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Table 6: Comparison of models trained using the DistBelief distributed framework. Note that
training of|NNLM with 1000-dimensional vectors would take too long to complete.|

Model Vector Training Accuracy [%] Training time
Dimensionality words [days x CPU cores]
Semantic | Syntactic | Total
NNLM 100 6B 34.2 64.5 | 50.8 [14x 180 |
CBOW 1000 6B 57.3 68.9 63.7 2 x 140
Skip-gram 1000 6B 66.1 65.1 65.6 2.5 x 125
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L= Z log p(w|Context(w)), L = Z log p(Context(w)|w),
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CBOW Skip-gram
Continuous Bag-of-Words Model Continuous Skip-gram Model 7
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Assist in specific tasks
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n-gram models

Statistical methods
Probability estimation
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YFIERENES Scaling language models

ELMO. BERT. GPT-122 Prompt based completion

Word2vec (NPLM). NLPS Context-aware representations  Solve various real-world tasks
Pre-training + fine-tuning

SIHEOH representgtlons Solve various NLP tasks AHRESIEE
Neural context modeling m e :
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Solve typical NLP tasks
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1990s

2013 2018 2020

Zhao, Wayne Xin, et al. A Survey of Large Language Models. arXivpreprint arXiv:2303.18223. 3
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Yang, Jingfeng, et al. Harnessing the power of llms in practice: A survey on chatgpt and beyond. ACM TKDD 2024. 13
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Semi-supervised Sequence Learning

context2Vec
‘ Pre-trained seq2seq

S /
ULMFiT ELMo
Mullillingual Iransformgr Bidirectional LM

¢/ model

s orc data

MultiFiT

Defense

GPT-2

Cross-lingual

Grover
Multi-task

Cross>modal Eneader-Decoder

XLM

GPT-3
+Knowledge Graph

UDify \IT-DNN

\ MASS Whole Word Maskiie

Permutation LM
Transtormer-XI1.

Knowledge|distillation UnmiLM Rioreidaia

VideoBERT
CBT
MEEEDINNxn ViLBERT b
Morg/data EBNIE NasualBERT ERNIE (Baidu)
ST Ne (Tsinghua) .B2T2 BERT-wwm
SpanBERT KnowBERT Unicoder-VL
RoBERTa KEPLER LXMERT b

VL-BERT Switch Transformer

Han, Xu, et al. Pre-Trained Models: Past, Present and Future. arXiv preprint arXiv:2106.07139. 20
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Lee JD, Toutanova K. Pre-training of deep bidirectional transformers for language understanding. 2018 22
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System MNLI-(m/mm) QQP  QNLI  SST-2 CoLA  STS-B MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 87.4 91.3 454 80.0 82.3 56.0 75.1
BERTgAsE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERTLARGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1

Table 1: GLUE Test results, scored by the evaluation server (https://gluebenchmark.com/leaderboard).
The number below each task denotes the number of training examples. The “Average” column is slightly different
than the official GLUE score, since we exclude the problematic WNLI set.® BERT and OpenAl GPT are single-
model, single task. F1 scores are reported for QQP and MRPC, Spearman correlations are reported for STS-B, and

accuracy scores are reported for the other tasks. We exclude entries that use BERT as one of their components.

RlFT S WS RAFIMTRDEES.

ES. DRES. XT=E

REEZ1R

HEXTVES (SQuAD) |

RIBSWBESESR

S22\

v University of Chinese Academy of Sciences
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J GPT (Generative Pre-trained Transformer) ¥ HTransformer
Decodergfsy, RERBLESCAXRFTN=EENG, BR‘ BCENEC A
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Self Attention
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SE)IEES

Text & Position Embed /

DIl
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Alec Radford, et.al., Improving Language Understanding by Generative Pre-Training, Technical report, OpenAl. 2018



J GPT#EPre-trainingf R E & X
$/J\IEE_K1'biD = *%_g

\-[ OpenAl GPT

12x

Task
Classifier

THEH

BRI

STV

ho =UW,+ W,
h; = transformer_block(h;_1)Vi € [1,n]

