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AIGC RAHFHMHAERLZFH X, BRELRMBFERXE. AT PGC 5 UGC,
AIGC AAI AT REK S £ A EH AL =75 X, HEBESKS,, AIGC
ST A FIMAE R AR B AR, M AE A BAE, A, AR A EARE S
Ak, MyHFNRSE, P, BREERERE AKX E,

AARETAE (NLP) BT 7 Al e £ Rt H, KRABRANFEE R NLP 49 %
JEAZ Y ONLP 89 AR AR S0 7 2 B RiE 2 M (NLU) f= 8 K355 £ 4 (NLG) .
v ELMo. BERT. GPT AKX & &M I 44 A, LT NLP #9H K 4%, ELMo ##
X7 “—i %L &R ; BERT it MLM (EMFZMAE) F2 NLP (Hlir 4
FREARE) HATMI G, R T LT XML S . GPT @ Hal T —A43,
RIFT AR ; GPT-3 Axu ksl L8 A T £ KGR IEA L RER, T EANTTHF
5 HITHEAEROMA, FLRRATIEAZIRAERZEE.

ChatGPT & NLP A& LA 2424 £ &L 692 2 —, ChatGPT & OpenAl A
GPT-3.5 % 7| 6942 A 847 40A = A 69T RALES AARAL CREB B 5 5] Fe i RA
R09i5F RFATH I, LREARIET R0 LT L fT 50, A ERAL—FH KT XL
R, EERTRBETIME, AMBA, LE, #F, RBELES,

ABRBRERTT Al tlg, FHEBRARZRAMEHERKZ —. AIGC #tkg K& )2
DT AERF FABAEARRE . GAN B9 BAR “A " b ‘3", HEsn
RBEAYZE ML, GAN fe = £ RIFe A A, (BRME MBI L AT RAL, ¥
BB GAN REAEANBER X, RET LS RARE, EIFIRERERK
Fo UBARARINTHAELS S A, @45 OpenAl 49 GLIDE #= DALL « E2. »-3k&y
Imagen. Stability Al & Stable Diffusion % .

ARG ERETR, AFMAREBRETAR L. RI%h—0, BIHF., 545
89 B E AR AARA RKE A A LA AR ZARAYZ—. CLIP BRAKEZEE
e BURAZ LB A I, R B AR, RABREERE R —AEZT &,
“CLIP+ L AuARAL” JE 3524 & MATUR AR A — AP 8 R 89 k. 2022 4, fi#k
#di4) BEIT-3 2R AR, ANE-ETHEFAEEALEEERN, LIEAL
A, BAREAERABREELETF FRERS T AR R EN, EELEKL
AL & 52 ) P KA 69 %

kR, AEAEGHAZFOE: RUALR, FHRXL ALK, NeRF A, 5
BREAL . AR A KA AR (a0 ARIE XA, A F M, 18
BTFHE R AR BRI K, BILE D ATEE DS,

FHE: ode AIGC HARAELAFH L ERGH TS BRAEAZREL TR
FRH;, FE—FRRFHNE R AT, ANTIRALELZKRAITLE, £ AIGC
#= ChatGPT 7y, RMNENHEXEFRALERE AR, LB K ELAE L
WFEHERGZETME: 1) £% AIGC f ChatGPT 9 RKFE LS A KN E):
BEER-SW. §H-W. TAAR. 5REF; 2) LA ENEEHMELLA AIGC
BEFEHE, BRAIXFIERARAERTFEANBRAER, AXER, £B NG,
AXPE, PXEKR. INBL. BRETE. REHH. RiEAE.

Afeim: EREERBIMM. BEBOREH, SR & 48X PR F,
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1. AIGC RS ERMAFE R RE

RETRZLBEATEEARNG (AZERLERAE (AIGC) axH), B
A, X AIGC X —#AWFZ, WAL —ENEZL. BA~FH LTt TF AIGC
AR “okE 4 A E (Professional Generated Content, PGC) 4= F 4
m M % (User Generated Content, UGC) 2 &, FIAAIFREKAFTERAL
AR A 7 R FR Al XEN TIA KBS ATE S, ™ AIGC 2 F 4 it
EHEMIRE S . BHBESRK S, AIGC THAFMAE k. ALK, BI%EK.
AR A A AR, IR, IRBEESE R, Mm%, L4, BHESE K
TREEAE,

ARIETHAE (NLP) 548822 AIGC LB ETE2HRKI A, ARES
A 3E3Esg AIGC #9iksofe /), EFARIES S EIE T ZMEN L@ ; 4 miE
B AIGC N EEIER S, 4 RS 2AE0 A LB % 54T,

B1: AEERXGEMZLEH A

S

Al BN P EIE
AIUGC

TAHIE
PGC

RABIEER

FHER: (AIGC REAHiR4 2023), 1&FHF 50 PT

AIGC L RtGHhE X RRMT ERRAY, MINFEBEAFSZREFRR G
Eo AR GAN AR 2| )G 409 5 AR AL, TRBTAZ LAY LA KXo | 542
BRZHT AIGC BARMYRERAZRRE. AT REHFIHYEE ST T
ASRAN S B B T st S, MR T AR I TAFH R R A, #3T ARIETLE,
HHEMAEFEARG R ZREBRARRS T AIGC ay:@ Ade, FEIM%E, & F.
&S FELARRA

