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1 “Big Four” Pretraining Framework
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i Language Models (Zhang et. Al)

|
GPT3 @ """""""""""

I
: OPT: Open Pre-trained Transformer
I
I
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Chinchilla Scaling Law

mmm—— - . FEEA/INDY|ZRtokenBOE B Rz IRIEE
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' LLaMA: Open and Efficient Foundatlonl
Language Models I
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SSHEERY,

I 7Y g T T

CommonCrawl|
C4, Github
Wikipedia

Books
Arxiv
StackExchange

LlaMa 1

A new mix of
publicly
LlaMa 2 available
online data

LlaMa 2fBEtt LIaMa 1{EF T EZHtokens

13B
33B
65B

/B
13B
34B
70B

1000B
1000B
1400B
14008B

2000B
2000B
2000B
2000B

140B
260B
660B
1300B

1408
260B
680B
1400B

Language Percent Language DPercent
en 89.70% | uk 0.07%
unknown 8.38% | ko 0.06%
de 0.17% | ca 0.04%
fr 0.16% | sr 0.04%
SV 0.15% id 0.03%
zh 0.15% [|cs 0.03%
es 0.13% fi 0.03%
ru 0.13% | hu 0.03%
nl 0.12% | no 0.03%
it 0.11% | ro 0.03%
ja 0.10% | bg 0.02%
pl 0.09% | da 0.02%
pt 0.09% | sl 0.01%
vi 0.08% | hr 0.01%
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1 LLaMa 28955145

FOE (WIEHTI)

BT R AESERIERAI T LR, SHEINAIRHREELIR
SAERMetafAFEUE

ERTEREN AN AGCRHIRGEIEYE

BN HUBRE R TR ML E

2.1 Pretraining Data

Our training corpus includes a new mix of data from publicly available sources, which does not include data
from Meta’s products or services. We made an effort to remove data from certain sites known to contain a
high volume of personal information about private individuals. We trained on 2 trillion tokens of data as this
provides a good performance—cost trade-off, up-sampling the most factual sources in an effort to increase

knowledge and dampen hallucinations. Data Sampling in LLaMa 2

90
85
80
75
70
65
60
TrivialQA

LLaMa 1 LLaMa 2
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O IS5 B ¢ G EE S
B transformer architecture

-

I 2
—{"Add & Norm )

Feed
Forward

X" = Attention(Q, K, V) = softmax

|
|
— : /dk
|
I
|

N> ~| Add & Norm )| where K =XW"

head; = Attention(Q;, K;, ;)

I [ Multi-Head )|
| AL;ttlention AI V=X Wv
A —— J |
Positional )
Encoding 'Y
input : X' = MultiHeadAttention(Q, K, V) I
Emberd'”g , = concat(heady, ..., head, )W? :
' where :
Inputs | |
| |
I I
I I

Attention Is All You Need, Ashish et al 2017 13
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X1 Xy X3 Xy Xg

\

L transformer architecture
B Grouped-query attention

-

I 2
~>| Add & Norm |
Feed

!
S Sroupedavery S rorward I X' = Attention(Q, K, V) = softmax =
S ! \/
- : k
!
!
|

N> ~>{ Add & Norm ) where K =XW"

head; = Attention(Q;, K;, ;)

r UUUUUUUU INininl 1 T u-Head | Lo .
------------ 1 Attention I V=XW
(0000000 00000000 DOAannn T 0= X W
A —— J |
Posiional 2N L VI
Encoding P
input I X" = MultiHeadAttention(Q, K, V)
Emberd'”g | = concat(heady, ..., head, )W°
' where
Inputs |
I
I
I

GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints (Ainslie et al 2023)
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O 725284 &4l
B transformer architecture

B Grouped-query attention

-

B KV-cache —(Add &fNorm ) Single Head

Feed
Forward

X" = Attention(Q, K, V) = softmax

|
|
— : /dk
|
I
|

N> ~| Add & Norm )| where K =XWn"

head; = Attention(Q;, K;, ;)

I [ Multi-Head )|
| AL;ttlention AI V=X Wv
h..t—--—,p——l Q=XWq
A —— J |
Positional )
Encoding 'Y
input : X' = MultiHeadAttention(Q, K, V)
Emberd'”g , = concat(heady, ..., head, )W?
' where
Inputs |
I
I
I

GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints (Ainslie et al 2023)
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e

\

transformer architecture
Grouped-query attention
KV-cache
Pre-normalization
using RMSNorm

Layer Normalization¥& @ E/SEL, 1F
FAEFAENEEFEESE —SHEM
FZE, JETRERNFEIFZN

I 2
—{ Add & Norm J Post-Layer Normalization
Feed

-

Forward ' X' = MultiHeadAttention(X, Q K, V) :
‘T---.._l X'= X+ X |

h ﬂf&jﬁﬁi:_l_ _: . X' =LayerNorm(X’) :
Attertion |1 - — - e - - - :
=

Positional

I I
Encoding D I X" = LayerNorm(X) ,
= : = MultiHeadAttention(X’, Q, K, V) :
Embedding I X' =X+X |
| L e o !

Inputs
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O iFHBenchmark
® Code: HumanEval, MBPP
B Commonsense Reasoning
® World Knowledge
OO0 NaturalQuestions, TriviaQA
m Reading Comprehension
® Math Problems
® Popular Aggregated Benchmark
O MMLU, BBH, AGI Eval (English only)
O &L

B Few-shot Prompting

an Open LLM LeaderboardT ack, rank and evaluate open LLMs and chatbots

% LLM Benchmark

17
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O Code - HumanEval

prompt

entrypoint

test

def has_close_elements(numbers: List[float], threshold: float) -> bool:
"en Check if in given list of numbers, are any two numbers closer to each other than
given threshold.
>>> has_close_elements([1.0, 2.0, 3.0], 0.5)
False
>>> has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0], 0.3)
True

nmn

has_close_elements

def check(candidate):
assert candidate([1.0, 2.0, 3.9, 4.0, 5.0, 2.2], 0.3)
assert not candidate([1.0, 2.0, 3.9, 4.0, 5.0, 2.2], 0.05)
assert candidate([1.0, 2.0, 5.9, 4.0, 5.0], 0.95)
assert not candidate([1.0, 2.0, 5.9, 4.0, 5.0], 0.8)

18
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[0 Commonsense Reasoning - HellaSwag

context A woman is outside with a bucket and a dog. The dog is running
around trying to avoid a bath. She...

endings A. rinses the bucket off with soap and blow dry the dog’s head.
B. uses a hose to keep it from getting soapy.
C. gets the dog wet, then it runs away again.
D. gets into a bath tub with the dog.

label C



1 LLaMa2a0iF b ESS /&0

OO0 World Knowledge - NaturalQuestions

question

wikipedia page

long answer

short answer

what color was john wilkes booth’s hair

John Wilkes Booth

Some critics called Booth “the handsomest man in America” and a “natural
genius”, and noted his having an “astonishing memory”; others were mixed in
their estimation of his acting. He stood 5 feet 8 inches (1.73 m) tall, had jet-black
hair, and was lean and athletic. Noted Civil War reporter George Alfred
Townsend described him as a “muscular, perfect man” with “curling hair, like a

III
.

Corinthian capita

jet-black



g LLaMa2a0iF b ESS /&0

[0 Reading Comprehension - SQUAD

context Beyoncé Giselle Knowles-Carter (/bi: 'jonse1/ bee-YON-say) (born September 4,
1981) is an American singer, songwriter, record producer and actress. Born and
raised in Houston, Texas, she performed in various singing and dancing
competitions as a child, and rose to fame in the late 1990s as lead singer of R&B

girl-group Destiny's Child. ...

question When did Beyonce start becoming popular?

answer in the late 1990s

answer start | 269
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0 Math Problems - GSM8K

question

answer

Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning
and bakes muffins for her friends every day with four. She sells the remainder
at the farmers' market daily for S2 per fresh duck egg. How much in dollars
does she make every day at the farmers' market?