P(u) = softmax(h, W)
u ﬁ'@%ﬂ

LA (

ZlogP Uil Ui—foy - v s

@& tetemxy
= University of Chinese Academy of Sciences



GPT{ESHRIE

d &EFine-tunefTEk, J&Fi)l|2
S TNBESREEXES I
oraason \-[ OpenAl GPT d ESBROEAE2M AT,

REUR ML TISHIE

~/I\

Z log P(y|z*,

(z,y)

IH
=

o3| R AUIE S SE S

“
™
& YafeRX7y
University of Chinese Academy of Sciences

O/GF\ ?ﬁvlliﬁéiﬁl, RIFIES S

z™)

CIf

33



& Tafre R

University of Chinese Academy of Sciences

GPTIEFS5
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O NWFAENRALES, RABNNXA#HELT, B
EiHTAME, RGEALinearERSENRESIES

JTransformer

Text Task e :
Prediction | Classifier Classification Start Text Extract }' Transformer | Linear
. L
Entailment Start Premise Delim | Hypothesis | Extract | > Transformer | Linear
Layer Norm |
EeHlE Start Text 1 Delim Text 2 Extract | — Transformer
x Similarity - Linear
12x — .
X Start Text 2 Delim Text 1 Extract | Transformer
LayerNorm | | E
E Start Context Delim Answer 1 | Extract | Transformer = Linear
Masked Multi |
Self Attention -
" Multiple Choice | Start Context Delim | Answer 2 | Extract | = Transformer (> Linear
Text & Position Embed Start Context Delim | Answer N | Extract ||» Transformer > Linear

) 34
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YAz (Classification) :
EEHER: FXEINDEIFNEXIERS,
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Classification Start Text Extract }- Transformer (= Linear
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GPTIEFFH

UM (Similarity)

ESSHEA: FIBTR XA Z BRI,

CPTRES: HTAFINFAEE, LERNEMMMAENEFINE, ADAREENNRER, FXERTHENGE, BARZERLE
R ATIRLUEFI R

Similarity Linear

J 1

Start Text 1 Delim Text 2 Extract | > Transformer E

Start Text 2 Delim Text 1 Extract | = Transformer
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GPTIEFFH

) ZFEIREE (Multiple Choice)

ESHER: AELTX., EEHN—AREER, ERESENER.

GPTHRES: ¥ LETX. BN MREERERER, REBEADREN, DAILEXLERT, FBIsoftmaxBEMRERNEERD
o, EEEBRESNERERNBL,

Start Context Delim Answer 1 | Extract | -»{ Transformer (= Linear

|

J

Multiple Choice | Start Context Delim Answer 2 | Extract | -+ Transformer > Linear {

Start Context Delim Answer N | Extract | Transformer > Linear
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L HERES:

Table 2: Experimental results on natural language inference tasks, comparing our model with current
state-of-the-art methods. 5x indicates an ensemble of 5 models. All datasets use accuracy as the

evaluation metric.

Method MNLI-m MNLI-mm SNLI SciTail QNLI RTE
ESIM + ELMo [44] (5x) - - 89.3 - - -
CAFE [58] (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network [35] (3x) 80.6 80.1 - - - -
CAFE [58] 78.7 77.9 88.5 83.3

GenSen [64] 71.4 71.3 - - 82.3 592
Multi-task BILSTM + Attn [64] 72.2 72.1 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 814 89.9 88.3 88.1 56.0

1 [OENEIREE

E3S:

Table 3: Results on question answering and commonsense reasoning, comparing our model with

current state-of-the-art methods..

9x means an ensemble of 9 models.