2. BT XKEAFAN %45 NLP KT T Al ZEfe 4 k7

ARIEEAE (NLP) T2 X AHEMEEBAL R A RIEFTHEMNELR
FoFik, BTAIFRABHW—ANEZEZRLEIBCHS . AREZLEZ (NLP)
WAL Z A RIEZ M (NLU) A=A KRiEE A& (NLG); W Ak4E%
REIRE (998, BXREF), 2 EES5 (AR, BRITHESF), 9F X7
FlEr, A AESF EHEF, LAMEE), AR ARG B i6 R A
RETHRERETERYEAE K,

2018 4, NLP EX# AN “HI%” 1A, BT THEFRBGEN, B
T NLP 6§ E KM, FUN%R4E, BAE—NRES LG mERA KB
BT #HES (LARBARES) B ST A S ITH A, Ak B RG T HES
BHEWG A, MINAGHRFAET, —RAFR KOG AEREHITRLEL, TIA
5 3)E R a9 E RAE, W TR T e 5y A MG RME T LIFRE R s,
R RATRYEE N IR B B ARE S 69 fdE; =&, TN LA A — AP EN]
75 ik (regularization), VAsEE %3t /N3 A8 693 B 04
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B2 aRESRENEENX B 3: KRARTIHRA KMGRAFRHE

N FIEEZRAR REZIRE
1950—19907F 2010—20174F EER
L) o
_-,) Encoder Decoder Encoder-Decoder
: (BERT-style ) (GPT-style ) (T5-style)
@ []
RENSZIFE ANEIHiei
1990—2010%F 20185FES ol
T EEREIN RN E, B REENEVE, I BRREEN FAETE | ESAOTIS | iR NS
Ealing:] ZHIEHIE BiE 2 Ll G

FARR: £7M%F (ARETRENEX: ATAINFREGF L), 1&3057

Nz

FA KRR A, R RAT

2018 5+ 3 A, AllenNLP # & 7 ELMo # %!, /& T Feature-Based ##&!, ¢
R RN FAR R = b 6giE @ = AF AN, ENT 56k 2 9B R st AT ],

2018 46 A, OpenAl #4175 1 K GPT #A, B T KAEMRIN%KES
AKX, GPT &T Finetune-Based # A, & B ARt 4 LA AEANER, @A
APFBEAGMBERENBE G EGERFiE,. B THRINEEA g FIEF E R,
FH 3E NG T oA 52 A T A7 B 3, R KAZE EMEKT NLP 693 R T4,

% 1: ELMo. BERT 5 GPT % 7| #9541b

A ER
£ AR Bt E Aty
RELHN BHE £I5K NLP %3 &% EEF RANB ®H 5%
Feature-Based:f Ifi ELMo A T4Fitth ok T —i% Lt RNN A2 A &
MEE L & NGB HayRmE B, RRTHES 0 . Transformer %
ELMo  2018/3 AllenNLP — RNN  94M o5l ke i, BATHE §E@ TR0 o fgff““ﬁ #35: LT
ik 7 69 AR AN B AT RN AR AL MEERARRARE
. T At & % A NLP
Finetune-Based: ¥ /& & . .
BERT 201006 48 OISO oM mg  wgmATHEAS L NP ar T ERIE ks
#) Ecoder Sl Gl HAets %, w459
T AT HEM, QA Y
KBS A =
Finetune-Based:# % & i%fzﬁi Q
41 2018/6 110M WRAETHES L o TSI gk Rk B ERFHA
STET T SRR AL, X
Fingg GRNZ+308) s
Aoy R
AR R BE AR
EELRES, B AR, ARBEL o
-2 2019/2 Transformer 158 FBEREREAFES  BHE, RIS, B K, ELHK, & *%i’i%rf%%i
GPT OpenAl "0 coder M Z B A #*, 5% RESF; LA,
ZALRE ) 5%
NLP #) % X34t
B, PHREERAE
5 200005 - BRESD, BiEE sk, makm LT TR iy e
DRAFAFD M. EURE, B e A

BEIE, LFAEK
=2 B B P A

FHRR: 5%, AllenNLP, OpenAl %, R %H
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A

B 4: BERT W& — E#HAARAE, GPT H$HK A, ELMo H MR &hn

BERT (Ours) OpenAl GPT

F4k ik : Jacob Devlin et al. {BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding),
RGP

AABEANGETRBORARATZ—, REAZRABRGRENER XK
#A ., ELMo 89 5% 2 4% 94M, GPT-1 89 5% =44 110M, BERT 89542 4
340M, GPT-2 49542294 1.5B, GPT-3 &9 5% =48 175B. 44 LK 69 1B
A, KBERAETFRRA, HRAK, FRAEM, it xR BRY, 4~ Sifh
WAL R R S T hE M

B 5: AAEANGETRENGRBEAYZ —REKEREHE

Dgenal

Ai2 by

Openal

FA kK : (Turing-NLG: A 17-billion-parameter language model by Microsoft), #&#7%4% 5 A7

2.1. ELMo ¥# B ey B N4, BT “—1EZL”

ELMo (Embeddings from Language Models) £ #& Allen Al T 2018 % 3 A
K&&AT RNN 69554 4%, ELMo W2 RAA T3 ANF®HE (Word
Embedding) 4 A%, BT “—#@%3L” M,