Janet sells 16 - 3 - 4 = <<16-3-4=9>>9 duck eggs a day. She makes 9 * 2 =

$<<9*2=18>>18 every day at the farmer’s market. ###
18
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O Popular Aggregated Benchmark - BBH

inputs Q: What movie does this emoji describe? ' oo 4 \n choice: harry
potter\n. choice: shutter island\n. choice: inglourious basterds\n. choice:
die hard\n. choice: moonlight\nA:

targets ["harry potter"]

["harry potter”, "shutter island", "die hard", "inglourious basterds",
"moonlight"]

choices

choices scores [1, 0,0, 0O, 0]



g LLaMa2a0iF b ESS /&0

O Llama 2 vs. Llama 1

B 7B, 13B{EEYPIAEIRTT
B 34BEEENFEEK/AIEEEFFERT /)N

B 7£Math, MMLU, BBH, AGI Eval H1ZFHBEE |

Commonsense World

Reading

1
BBH AGI Eval|

|
I Model  Size Code Reasoning Knowledge Comprehension Math MMLU
IMPT 7B 20.5 57.4 41.0 57.5 4.9 26.8 31.0 235 !
30B 289 64.9 50.0 64.7 91 469 380 338 |
lpalcon /B 56 56.1 428 36.0 46 262 280 212 !
I 40B 15.2 69.2 56.7 65.7 12.6 554 37.1 37.0 |
7B 141 60.8 46.2 58.5 6.95 35.1 30.3 239
LLAMA 1 13B 189 66.1 52.6 62.3 10.9 469 37.0 33.9
33B 26.0 70.0 58.4 67.6 214 57.8 398 41.7
65B 30.7 70.7 60.5 68.6 30.8 634 435 47.6
7B 16.8 63.9 48.9 61.3 14.6 453 326 293
LLAMA 2 13B 245 66.9 55.4 65.8 28.7 548 394 39.1
34B 278 69.9 58.7 68.0 242 626 441 43.4
70B 37.5 71.9 63.6 69.4 352 689 512 542

Benchmark (shots)

GPT-35 GPT-4 PalLM PalM-2-L Liamaz2

MMLU (5-shot)
TriviaQA (1-shot)

Natural Questions (1-shot)
GSMS8K (8-shot)
HumanEval (0-shot)
BIG-Bench Hard (3-shot)

70.0

57.1
48.1

86.4
92.0
67.0

69.3
81.4
29.3
56.5
26.2
52.3

78.3
86.1
37.5
80.7

68.9
85.0
33.0
56.8
29.9
51.2

24



1 LLaMa2a0iF b ESS /&0

] I_Ia Ma 2 VS. I_l dMma 1 :Model Size Code %;’:;(Tl?r‘:;eme }g‘f;i:le dge gf)ﬁlg;ghemmn Math MMLU BBH AGI Eval:
| 7B 20.5 57.4 41.0 57.5 49 268 310 235 |
L] Z':T:Math, MMLU, BBH, AGI EvaIJ:TxEEﬂEEE (MPT 508 289 64.9 50.0 647 91 469 380 338
7B 1331:"‘"#'.]1 Qﬁﬁfaﬂ- I Falcon 7B 5.6 56.1 42.8 36.0 46 262 280 212
H I 40B 152 69.2 56.7 65.7 126 554 371 370
! SRR 7B 14.1 608 462 585 695 351 303 239
13B 189 66.1 52.6 62.3 109 469 370 339
] (=Fiu| TFH 5/ \BOfaEaYiE 7|\ MLramar gap 500 700 58.4 67.6 214 578 398 417
34B*Ei7|ﬁyj:‘|:"l:'jcj E/J*Eij:mﬂ_*ﬁyj] 65B  30.7 70.7 60.5 68.6 308 634 435 476
MmN I 7B 16.8 63.9 489 61.3 14.6 453 326 293
L] '—5 |ﬂl}/§7‘t§§éyjtt L 13B 245 66.9 55.4 65.8 28.7 548 394  39.1
LAMAZ 4B 278 69.9 58.7 68.0 242 626 441 434
37.5 71.9 63.6 69.4 352 689 512 542

(Codellama, Lemur)

Benchmark (shots)

GPT-35 GPT-4 PalLM PalM-2-L Liamaz2

" Code & Math L SEFIEEIERAZIE |

MMLU (5-shot) 70.0 86.4 69.3 78.3 68.9
 TriviaQA (1-shot) - - 81.4 86.1 85.0
,Natural Questions (1-shot) — — 29.3 37.5 33.0
;GSMSK (8-shot) 57.1 92.0 56.5 80.7 56.8
,HumanEval (0-shot) 48.1 67.0 26.2 — 29.9
1 BIG-Bench Hard (3-shot) - - 52.3 65.7 51.2