Method Story Cloze RACE-m RACE-h RACE
val-LS-skip [55] 76.5 - - -
Hidden Coherence Model [7] 71.6 - - -
Dynamic Fusion Net [67] (9x) - 55.6 49 4 51.2
BiAttention MRU [59] (9x) - 60.2 50.3 53.3
Finetuned Transformer LM (ours) 86.5 62.9 574 59.0

&

1 IBNXAERIERADEES:

Table 4: Semantic similarity and classification results, comparing our model with current state-of-the-
art methods. All task evaluations in this table were done using the GLUE benchmark. (mc= Mathews

correlation, acc=Accuracy, pc=Pearson correlation)

(R P Vg

University of Chinese Academy of Sciences

Method Classification Semantic Similarity  GLUE
CoLA SST2 MRPC STSB QQP
(mc)  (acc) (F1) (pc) (F1)
Sparse byte mLSTM [16] - 93.2 - - - -
TF-KLD [23] - - 86.0 - - -
ECNU (mixed ensemble) [60] - - - 81.0 - -
Single-task BILSTM + ELMo + Attn [64]  35.0  90.2 80.2 55.5  66.1 64.8
Multi-task BILSTM + ELMo + Attn [64] 18.9 91.6 83.5 72.8 633 68.9
Finetuned Transformer LM (ours) 454 91.3 82.3 82.0 70.3 72.8

PG ASIMES AR SRS
NAERIEBVREARS; DHRE

FBURRE

)
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SRARTSIERIBART

d BART (Bidirectional and Auto-Regressive Transformers) &—
FpEFEncoder—DecodersStapvFiyl|lgREY, AN BN IRMEEE
NABLIAEREET

ABGCDE O E AR ETransformer F2EY

EREE =

1 LN\

Bidirectional 4 Autoregressive @,}%EncoderﬂeﬂDecoderD Sﬁj

< Encoder _ / Decoder 0 {@ADecoderti Lt TE L
prEte G ABGD Foll, ABEEIOMOFFN

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension, ACL 2020
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J BARTREBLLEEIEBZmEY (Denoising Autoencoder) 3
EL“EB‘Zi/T\SZZIS + BEIRN BRI T4k
O BIRRE: Pz | 2) =[Pl | 2<,2)  x: JRIENXA; X BRIANA

_______________________________________________________________

P T T T T | P T T T T | _____________________l

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

——————————————————————————————

B@I‘J—LBHJB? - (AcE )y (aBCc.DE) (O (A_D E.) | ~rAER

_____________ Token Deletion Text Infilling ' ___ ___________
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1 BARTRIAE NLP (EE5R—ZRN " FEXAE/NORE, ERUEY
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52y IR DRSNS
ABCDE
ABCDE 1441414
'abe' IEEEX Pre-trained ':> Pre-trained
Pre-trained Pre-trained Bidirectional Autoregressive < Encoder > Decoder
< Encoder Decoder < Encoder Decoder IEEXEX: K K
TEIIE HfH TEFFF it Random s>ABCD
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Model SQuAD 1.1 MNLI ELIS XSum ConvAI2 CNN/DM
Fl Acc PPL PPL PPL PPL
BERT Base (Devlin et al., 2019) 88.5 84.3 - - - -
Masked Language Model 90.0 83.5 2477 7.87 12.59 7.06
Masked Seq2seq 87.0 82.1 23.40 6.80 11.43 6.19
Language Model 76.7 80.1 21.40 7.00 11.51 6.56
Permuted Language Model 89.1 83.7  24.03 7.69 12.23 6.96
Multitask Masked Language Model 89.2 82.4  23.73 7.50 12.39 6.74
BART Base
w/ Token Masking 90.4 84.1 25.05 7.08 11.73 6.10
w/ Token Deletion 90.4 84.1 24.61 6.90 11.46 5.87
w/ Text Infilling 90.8 84.0  24.26 6.61 11.05 5.83
w/ Document Rotation 77.2 753  53.69 17.14 19.87 10.59
w/ Sentence Shuffling 85.4 81.5 41.87 10.93 16.67 7.89
w/ Text Infilling + Sentence Shuffling 90.8 83.8 24.17 6.62 11.12 5.41