ELMo /£ RNN &9 ak b, & F T8, HREFNEMEGE. RNN A2
FLEG R, i N—ANEE, 3T A B e 2 6 BTt i 6918 (Token) o ] 4w, 3 A<BOS>
%745, RNN sty “#K”; BN “#K”, #thrd “iB77, bR, WF
29 RNN &3 E @ feif @ 69 6]k NdEAZ R, MF A KA1 G E, BT E L9z &
AT AE R 2, RNN TR % B, Bika A2 RkEANALETLEmE, ELMo &%
P 09 ETF L AAE A A, M EZRARERE 89 Tt 4553 B89,

7120 F 5L iR L Z B WAE B B Ak B
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B 6: ELMo # F RNN, & RNN T AF) A 376 L 42 & B 7: ELMo s A A huishe, SEREAWAGE
o . = +
e given Bk BT 5 A 3 BE ET ELMO | T ?I
Bk ET i Bk BT B Learned with the down
1 1 t t t t I I | stream tasks
RNN — RNN ,%— ---4— RNN +— RNN <«— RNN +—-- )] )] ﬁ
qu e e
m RNN — RNN — - [ | .-.«— RNN «— RNN «— RNN «—- Y Y Y Y Token
t t ot [ ELMO ]
<B0S> Bk ET BY  # M@ e
t g 1 _! t small large
Bk ET M OHE -
FoHkR: K% (Putting Words into Computers), &35 757 ForkiR: &% (Putting Words into Computers), &35 72 A7

BT ELMo B & M2 RBIELRR W THESF I H, BrF—AHEHIE
SR E—tE A E. BE, 3F ELMo m%, L FX ¥ & B8 EIMA f0iL 6
AeE, e, £OF KRERLLE P, LB HRATFEIA DAL 4
M mESF“RELE EAEER” b, “L87 89RTN RZA “EFE7 Fa0k,

B 8: ELMo #f5 T —#% LM, BfMisX Ltk

Source

Nearest Neighbors

playing. game, games, played. players, plays, player,
Play, football, multiplayer

Chico Ruiz made a spec- | Kieffer . the only junior in the group ., was commended
tacular play on Alusik “s | for his ability to hit in the clutch , as well as his all-round
arounder {...} excellent play .

GloVe play

PILM —SiNia De  Havilland {...} they were actors who had been handed fat roles in
signed to do a Broadway | a successful play , and had talent enough to fill the roles
play for Garson {...} competently , with nice understatement .

Table 4: Nearest neighbors to “play” using GloVe and the context embeddings from a biLM.

4k K : Matthew E. Peters et al. {Deep contextualized word representations), #4754 50 f7

2.2.BERT @3 E FTXHINL, _5 T EMERSD

BERT (Bidirectional Encoder Representation from Transformer) £ & Google
F 2019 45 6 A A Fe9iES 44 . BERT #9 &t (Bidirectionality) 1% 2 T 1
ZHARAXLALTL, 83 MLM (RMEHEZ) #= NLP (B4 TR E 48
x‘i;&%-iiﬁﬁiﬂ]%, £ NLP &% (MARESFI) FRIFT ZFHKR, Hlde
PR ERE,

BERT X A 7 MU &A=k Baymh BAER, BT FEE5IEA (Semi-
supervised Learning) . BERT #5342 R Fl K 28 AAFEHIE, £ AL EF
5] (Self-supervised Learning) ; #iAA2K AV 2 AATESIE, R A BE
1% (Supervised Learning) .

81720 i Sl B3 IE L2 9 AE & e R B R
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B 9: BERT #)4#) & Transformer ¥ & Encoder 3% B 10: BERT sk F 7 # SR+ &9 % M AL R
* BERT = Encoder of Transformer st
Learned from a large amount of text T = ——
without annotation 2 Py £
Encoder - G=00- &)
...... M”‘:‘N"” BERT .
t t 1 | - =E]- EE=E]- & =lal [sllaliEln ]
oo o0 oo oo o o oo
i = - FEE - = =E)- CAEIED- G
BE RT Masked S‘UMCQA Masked Sentence B Question Paragraph X
‘ - *
: c ‘-I (\)* Unlabeled Sentence A and E Par ) Question Answer Pair
T T 1 t iy Pre-training Fine-Tuning
Bk ET W HE .-

F# kK : Jacob Devlin et al. {BERT: Pre-training of Deep Bidirectional

AR FRE (Putt i IR AP , :
AR $E# (Putting Words into Computers), #7557t 5257 Transformers for Language Understanding), {&#%#F 5C P

BERT # #7144 Masked LM(MLM)#= Next Sentence Prediction(NSP)
BT Ko MLM £ T2 A=, ZHMmAL T+ 15%89EMAE 2, BERT
T RENE AW AT, N E AL R DTN 8692 £, NSP 2 A9
SBEFEEMmANG T, BERT FZ2FIM AN TALEAE, XA TR EL
—A2hy, ALt Yes, 4R A2, ALt d No.