Code Llama: Open Foundation Models for Code, Roziere et al.2023

Lemur: Harmonizing Natural Language and Code for Language Agents, Xu et al.2023

25




KIE=IESBIFSHIEIE OpenAlilf

@OpenAI ChatGPT
GPT-1 GPT-3 _ BN GPT-3.5 GPT-4
2018.06 J 2020.05 2021.07 2022.03 2023.03

strong reasoning ability

GPT-4 Turbo
2023.09

longer context window

decoder-only architecture  unsupervised multitask learner in-context learning code pre-training

1
1
1
generative pre-training scaling the model size exploring scaling limits |
1
1

code-davinci-002 usedawe text-davinci-002 YWl text-davinci-003 Yhauadl gpt-3.5-turbo e
2022.03 2022.03 2022.09 2023.03 GPT-4 Turbo with vision
2023.09
capable code model instruction following human alignment excellent comprehensive ability

multimodal ability

EIkBT: https://arxiv.org/pdf/2303.18223.pdf
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BSIRBUABIRIE OpenAlfl £

* Understanding & Generation

« Natural language text « Pre-training
+ Code \j Text
» Multilingual + Code
+ Scientific text (biomedical) »  Multilingual
» Tool using » Scientific text
» Search Engine Instruction Tuning
* Python * NLP task data
+ Generation Quality Human feedback (textual)
* Interactive Generation Human feedback (ranking signal)

|
|
1
|
|
1
|
|
1
|
. : * Humorous Generation Generic Fine-tuning 3 __ ‘_
I * Scaling 2022.03 2023.03
|
1
|
|
1
|
|
1
|

* Informative Generation

I
+ Safe Generation * Model [ ' ) e .
dec + Factually-correct Generation . Data I ! strong reasoning abilit)
- . I
ge s Reasoning _ _ + Data Centrlc | ! GPT-4 Turbo
+ Mathematical Reasoning + Cleaning (N ' 2023.09
* Multi-hop Prompt Reasofii + Restructuring I loneer ¢ - window
« Generalization Retrieval t_3 5_turbo (}JE{:U context window
‘ + In-context learning 2023.03 i GPT-4 Turbo with vision
» Zero-shot instruction learning | 5 2023.09
* World knowledge storage i‘amprt*in:*rr.ﬂ'n? ability multimodal ability
______________________________________ J . -

EISEETF: https://arxiv.org/pdf/2303.18223.pdf N



IBSIRBY AR OpenAlfl £

[ R ———

® 2015 - 2016

B8 ML Engineering 875
MEMBRERRREERTT
W, BEBHIL Google WEB
[:5puy i 3::

Al NRBE—AHRLTE, @
EIREHE;

SRR AGI NAFEIR
BOMBRHAREWNEEE,

BOBTFR,REETULRES;

8#8 A Greg Brockman £
ITEREFNRABEA;

OpenAl RE# Gym/Unive
-rse LREETEME.

[F—>
E—
E——
® 2017 - 2018

M Unsupervised sentime
-nt neuron L{EFFA, &
BRANXERIRESRAIE
EMRE,

OpenAl BN TERKAS
WESHNBER, ETEHR;

EEMRERREE AG MiE
.

OpenAl EMRPEIEIR
Signs of Life;

OpenAl BPEATERSAN
REKEN, FRRARE—
EEENER, XN TEDIE
TE—RWM,

<~
<~
<~

® 2018 - 2019

SRS e ——

® 2018 - 2019

& RiE. FE. BE%EET Transformer B%;

M ERETANENGAREELENRE, TAREBRESERES;

M BRRATK'NARNNE;
4 GPT-3 FERESIAT AXRIR;

® 2018 - 2019

BEMFE® @ Transformer,
RETE CNN/RNN & E—K%
MEIRENER LR 2R AY A,

KERE

ETUNBUEINKRTH
FUNHERT, € DOTA &
ZENREPERARRRESR
w3,

EEEHREPERTRELX
HRM GPT RERMABE,
REER BERT H#MBAR
R,

Transformer #MEMFT Z 8
CNN. RNN $R&L£H;

BIJLEESA Al BN CV BH
ALK Transformer,

Transformer & CapsNet
(X2 llya 18 Hinton
HNEETH) BER, BAR
EMAOHS (Soft Attention)
BB “ih#@EEM” (Routing by
Agreement) EREBIEM
R

HAWA Ilya B9 Neural GPU
IEEREELBRRT

Transformer,

FINHIEHIR
RIS I 0 S0

BUFIREXRMAKIER
tricky;

ERBARSBRNK, HEER
MUREERAYR.