& A Text InfillingBYRRIFRELS. 5
0| STVBVRBIE R TR EANSEES

B, llZRatsS
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Semi-supervised Sequence Learning
context2Vec
Pre-trained seq2seq

ULMFiT ELMo

GPT
Multillingual Transformgr Bidirectional LM L )
arger model
s wa More data
MultiFiT S
GPT-2

Cross-lingual

Grover
Multi-task

Cross>modal Eneader-Decoder

XLM

GPT-3
+Knowledge Graph
ation LM
brmer-X1.
More/data

UDify \IT-DNN

l MASS Whole Word Maskims

Knowledge|distillation UniLM

VideoBERT
MT-DNN CBT ,
KD ViLBERT P e
Morg/data VisualBERT ¢ RNIE (Baidu) ~ \PEGASUS
B2T2 TS
5 BERT-wwm
SpanBERT KnowBERT Unicoder-VL z
RoBERTa KEPLER LXMERT -
VL-BERT Switch Transformer

Han, Xu, et al. Pre-Trained Models: Past, Present and Future. arXiv preprint arXiv:2106.07139. 45
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XLNet

J XLNeti2 BHRIES&E&E (Permutation Language Modeling)
SEH0PRESRANaRGESERNGE
ANWFKETHGF, ZETMESHEE w5, [Zlogm(xzt |xz<t>]

t=1

(2) (2)
-l - me®

Factorize rder: 32> 2-2>4 > 1 22>24>3=>1 rder: 1 >4 ->2->3

éé.\féiﬁj)\f Flx, EAR ﬂHFﬁUJIIDﬁr Hj‘ ?)fiILJX3E’\JHFF' 1.:..:.U‘EE¢T\1_-%‘I

Yang, Zhilin, et al. XInet: Generalized autoregressive pretraining for language understanding. NIPS 2019. 46
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Attention Masks mest .
V)[R

(0) (0) (0) : Masked Two-stream Attention =\ = — -
h = WWEBFEND
3 4 ' Content stream: /-.R/ /. l?i\
(a) ;

can see self

L
v Lol @ ol @ ol @ |,
) Hi Assensss.
T BiR:
E N9 Query stream: D .
Attention E \\\\\‘ cannot sce slf / \1%%{M§ IE
[ Q ] [ KV ] é Masked Two-stream Attention N E K{i% g |§
— E TN
' LI

; ANAI=
) © © © ' Sample a factorization order: EU 1@ W O 10/0M
E e(x,)|| w e(xx)|| w e(x3)|| w e(xy)|| w 3393491

: ()

(b)

gim) + Attention(Q = ¢!~V KV = hgft_l); 0), (query stream: use z; but cannot see x, )

Zt

hg:n) « Attention(Q = hf;t”_l), KV = hgj}f—l); ), (content stream: use both z; and z, ). 47
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d T5 (Text-to-Text Transfer Transformer) B4t S—TMBEREESS,
HPTE NLP (EB4 51N NARI XA [0

1JL§¥§§%}%§E[”translate English to German: That is good."

1|:|I£__H§ [ "cola sentence: The

E,I\E#:ULE course is jumping well."
}ijz. ["stsb sentencel: The rhino grazed

N on the grass. sentence2: A rhino
TS

"Das ist gut."]

“not acceptable"]

is grazing in a field."

"summarize: state authorities

EZZKEI:%% dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

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

Raffel, Colin et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. 2020. 48
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ERNIE (Baidu)

1 ERNIERBERTIIIRIBRINIIZESRE, SHEENSIA
SHHCAITRAIB Y ER ?mﬂ?ﬁblléﬂ%ﬂéﬂ’ﬁ%mﬁ‘éb

BERT
=n
Transformer
[mask] Potter is a series fantasy  novel [mask] by s Rowling
ERNIE
Lo = Lo J ] rowino |
Transformer
Harry Potter is fantasy  novel by [mask]