B11: NSPESFFHRARNZALARTER

Input [ICLS]”mdeogy is “ cute”[SEP]‘_ he W Iikes][plav‘.##ingm [SEP]W
E?nkggddings |E|c:|..r;]H Enly ‘Edng || E, EcmH E[SI:P] H Ere |E||Ic= ‘Eplav E"Im; ‘E[szp]
L L L L L L L L L L L
emoecanss | Ea || & || & [ B[ B[ & [ & &) & ] & [ & ]
+ + + -+ + + + + + + +
rrocaings | B0 || B[ B[ & [ & [ & [[E][& ][ & ][ & || f]

FA4t kK : Jacob Devlin et al. {BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding),
T FRAT 5T

BERT #) @it LT ARIFHAMBARES, BEA-REELRHT CH
AR METERARE L EXRPTH#ATE LB ARk, WA fEkZ
RS AN L

2.3. GPT-3 £l A2 K #HAAE KAZR, B & TMiAMIA

GPT (Generative Pre-Training) £ & OpenAl T 2018 6 A # i 49. GPT
5 BERT R # & % T Transformer, {2 & ¥ @£, B v BA LIF A RE T .
GPT & 2Mey Z M F—ANERM 2. Blhe, W A<BOS># N GPT, #ird “#
K BN “<BOS>#K”, it “iB77; N “<BOS>#KBET”, #rh “3t”,
178108 ¥
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B 12: GPT A 4H

Classification ‘ Start ‘ Text ‘ Extract |J—~{ Transformer H Linear ‘

Entailment ‘ Start ‘ Premise J Delim | Hypothesis I Exract I}—l Transformer H Linear ‘

‘ Start ‘ Text 1 ‘ De||m| Text2 |Emauﬂ—-|1ranﬂulmer

\b‘—-{ Linear
l_

Similarity

[ st [ Text2z [ peim | Text1 |ewau”—-|

e ‘ Start ‘ Context ‘ Delim | Answer 1 |E><|rau H—-l H Linear
-Sqlhmsnﬁnn
Multiple Choice | Stan | Context | Deiim | Answer2 | Exvact H——| }+{ Linear
‘ Start ‘ Context ‘ Delim | Answer N ]Exlraﬂ I-H H Linear

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.

##t %% : Alec Radford et al. {Improving Language Understanding by Generative Pre-Training), #&#%#% 5057

GPT-1 5 BERT £, AR NGAmiAmhBEER, BETFUEESI
AR,

GPT-2 £ GPT g sk Lt fr ks, BIBAY ZHFIRSHE, EAT
EH A% (Zero-shot Learning). GPT-2 % Transformer & A& ¥ %5, f &
0 EHIE B 48 B, M T ARG R Z0iE S /IR, TFIAKELRET
1.5B. R, GTP-2 & R 741 800 Z NI MW M, 411 40GB #9 L A # 4%
BTN G, TEHBEEEEM), FHRBYORELETT HE, BIGE
AR B PAFaE A, AT RERAHEASES], GPT2 THEA T LB H
87 RETRTHES, TNEZTHEFOEMITER L, BRARARAT IS
— AT A S AMES PR

GPT-3 £ A GPT2 Z L ¥ &3 i7dkt, —RERA T2 ANKEEHFIT KT
A, GPT-3 %42k 3] 45TB, 94 GPT-2 &) 1000 4& ; T 5 5] 4 % %] 175B,
% GPT-249 100 15, =&, GPT-3 RBE L EHN A%, mAATIHELAFE
(Few-shot Learning), #/F 2 F8 %R &3t Tt 4 F AR ARG
FHEMEN, RB TELLT THESGOHAEKX, GPT-3 ¥ -F AEEHE
AN, 45 GPT 12X &) 8), ¢ Ash4eid & AMBET k0GP, 2021 F 12 A
14 8, GPT-3 3 Fi#5 A P I3 T #08, #0AG 8 GPT-3 B4t ket S . lde,
AR NFR AN, AHERS 28 412,

B 13: GPT-3 4§ E &M HEAMA B 14: Few Shot # Zero Shot A A X & X AR’ L L F
The three settings we explore for in-context learming Traditional fine-tuning (not used for GP1-3)

Zero-shot

The model predicts the snswer given only a natural language
description of the task,

s trained via repested gradient updates using a
ks

0 Aggregate Performance Across Benchmarks

—e— Few Shot
—e— One Shot
80 —e— Zero Shot

One-shot peppErRint => menthe paivrés
In addition to the task description, the model sees a single
example of the task. No gradient updates are performed

60

Tranglate English to French:

Accuracy

»
- o 40 ’/J’,,/:_—";/r
—t
20

Few-shot
Inaddition to the task description, the model sees a few
examples of the task, No gradient updates are performed.

0 3

0.1B 04B 08B 1.3B 26B 6.7B 13B 175B

Parameters in LM (Billions)

## &% : Tom B. Brown et al. {Language Models are Few-Shot Learners), F 4k K : Tom B. Brown et al. {Language Models are Few-Shot Learners),
TRITAT ST AT FEIRA R
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2.3.1. ChatGPT A&:f A XA A EH, A2t —F HLik

ChatGPT &£ OpenAl 1 I RLHF (Reinforcement Learning from Human
Feedback) % 69424, 2K GPT-3.5 & 7| ¥ 6942 A st 47 4% A 89 . RLHF A F
ARG BRI AEREA, —2 428 LMk T Al Alignment (A% 483+ 5 ) a9 = 24,
PP& K Al 2489 B irfe AL 89MMENL 5 & BARH— 2.