OpenAl HiEZERE

OpenAl WSIBA llya
John #BERREFIMEL
FIGEMSINE, TUBR
RLRRE;

John 2 PPO., TRPO ¥3&
WEIRENRPE, BOR
RERBRXEVRFEENEE .

BERT f{&EHEKR, GPT R
28F Transformer Kt
HER;

GPT BHEZEMTTXNER,
EFSEHRESERES LS
RLAF] BERT %%,

—EMIES, Unsupervised
sentiment neuron 2BERT
HEATA I,

OpenAl E#MBIEE AGI,
BEBFERAARERESER,
BREFEERRTEREEE
MR,

® 2019 - 2020

B RERBE Scaling Law
Wi, & Transformer &
EMEXMEABBNEA,

Al 89385 R F A 813

HhELX 10 FNESF—
EEXRR 10 £FE,

MRURBRREZGE IR,
Rich Sutton & 19 £R% T
The Bitter Lesson;

OpenAl &3¢ Five fl Dota
GEHEMMNBEMNSHNHS
BEMRET Scaling Law,
HASIATESERR A
GPT-3,

® 2020 - 2021

ERKMEWARSNEAER
BRUFZINBARAT, &
GPT-3 I{Fem/EdRiESIA
ARRIE,

BERRERERMRE,
Alignment o B a] LA B0 #&
R, ARRIESIE—%;

ARRBERTERENR
HE, HEARDTHRREY.

R#2£—HE OpenAl AT
JBEESM, OpenAl M 17
A Deepmind T ML
BAXRBIRUEBEEIR
BERIUBOIE;

OpenAl RETWEAES
AZHBER, REGEE®R, A
AI#RERLE Al FB), &%
B2k Al R Al.
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e ~
Ve J T5 2 GShard Publicly Available
— 2019 —-—_2‘]20{- G mT5 s% PanGu-g .;6. Ernie 3.0
2“21 HUAWE] .
CPTs@/ ~ 4 - ~7 PLUG gg; Jurassic-1
Codex @ —_ 3-8 P ~ IAA CPM-2
. inspur - Yuan 1.0 ) 7N i
Anthropic [ A\ HyperCLOVAN AVER \ u AlphaCode kQ ) Pythia
WehGPT@ ;! H{ ool Vicuna 2 InternLM  {Jj Baichuan2
Ernie 3.0 Titan '&l InstructGPT @ 2022 RWKYV g’é PanGu-X WA MPT #Z2 QWEN
‘ HUAWE )
Gopher@ CudeGen 1-3 Sparrow G Bard /1] Baichuan E FLM
o~ - [ |
GLam (5 MT-NLG g oPT 09 (G Flan-TS 00 LLaMA (5 PaLM2  apn 4
CodeGeeX ™ GPT-NeoX-20B [O) Flan-PalM © CotdeGen2 5 gpork
N -
BLOOM () GIM () Tk-Instruct Ai2 Luminous [ StarCoder .. xvERSE
mT0 @ —
0 AlexaTM a Cohere 11-12 ~~— ) ﬂ Grok-1
BLOOMZ -
O WeLM. T l--l —_— Wl\ |
Galatica 0O | D e =
OPT-IML 0 ChatGPT G""“ 0 LLaMA2

Bk BT https://arxiv.org/pdf/2303.18223.pdf
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B xesismasEE: st

0 A Survey of Large Language Models, Zhao et al.2023
0 Pre-trained models for natural language processing: A survey

OO Pre-train, Prompt, and Predict: A Systematic Survey of Prompting
Methods in Natural Language Processing

30
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PLM Emoji (English) PLM Emoji (Chinese)

https://plms.ai/peripherals/index.html
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