Yu Sun. et.al., ERNIE: Enhanced Representation through Knowledge Integration 50
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phrase-level masking: %Ei%;‘éyﬂa series of, writtenZs

entity-level masking: A&, i

AR, FeF3T

IS (7 I ) SN 2 R (2 (5 1 7 (I X P (2

Basic-level Masking [mask] Potter is
Entity-level Masking Harry Potter is a series [mask] fantasy
Phrase-level Masking Harry Potter is [mask] [mask] [mask] fantasy

series [mask] fantasy

novels [mask] by British author J. [mask] Rowling
novels [mask] by British author [mask] [mask] [mask]

novels [mask] by British author [mask] [mask] [mask]

Figure 2: Different masking level of a sentence
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ERNIE 2.0

3 F011)||ZrELE=>)(Continual Learning)
IR ENEES T ANRITEANFBIFR]

271
32577
Word-aware
Pre-training Task

Knowledge Masking
Token-Document Relation
Capital Prediction

! ! !

Transformer Encoder

ZRESS

ZrESIMFEFERNIE REY

Semantic-aware
Pre-training Task

Sentences Reordering Discourse Relation

Sentences Distance IR Relevance

T 1 1 ! 1 \ | | T Task
3 3 P
3 3 3 3 3 ) 3 3 3 3 3 3 3 embedding
+ + + + + + + + + + + + +
A A A A A B 8 B c g c c Sentence
embedding
+ - + + + + + + + <3 ,
0 1 2 3 4 5 6 7 8 g 10 11 12 Position
embedding
+ + + 4 + + + 0 + - + + +
Token
[CLS] tokenl token2 token3d [SEP] token1 token2 token3 [SEP] tokenl token2 token3 [SEP]

embedding 52
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R L RHIE

1 3E5%, LA ChatGPT AUREVAREIRIRAR R, ZPIR[O)IE

IA

I8
an>
G

\7 TS J GShard Publicly Available
/ Yy
~
—2019 \2020/\ Y mT5 & PanGu-& ‘ém" Ernie 3.0
2021 HUAWEI
/ =14 &7 PLUG 'ﬁ? Jurassic-1
GPT-3@ e
Codex @ _ B o~ FLAN ~ AN CPM-2
TO O () 10 . a a LaMDA
Anthropic | A\ \ mspur Yuan 1.0 @ AlphaCode ® Pythia
P HyperCLOVANAVER ) )
webGPT(&) ,11-12 ©) chinchina o] Vieuna 0 InternLM  f]j Baichuan2
Ernie 3.0 Titan 'd:b.' InstructGPT @ 2022 ™ RWKV Y2 panGu-s (W MPT #7 QWEN
0 HUAWEI
Gol’he'@ CodeGen 9 :7 — @ Sparrow 3 Bard fli Baichuan E FLM
~ 5 PaLM  #~ Flan- ,
cLam (5 MT-NLG 5 OPT 00 \\ GO Pa (5 Flan-T5 00 LLaMA (& PaLM2 25 Aquila2
e ~ . . !
CodeGeeX ¥ GPT-NeoX-208 [O) (/ O M G Fanraiy © codeGen2 € Skywork
. — / L
BLOOM () GLM () Tk-Instruct Ai2 \_ » IC Luminous StarCoder ... XVERSE
mT0 ) 00 NLLB
O AlexaTM a Cohere § Y, ~— e 1@ Falcon ‘/' Grok-1
BLOOMZ () T 2023 ~—— |
weLm Y 4 — |
Galatica 09 /\ | I R e o
OPT-IML (X ChatGPT GPT-4 00 LLaMA2

Zhao, Wayne Xin, et al. A Survey of Large Language Models. arXivpreprint arXiv:2303.18223. 56
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ANREY BER (Scaling Law)