B 15: GPT-3.5 &yttt B 16: RLHF T4£R %2

l Large-scale language model pretraining
Training on code
GPT-3 Initial i i
l— ) _l Instruction tuning ) ] h uman
GPT-3 Series Codex Initial InstructGPT Initial p'l"'E'd icted reward p redictor feedback
s ) vt reward
| | |

1 LM + code training then instruction tuning 0 DSEWEI.' on
GPT-3.5 Series l Supervised instruction tuning RL algﬂ rlth m environ ment

RLHF l— Text-davir —l RLHF actiﬂn

F 4k : Paul Christiano et al. {Deep Reinforcement Learning from Human
Preferences) 1&#%4% 5T

BEERRFIEL H WM E, Chat GPT WA %5 %%k 5 Instruct GPT £
A, D AEAH B

TR RR: HR (ML GPT-3.5 &T AL /1 W9ATRY, HEFRFF AT

B, FAXLFHL, B, N R4, 8L GPT B4k “%7, GPT
R B T RATERR A9, A AR % LagE s F  “AR4F 7B mA ARk,
Blde AT &7, “ARIFG7, Mk RRERBEY A, HMAE B LGB E
B

B, AL FLFELG TG, BPRAREF - GPT #9194,
HAIRBEREE, TNEZFRITARA, REZE)F GPT ARRIT,

FZUrE, AR (Reward Model) 445 AL )F69 E4F. #]de,
MN“SEBERSULAETE? 7 #NGPT, B TRABAANALEE, Hb—=% “2
L7, dh =R CUEREIRAT . MATEHT AL P AR, 2R ARG RIT
A d—, Bt Reward Model %M /N i HEA B, i — & & Tird =,

BB, AR R RAERAE A Lk F, WAL (PPO) H oAk
ETREUECREE: 3% € e 8-S NE S

B 17: ChatGPT # Z:48 X,

Step1

Collect demonstration data
and train a supervised policy.

Step2

Collect comparison data and

train a reward model.

Step3
Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A promptis f..‘i A prompt and {-':, A new prompt is g
sampled from our B nra several model i T sampled from Vwie a slory
prompt dataset. learning to a 6 year old. outputs are Iearming to a 6 year o the dataset. boat otters.
sampled.
) v
The PPO model is b

A labeler @ initialized from the " -\
demonstrates the supervised policy. hy -
desired output 4
behavior. K8 Obss nts s \J

punishments to teach.

Alabeler ranks the
‘outputs from best

The policy generates
an output.

Once ugona time...

= toworst. \J
This data is used to @ The reward model B
fine-tune GPT-35 7 Jculat rd A
wihsupervsed ¢ A et e *
learning.
EEE This data s used 2,
to train our '\‘M The reward is used '
reward model. to update the -
0-6-0-0 policy using PPO. e
#H R B : OpenAl, 23R4T HT
11/20 i Sl B3 E L2 A9 AE & e R B R



e gl EIBIES

B TR
ChatGPT #) 5 Al @32 RIRT, FIAME (SIEMERDRGER). KK

#HFHAEX, BAELA, BWikAt B (046 R ERBHIR), FREF, LA

TR LA F @R, R R ENF

B 18: ChatGPT fka43t T35, £ EZR TRIEE KD

BOFEFEITAR, PAMKBEEFIRORNBAZELL50? BE—RABRA, [
RBOFARERHE.

© ORSTAFUINTHAR, HAYRTREESF, BAGKSEFIRONETESBRMNT
R—HRBRE, TRAKNTRANEE, fN, BATRATESKRTERE:

() Copy code

nge(i +

nums[i] > nums[3]:

nums[i], nums[j] = nums[j], nums[i]

nums

FHAR: BT, RIS

ChatGPT A B M Fesfe, EAZRTHEE B LLRZE, #H4E UBS 4itH B
27, ChatGPT L& 2AAJE AR F 4 =4 110, 43 SimilarWeb £4%, #
217308, i$£28 A8 MREFEHCHEL 1300 T, 2023 F2 A1 8,
OpenAl Hf 5 4+ 37 3T 51 B ChatGPT Plus, #4&#$20//, Bar@mEERA 7.
RIS 0.3, &SY% R AT %715 ChatGPT. 2 Hadvh . VAR 1719
A fe Aok, HILFR, ChatGPT 4k 4# 4% %519 . sk, OpenAl L3
fRBedf s ChatGPT API, AR Z K AR, Bkt R AR E LA, AR

= 7 s B9 7T A,
B 19: ChatGPT L& 2AMAEAERFREMR 11 B 20: OpenAl i 44+ % TR B ChatGPT Plus, ##$20/A
HOW LONG IT TOOK TOP APPS TO
HIT 100M MONTHLY USERS @OpenAI API  RESEARCH
G « X
d‘ - =
f@ NSTAGRAM T
Q@ - — Introducing ChatGPT Plus
(= |
0 We're launching a pilot subscription plan for ChatGPT, a
TeLEGRA |
conversational AI that can chat with you, answer follow-up
a - — questions, and challenge incorrect assumptions.
aq ey e )
Febr 5
e ya!;gg;’ 1min
## kK yahoo finance, UBS, #&#54F 557 FHkiR: OpenAl, &IREF 7 FT

BATARAN T RERBEART T Al €132

AIGC 9k R B2 T A RFE FABIBARABRE, AP a4 7T ARTHH
% (GAN). T #4584 % (VAE) . #rAE AR (NFs), A =R (AR),
A AR fo b A (Diffusion Model) %,

12/20 %ol 1838 B LG 6945 &R B A= ik 5
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frlE A4

B 22: GAN &£ XS4

B 21: TR ARBR 8 X A

GAN: Adversarial X
training

VAE: maximize x
variational lower bound

Generator

G(2)

