf EHO| QHHSHX| OHIX|E HINSIES 5t0] & B R5F S0ty 32 ol O[0|E Z H|L|A[Z

-
<

A
=
0
N
M4
I1[[o
N
Ral
=
_]\J
N
ol
N
—0|—|.
|.|'|
Jh
ook
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (2) RLHF - Reward Modeling

DHo| EA Tt 3Tt promptS YO 2 ot 2 ShHoj| Chg
o|f helpfulness®} safetydl] Ztst M7t AEst= AL}

[2tA helpfulnessE 2I%t reward modelzt safetyE

QIZte| MS T E 0| 5510 scoreE &6t = reward model2 &5
O, 5tLt2| reward model0| & 7HX|E 25 & HtF5}7| 02 S

reward modelE ZZf StSAIE

ok

LS
=l
ot

O Safety Reward Model

()

Human preference data Helpful Reward Model
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (2) RLHF - Iterative Fine-Tuning

= 71X| 212|5S AFR310] RL fine-tuning2 4318t

Rejection Sampling, Proximal Policy Optimization (PPO)
°1Zt M3 H|0|E{ Ml & 3 reward model2 S&A|7|HAM RLHF 2O A& HE S 8H&5tH 2 0|2 RLHF-V1 ~ RLHF-V
RLHF-V47}X|= Rejection Sampling= AI2JHCMH 1 20|= 5 7HK|E &XH 22 Hghet - Rejection Sampling2 2 st&El Z110f| PPOS

M3 3 ChA| MZY 7%

1O
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (2) RLHF - Iterative Fine-Tuning

Rejection Sampling
Z} iterationO| A 71 Z| 2 20| promptOiCt K7HS| B S MEEet
1 = 2 ME0| CHll reward modelS Sdll scoreE At=0t 5| 712 £2 HHE Mels

Aligned modelO| 7}% £2 HHO = MEHE MES MMSIT = cross-entropy lossZ 2f& > SFT2F S0t ofs 24

Proximal Policy Optimization (PPO)
PPO 7|dt &t& Al reward model2| 4= safety model 42} helpfulness model H4
(1) M=l EHHO| QHMBHK| 2t ™ safety model?| M4-E reward2 ME > [ QHM$H £HH
C

= OfLI MEHE| O] AL E
=] Al
- = =
(2) M=l 2HO| 2PMGHH helpfulness model2| B+= reward= ME > [ ¢t ZHHE HHSIEE otg

MABEE o

Rs(g | p) ifis_sarery(p) or Rs(g | p) < 0.15
Ri(g | p) otherwise

Ri(g|p) = {

‘. Data Mining
Y Quality Analytics
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Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (2) RLHF Results

Helpfulness human evalutation|A] 7| Z£2| open-source LLM2Z} ChatGPTEL} 4ot M52 EY

ChatGPTEL} safety 7| =0|AM 1R £E2 M52 EY > Helpfulness reward model?} safety reward modelE 22} St5A|AH At Ant

P

Tie  Loss 60%

Liama 2 is worse

315 325 5(_)"-__,--------------------------------:A ......
Llama 2 is better '

Llama-2-T0b-chat
vs. ChatGPT-0301

)
ChatGPT-0301 |
vs. Llama 2 (70b) |

W

=

Llama-2-70b-chat
vs. PalLM-Bison

R
Y
S
o

Llama-2-34b-chal
vs. Falcon-40b-instruct

146 9.1

Safety Win Rate

Llama-2-34b-chat

va, Vicuna-33b-v1.3 3.2

o
S
o

PalM-Bison
vs. Llama 2 (70b)
24.9 Falcon-40b-instruct \ .
{ \
o/ V5. Uacna 2 (70b) [ S—

Llama-2-13b-chat
vs. Vicuna-13b-v1.1

—
Q

04109 8 2 Bwe

o
e

Llama-2-7b-chat

¥
vs. MPT-7b-chat 611 20.9 18.0 :

0% 10% 20% 30% 40% 60%

10 20 30 40 50 60 70 80 90 100
% Win Rate

Helpfulness human evaluation

==

Helpfulness Win Rate
Judge: GPT-4

Win-rate % for helpfulness and
safety between commercial-licensed
baselines and Llama 2-Chat
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e Research Trend of LLMs

Llama 2: Open Foundation and Fine-Tuned Chat Models

Llama 2-Chat: Fine-tuning (3) System Message for Multi-Turn Consistency - Ghost Attention (GAtt)

7|= REEL2 multi-turn CHEH|A 7| CHEHE YO{HE|= 28|71 QoM 0|2 s ASH7| 28 Ghost Attention (GAtt) 2 H|QFet
GAtt: Multi-turn CHEHE 9|8t fine-tuning H|0|E{ A2 L &6t= WH
CHetE M M= X£7| CHel =2 instruction= 22 B0 71 »> 8 282 Ao X|= 8|7 2

11 0|20l= Z=7| EHof| M2 7 X[t LIHX] EoM = A 22 =& Al £7| EH 2f0f| LIHX] Ho[A{2] instruction0] it lossE 02= &

F0|(ex: HIL|AS F0tal), Uo(ex: ZHA0), L=(ex: LIZCSHE Zol7|) S| 27(0f] 2EE HM|<f At & IS 5 U &
9 Who are you?
9 Who are you? 0
le I:HQ.I' T _:It_yl |nStrUCtlon 9 - @  How o go from Paris to NY?
"OIEEI=IOEDI' EHI:I- Hx'I" e How to go from Paris to NY? 0 —
9 What caused the extinction of the dinosawrs?
O Thors s sovers s oo o O aeas
el il 0
QO veas

Issues with multi-turn memory (left) can be improved with GAtt (right).
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e Research Trend of LLMs

Open-source LLM2| A&k = M%

MPT-7B

A New Standard for Open-Source,
Commercially Usable LLMs

0§%5| closed-source LLMOj| H|3|| 5t2 M52 HO|T QIOLIHHE £ 5 2 MS0| SHAE| T Q12
AL2|0| o 3A| 7|ofsta A7 S8 ETIA|7|7] fI6H open-source LLMS0| Al&SHA S7H=| A2, 0fof 2} LLMS| ST = AlSSHM YWHSID JS




e Research Trend of LLMs

Training Techniques and Research Trends of LLMs

Large language model2 211X O 2 st&st1l 285}7| 28t £ 7|HES AME D
LLM ¢i1o| S=x1} sh| X|Ale] LLM SIS A|et

© Training Techniques of LLMs

v Pre-Training: LLMQ| 7| 2X0l 532 §55= 1™
v Adaptation Tuning: LLM2 EXot SH0| ut2} 72 adaptation A|7|= 2t
v Utilization: LLM2 28O 2 A25t=

|1E

© Research Trend of LLMs

v From GPT-3 (2020.05) to Llama2 (2023.07)
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