1 IRBUWERESIREUAN/ HIBARFE N =FZHHIRR
1 FEERESEFRIN FEHEAREIBI0, RENERERF SR ;

ChinchillaZ2 I S#S#EIMRZY 9 1:20 (2010BAREL: 200B tokens)
7 4.2
6 —— L=(D/5.4-1013)70.09 | 5.6 —— L=(N/8.8-1013)-0.076
3.9
5 4.8
7
§ . 3.6 40
g ; 9 3.2
3.0
L= (Cinf2:3210°)~9959 e
2 ; r . . 27 ' . . : .
1070 107 907 7J0=@ 0t {0 108 10° 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding
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AEEBEINEE (Emergent Abilities )

ULSHAE|—EAMMREY, FLgen (W0
IARMERIX EERE D

(A) Mod. arithmetic

BSHE) =

(B) IPA transliterate

50

40

30

Weli, Jason, et al. Emergent Abilities of Large Language Models. TMLR, 2022.

1018 1020 1022 1024

—eo— LaMDA —=— GPT-3
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ZENBS BRI =THME:

BrE1: Iil1ZRPre-training FTER2: 3SR SFT BYER2: Y§TF Alignment

MHIEXBEERBPZEIE 1 FAEUD RIS T4, B 55 RN eI RS
AR, MEEMRE PRASTREESBBARES MRS AEMEMNNAS
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Model Release Size Base Adaptation| Pre-train Lafest Data Hardware T‘aining
Time (B) Model IT RLHF | Data Scale Tipnestamp | (GPUs / TPUs) lime
UL2 [89] May-2022 20 - - - 1T tokens Apr-2019 512 TPU v4 -
OPT [90] May-2022 175 - - - 180B tokens - 992 80G A100 -
NLLB [91] Jul-2022 54.5 - - - - - - -
CodeGeeX [92] Sep-2022 13 - - - 850B tokens - 1536 Ascend 910 60 d
GLM [93] Oct-2022 130 - - - 400B tokens - 768 40G A100 60 d
Flan-T5 [69] Oct-2022 11 T5 v - - - - -
BLOOM [78] Nov-2022 176 - - - 366B tokens - 384 80G A100 105 d
mTO [94] Nov-2022 13 mT5 v - - - - -
Galactica [35] Nov-2022 120 - - - 106B tokens - - -
BLOOMZ [94] Nov-2022 176 BLOOM v - - - - -
Publicly OPT-IML [95] Dec-2022 175 OPY v - - E 128 40G A100 -
Available LLaMA [57] Feb-2023 65 - - - 1.4T tokens - 2048 80G A100 21d
Pythia [96] Apr-2023 12 - - - 300B tokens - 256 40G A100 -
CodeGen2 [97] May-2023 16 - - - 400B tokens - - -
StarCoder [98] May-2023 15.5 - - - 1T tokens - 512 40G A100 -
LLaMA2 [99] Jul-2023 70 - v v 2T tokens - 2000 80G A100 -
Baichuan2 [100] Sep-2023 13 - v v 2.6T tokens - 1024 A800 -
QWEN [101] Sep-2023 14 - v v 3T tokens - - -
FLM [102] Sep-2023 101 - v - 311B tokens - 192 A800 224
Skywork [103] Oct-2023 13 - - - 3.2T tokens - 512 80G A800 -
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IV EZ3: XF5F

A KIREINNTE (Alignment) ZATRA T EREIUTBIZININER, H
S 2B GRENANSESZEN
B e ARHAEERERANESSS

National Development and Reform Commission

AT EeELZE8IBNERALIE B R RFAESE: 2025/12/03 B SHETLFBEHRDL S [$760]

SIEFEPICEE, ERGEHLRNABEES—, BANIEEALIEE. MEN. T—RBEMESMEATLA, XA
WA REREMAIRENDES | SHBRARNA. EMOBEORET, ALS ﬁEEﬁZh%I TFr— R E ST LR EN WRE "IN
£, HEENETHEREARNEN, BEHEEERAERNESTENMEXRHkE . REATEERITERZEAE. NRAE. 1518
AEXNFBEETTEH, EFRAR. BHFE). ASAMBEXEWAHMEZRSEERNEEAN, UATLERLZERBREAZESR
R, XMEMLZEHEZATEERARLKRAN, ATEERZREXATERREMNEFTNRRE, YAXRKRGIETERIZ
M, EAERNHRSERR@IGEIFTAIRE,