Decoder
po(x|z)

Inverse ’

7@ [

Flow-based models: X —
Invertible transform of f(x)
distributions

Diffusion models: _ﬂ
Xo X B
Gradually add Gaussian el e e T ficd
noise and then reverse ‘

## kK Lilian Weng {What are Diffusion Models?), #&#R4F % B

31.GAN AT “A&” 5§ “3tH” Rt £ RAER

2014 4, lanJ.Goodfellow ## T GAN, & —#EEWZRLEEH, LB
SERR AR B ‘SR, GAN R&LZEME5RAABA —/ 2 4 mAER
(Generator, G), % —A&ZFIHHEA (Discriminator,D). 4 m A id #r A 49
FAEA R B, FIABA TAHE 2 22 5 v FI07 A SRR A AT A R B R A T4
LA Al AR

A& AP, F—K G RwildefT @, EitA &G BBEM; % —NK Dy
233, AEre s AR R AT A R, ﬁ%__,fk‘ Go 2 A S ARBE VL “33” it Dq: &
J& Do XF B TARNAGAFCERAMN b F =K Gy 2L % &, At £ 4,
HERE, LHHEASHIE A K2 %x&%é‘@+%fh‘4£ (R AEE A 0.5), A
AR B T E, BRARIZAARS

B’ 23: %54 GAN 4 mi £

Basic Idea of GAN

Discri-
minator

- i mlnator
Real images: FK\’! i }zl

d)

TR EEE (Generation), ZIRFFRHT

FARR: lan J. Goodfellow et al. {Generative Adversarial Nets), ##R5F %
A

GAN R 4 SR ) — K Rk, ML REAZ ML, 885 42 DIF694E R
HE, BRNEREXER PR, —2, BEINEREZF A, GAN A 4948
EHFEARE HERINGERFET, BFINGE IS, =&, % GAN #94: X3
3% (model collapse), BFARMFAKREE MM, CRERINAGERTR. £ R
BghE£. HAE—FPA,

B2 VBB R HIANBEEX, FATHERSEA

- ##2 A (Diffusion Model) & -F%& 2015 4 & Jascha Sohl-Dickstein 5 A
#i Y. 2020 4 Jonathan Ho A X% T (Denoising Diffusion Probabilistic

13/20 F 4L 8 E LG 091E BB AR E



mEs

A

Models) 255l A& % %kix. &5 GAN FRARXEAHNET, FHEEARE TS
RAtREE, BEFIRERERME.

YRRAE S ERy RS, B AR A . ¥R
AL, E@yaiAE, RAAKER Xo RBFF%RE, THARLSHIREHE A
Xr, Bp—ANG) RAFREE, AT B LY JOLARMAT £, Xrilidib A L R4
REkEw Gl , T LAZ A AR Xoo

B 24: Diffusion Model XT3 kAt k4, @3 3I%F R4 REPE

q(x¢fxe—1)
OFE Jan Sind W
Poxt1|xt
@H —@ @H HQ

ﬂ&ktﬂ

FAk K : AssemblyAl, Jonathan Ho et al. {Denoising Diffusion Probabilistic Models), ##5#F 557

YV EREBGAERZHAAL L LGER SBAANTLEEX. KL, ¥
A6 TAERIE L8 R R B AR B RO 4348, RBEIRIBXNERE
FAEZRF )R A HE. NHEE, TULGBEE EHIFRACKRARG R B EB LS )0

KA AR R A IR, M T HERER FREAGKSETERGBRAE L
5, A E @A g, SAEF LN ZER TR B, 2 AE A
ATV T,

321 FHEEAFAT AL AR BBNFRS S A

AT HAE A 69 R 424 6,36 OpenAl 8 GLIDE #= DALL « E 2. %-dk#Y
Imagen. Stability Al 49 Stable Diffusion % .

GLIDE (Guided Language to Image Diffusion for Generation and
Editing), & OpenAl 69X A5 F BB AL XA, GLIDE #9N% T %A, &
Sedt B A KA RO AR ) R AR AT, AR 2T Transformer 3T
A AT, AR ATT A AR #AT 3] Fo REABRAB#AITHRA, FALY
EE5lF, RE LA FEBEA KGR HLTHRITL S BB AR, GLIDE i£
FHiBL L AEART (prompt) stEAZZFTE L, Blde, BAMR PGk LKL,
RTFHMN “LKFF7, GLIDE &3 A6k K 34714 5 .

B 25: GLIDE T A#t4T A 2] B4R 69 4 & B 26: GLIDE T At AT B84 2

g
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F#+ k% : Alex Nichol et al. {(GLIDE: Towards Photorealistic Image Generation ##k % : Alex Nichol et al. {GLIDE: Towards Photorealistic Image Generation
and Editing with Text-Guided Diffusion Models), &34 50 A7 and Editing with Text-Guided Diffusion Models), &R 5 A7

DALL - E2 & OpenAl T 2022 4 A A#H & & %. DALL-E2 R4H B4
HAAR A unCLIP, 4% Bl CLIP 4F A B SUFU I 2542 AL, FRAF L AR 38 Fo B 699N
il BARA 6 B A A R 342, CLIP & OpenAl X7 69—/ % A& 54 A
AT k:%@f%axzhﬁj;wl %, THATEZRRAENRKEBRG AN K, ’5«4‘4&
B X AT RAER%, DALL » E 2 £ &9 B 1% 5 #F £ % DALL - E 4= GLIDE
®RET 44E.

B 27: unCLIP & =& R B 28: DALL-E 2 #9 4 s 1)

i CLIPobjectlve ‘ a

“a corgi
playing a
flame
throwing
trumpet”

% # %k & : Aditya Ramesh et al. { Hierarchical Text-Conditional Image % 4 %k & : Aditya Ramesh et al. { Hierarchical Text-Conditional Image
Generation with CLIP Latents), #&#%4F 50 ff Generation with CLIP Latents), #&3%4F 50 A

B%F 2022 % 6 A %% Imagen, # A T X% Transformer i A £
ERIARAGT BN, AR BRBASRABBERT @AY . Imagen &9 T
EREXA, ERAPMANLRERG, K47 B0 A LA A B A 64><64 o B 1%
¥ ; Imagen #t— & A Al LA F AR 5 9 B 5 #L A 3T 64 X 64 69 BAR #AT AR A
) 256 X256, FK 256X 256 2] 1024 X 1024

A 29: Image WEMTER B 30: Image % 4 s £ 4

i “A Golden Retricver dog wearing a blue
n checkered beret and red doted turtencck.

: \
Diffusion Mode!
84 e -
1 mn
256 x 256 Image ﬂ

A brain riding 1 rocketship heading fowards the mooa. A dragon fruit wearing karate bell in the soow. A strawberry m

filled with white sessme seeds. The
e Rouiog o duk chovolae s

## kK : Chitwan Saharia et al. {Photorealistic Text-to-Image Diffusion ##t % & : Chitwan Saharia et al. { Photorealistic Text-to-Image Diffusion
Models with Deep Language Understanding), #&#%#F 52 By Models with Deep Language Understanding), #&#%4F 5¢ B

Stable Diffusion & Stability Al X /6L £ 2| B4R, BT 242 2.0
M A . Stable Diffusion #9 4 s ik B & B, LA 4P AR T 413 i ZRAE 5. 2.0 H)i
APHT AR K I #HAEA (Text-to-Image Diffusion Models) F#e A\ T 425
Ry #AEA (Super-resolution Upscaler Diffusion Models), =T A% % %J%iﬁ
2048x2048 £ £ % a9 B, R, FIAT BBRES #2A (Depth-to-lmage
Diffusion Model), # & 7 B1% 2| Bi% 34
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Rt 4

B 31: Stable Diffusion A& %

AR R Stability Al, f&FRAF AT

B 32: Stable Diffusion 2.0 5| A7 B FEE I AR

AR R Stability Al, f&FRAF 5L AT

4 AL RBFRETE, A HBREBRETWAL

SMALFRME, EXAWHERZSONEF N ILEHR, HEZATR
BARE) SIS R T ek, B AP AL A #Ak A %425 5 2 (Multi-modal Learning,
MML). 2 2%—#, BT, $ES5UIBREEBERIFRAALTRLEY
FTRAYZ—,

Transformer ZA6935 R w2 R A BAL L 3 9 E 2 F 352 —. Transformer
2 M09 A%05 2 Self-Attention AL, £ AL 45 A FARIRK T 2448, AL 69 X 3%
F AR Fo SR A AR T 5] AR IE BT,

CLIP A&y b, MAFREERE A —ANEET & BIEHmDEF LA
YD 25 AT Ty Xt AT IR &I 4%, Reab 44 U A Ao h o B CLIP 3 3L55, “CLIP+
HACARRY 3R S A AT R A — AP R S8 R A Bk

2022 5F, AR $69 BEIT-3 S A siEA, AAR-ETHEHAE LA
HE R, QFENLFEE, BARELERABRSEEF; RIS Lz
TR S B2 Yy D Ae AL TS ) 89 T A G

EFE AERSBREANGRB R A TSR GQER SRR FaEE,
BEASR AL, RAF ) HRRAE DML, BERET LR, £
AR AL AR TG IRE P RRE NG R ER, ABBERATHAHRTLELA
&, ARARXNREWZ AT RIFEEHGBE M. Plde, @F A TiFkgILF ]
PPO (Proximal Policy Optimization), <Lz~ A %] 7T NLP a4y ChatGPT +,

5.AIGC EATRM A K, ALZFRE L H LHE

1 A 17 B, ¥ CEO “Afaisfet R Fiz Lk, M E A kst
OpenAl 8 T A @, X164 ChatGPT. DALL-E F A T# A T A% 48t
B TR TP, AFEEATFEE LD LE R, @ LRRT Bing 44
% 5] %, Microsoft Office. Azure =ik %. Teams W RA2 /5. CGkA: ITZXK)

1023 8, fbad a7 HEEH, 5 OpenAl " koKX F.
R IR SV AN R F 895 B, BAkI§E OpenAl #iT— T A M5 4. #
M ERBIT, Uik HEATR R (A AHAH KT,

AR, ERXEHBREFEH: KLEALER, FRAALELLR. NeRF #
A, FEER, FREXBFANFRE (XHORSHERA, BREMSFEML
i, AR THER), MAFIRAEEL X BUFIRFREIS.
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Rt 4

% 2: B2 AIGC MNGHAE—-K .