—. EEEXR. EFTNERARATEEREQIESE

AN AT EERAEENTIERL. BERL. CEARMERZEBMSSHERENN, SREEER. ZFFMEREA
LR T ENEBRAIEESR, T AKRZEIRELEE,

https://www.ndrc.gov.cn/wsdwhfz/202512/t20251203 1402185.html

Tl
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ss) . &M (safety) %D—Eﬁl'l‘é (harmlessness)
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~
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Pareto Optimality
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A Bal, BN ARRERLHF (Reinforcement Learning from
Human Feedback) | 20 N=T"ZI\FE:
/ 2Lk S i \ i) :
WA SFT Sreniet | () RRHER RM rewarawoce | €) ¥ I RL Re'tggzc,ﬁ:";"t )
EEA =) human BRI Token
& AP SRXR? \Model))  feedback next actio i
%iﬁgéﬁlj e, AL, EE B — = X]:‘Nard taction generation
(E;Sgtﬂlféﬂ‘a’ﬂ:y& 25, 5/ e score
Responses) human
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AL RF 8
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AREFBAR

d B2017&Transformer|g)td
RERE, EA 92%‘6@%@%?%@3%?8’9:3‘2*&&3

\| 17

RAVB| AAREIRYIR

2017 2020 2022 2025

JUN 2018 2018 2019 2019 MAY 2021 2022 NOV 2023 2023 2024 2024 2024 Jan 2025 2024 2025
® JUN OCT FEB OCT SEP MAR ~ FEBT MAR MAY JUL DEC /> FEB MAR APR
o \]
Gemini 25 Pro
GPT T-5 FLAN LlaMA LlaMA-3.1 QpenAl-o3 Experimental
BERT GPT-3.5 GPT-4 OpenAl-o1 Grok-3
v GPT-2 ! Instruct GPT ¥ GPT-40 DeepSeek V3v Llama 4
Transformer GPT-3 ChatGPT DeepSeek-R1
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EINRE AR

. " A . :| \ | N
1 GPT_ LLaMA_ Claude fIGeminiZ& &Y KIER L BRIV a1£k
2022 2023 2024 2025 2026
2020.06 2022.1 2023.03 2024.05 2025.08
GPT3 ChatGPT GPT4 GPT4o0 GPT5 GPT5.x
2023.02 2023.07 2024.07 2025.04
LLaMa1 LLaMa2 LLaMa3.1 LLaMa4
2023.03  2023.07 2024.03 2025.05 2025.09
Claude1 Claude2 Claude3 Claude3.5 Claude4 Claude4.5
ClaudeZ%l C O o o D)
2023.12 2024.02 202412  2025.03 2025.11 2026

Gemini1 Gemini1.5 Gemini2 = Gemini2.5 Gemini3 Gemini3.x
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GPTHSIKI=ES

0 GPT #%I2H OpenAl I2HAIERIUESIRE!, AR TTHEIK
1|:| :l*i_-utiﬁﬁl‘: %gﬁ r':ﬂ

@OPQ"AI ChatGPT
________ GPT-2 Y GPT-3 WA Codex YW GPT-3.5 GPT-4
2018.06 2019.02 2020.05 2021.07 2022.03 2023.03

Lml

{RRDEREE T BS IS TS AT | SRR
e I AR RES RARIR ;

2023.09
A E T EL

GPT-4 Turbo with vision

+instruction

code-davinci-002 text-davinci-002 Y text-davinci-003 YSaalW gpt-3.5-turbo

2022.03 2022.03 2022.09 2023.03
2023.09
RADAHERY =S IRME AERIFF SRS SIESEES

Zhao, Wayne Xin, et al. A Survey of Large Language Models. arXivpreprint arXiv:2303.18223. 69
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GPT-1

4 Pre-training: &
4 Fine-tuning:

12x —

Text Task
Prediction | Classifier

A

Layer Norm

S—

Feed Forward
A

Layer Norm

S

Masked Multi

Self Attention
A

Text & Position Embed

e

h—

Classification

Multiple Choice

ESRAIZEBooksCorpusiF{ T l|Zk

AERUE,

BIENLUL

55, RENLG

&

Start Text Extract ]—» Transformer > Linear

Start Premise Delim | Hypothesis | Extract | > Transformer > Linear
Start Text 1 Delim Text 2 Extract | > Transformer

- Linear

Start Text 2 Delim Text 1 Extract | > Transformer

Start Context Delim Answer 1 | Extract | Transformer — Linear
Start Context Delim Answer 2 Extract | > Transformer H> Linear
Start Context Delim Answer N Extract | > Transformer  Linear

PayTRXE

University of Chinese Academy of Sciences
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GPT-2

J Pre-training: ZEESE
d Fine-tuning: HEH

GPT1 °

12x

Text Task
Prediction | Classifier

'\’/

GPT2

Layer Norm

A
Feed Forward
[

Layer Norm

H0E, A

& Tafre X/
- University of Chinese Academy of Sciences

B AWebText, S¥EMEE A110M—-1.5B

Jzero-shot learning, NLU — NLG

e 5 ﬁﬂ?ﬁ%&% TRITEA

ST gt, [T|EY

? AR S | FESTNES

Zero-shot

—

Masked Multi
Self Attention
A

Text & Position Embed

The model predicts the answer given only a natural language

description of the task. No gradient updates are performed.

Translate English to French: task description

N

cheese => prompt

ol
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GPT-3

1)

D) YaMTRRT
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43681\,: Pre-training + Prompt (few-shot learning)

d F"Y=3): zero-shot, one-shot, few-shot

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese => prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt
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GPT-1. 2. 3K

L IREECR

GPT-1 GPT-2 GPT-3
Vocabulary 40478 50257 50257
Context size Si2 1024 2048
Batchsize 64 512 32003
Parameters 1.174Z 1542, 175042
Layers 12 48 96
Dimensional states 768 1600 12288
Pre-training dataset BooksCorpus WebText (Origin) Common Crawl

WebText2 &

Data size 5GB 40GB 45TB
Downstream task NLU NLG NLU+NLG
Downstream transfer Fine-tuning Zero-shot + prompt Prompt
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I
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1 l Large-scale language model pretraining | ﬁﬁ#@ff&'l‘iﬁé}ﬁﬁxlﬁ !
Training on code . j\ S E/] li !
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Davinc .. . I
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ChatGPT (GPT-3.5)

1 BERLHA R TAS ASHMEMEENTT

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

v

)

2

Some people went
to the moon...

Y

SFT

/)?7\\
\W

EES

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old
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\\SX/
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ChatGPTS|IREIKAIFNER,

A new prompt

. ™

is sampled from T

the dataset. about frogs

The policy .

generates /)?s\\

an output. \W
Once upon a time...

The reward model .

calculates a /)?7\\

reward for \W

the output.

The reward is

used to update I

the policy

using PPO.
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GPT-4&GPT-40
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Exam results (ordered by GPT-3.5 performance )
Estimated percentile lower bound (among test takers ) gpt-4 (no

gpt-4 W
vision
gpt3.5 W
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1 GPT-4o: RAIRFIRDAESAME, Sl

N EEIRTRAE; SEINIAIRIAE HIERIE,

LOIRmEREA.
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Touvron, Hugo, et al. Llama: Open and efficient foundation language models. arXivpreprint arXiv:2302.13971.
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Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query EW%%ﬁ M HA H,J |_.| Hj ’ %&m 3}%
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single i& MQA H’gﬁrg ‘_3 ;E&%

key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.

GQA:Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. 2023.

Llama 2: Open foundation and fine-tuned chat models. 2023. 81
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