28 Y HARA B A 2% F AR5,
BERT &ML AR 4810 1 NLP
LaMDA stiE F % - NLP
3K PaLM BT HEME AR, HE, KDL 5400 1z NLP
Imagen iEF AR BAR AR 110 1z LTS
Parti 5T M B AR 200 1z E2E 3
- Florence LR A 6.4 1¢ cv
Turing-NLG BT AR 170 1¢ NLP
Facebook OPT-175B i%'%-—i%ﬂ 1750 1¢ NLP
M2M-100 100 #1355 &% 150 1¢ NLP
Gato EXENLE 4 VN 12 1z 2T
Deep Mind Gopher BT ARG AR 2800 1z NLP
AlphaCode ARAL &£ AR 414 1¢ NLP
GPT3 ETHEME AR, HEF 1750 1¢ NLP
Open Al CLIP&DALL-E B4 . BESER 120 1¢ EZ- %S
Codex IR 120 1¢ NLP
ChatGPT BTSN, HEF - NLP
EZ RS Megatron-Turning NLG EE M AR, R 5300 1z NLP
Stability Al Stable Diffusion 5T ARG BAR AR - EZ: 3

FHERR: (AIGC REAHRE 2023) , &R
REBEZTE, BHARZERAIBRAGBEAGTOLRE: RHALKER
HABHELEA, THEZMT TTS (Text To Speech). #t&E XAME k. £ T
XA AL E, EFERE,

A 33: AIGC HXERIFAMRBES £

TAER: .
XA —
HRER
1=} J
ERER
ERE EER

AIGCEARH R TIRER WAEFIE (FISE A BRTIEARER)

Bif. WM. XFEFRTER

HEER (BlGame AIFRAI botnft %)

Game Al

ERALER APERTFURE (MPRMAREWIERE)

B wyrzexmnm, srEnnme—sen [ ERsrEnssnm, mh-2sasascsn [ errrmases. gxan

FARR: EFAz, I
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FREa

6. B EN: f£iE AIGC B AEALFA T L Z MG Z TS

BARRIEA PARSEA FRERSA, A —FRAEHGEFAFLK, AHAFL
WA BFBFER T, £ AIGC 2 ChatGPT 7 &, SMNENHEAEZRRAE
F R AR, EBERRELATLLERPRGZTIE: 1) £4% AIGC 4=
ChatGPT #9 B K& A A&y 38 : a EEA-SW, B #-W., 7 X%M4HE., RE
$:2) EAEERNEEAMELLA AIGC HEEH AN, BRILFIFRIARAER
FENABRER, AXER, £FBAI., AXTH. PXEXR. INEL. B
SFH ., REHA. RERAE.

%k 3: ¥HN 84 AIGC 4R HF B (A E 2023/2/6)

AR )
e L . . B PE PS
EARS MK £ BT %5 R/ R B
e REF DT RAER K3 Padd|ePaddle
" EER-
9888. HK zw SA% Al AR 6 TR A KR 3,895 81.5 2.8
. " " S kAEA (NLP, OV, 3#EA. A4 H. A%
N 3= A EXS Fidl .
Al 53 3% 2 F &0 RARAL i A AR
% a9 &
0020.HK %W tiatisia SenseCore 4 Al AR E 1,004 5.2 19.2
CV (2D/3D x4 & hid%; 3D X4t &850 ; H RN _
s BAR/ ARG BT B HFA
Al 2BFEF £ OV, NLP, MLEF ], 324LF _
PR ki
BiRE Tl F&: —HAMNEFIEERSTSE,
RERABTRIE, AN, iR4E. TN AAAL,
ANIFRRSTFE: A mtE. Lkl
2 0k A HE X 3 2 3 A gw A
0700.HK  Msirdznx ?’k%iﬁ*A'QM%ﬁ‘F%‘EE#% 36,016 18.4 5.9
|98
Al -F & IR % WA REsT 36T & 0 T Az S FF st 6 R 4L
R, BEANK LS AF K mAERE;
IP EMA: B4 IP AERESBERELT
£, AriE BRUTAHL” 8 Al FRME;
FMFHRTE: AL MNARMESET FAM
FREE, #iE, BiE5EH 2 XIRE
2 N - (I 2 A =i 4 ;:, —*Lh“g ~
0772, HK ] 5 NLP B AR (I )ﬂ)ﬁ_ﬂkﬂgjiﬂm‘ﬁ/’ Al R P % L 403 347 41
1357.HK £ B3 cv E(RAH LA L@k 108 -50.9 5.0
A Rz 8)
. e . k3 PE PS
EERS  ERAA Fryrym %5 R/H B SN
- T EKAIGC =& “7 % Al 2@ ” H5FF 3
300624.57 7 SEAHK oV Filmora. % st Pixso 55 180.6 4.9
,\,‘?\%"‘"b‘u“ 52 g_ S 2 O AN 5
300229.87 4R NLP EEJ“E“”%M§AJ‘*E“&*+“ 147 58.9 13.9
“BALRI” HTRAGIERIT5% SkyPaint.
300418.8Z2 ReH4 B, FH. LA, BEFLESABLLRE S R IHIT SkyMusic, R IH £ SkyText. R LI 232 263.6 5.0
SkyCode
KA HH AGC S F RS 5B FM T8 Al 4F&-F
& 30— K AR A E TR, R AR ) AF A r AR
) L5t & 5 - s ) )
000¢Et. Sz AL H v Wi, AIGC FREEEANE, Fosmzzs 0 1429 178
IR, BABAEKAZNA 5,
Al TFHEghalEh e e dedy, HAE 1Tk DILA®E
. ) " AR T Al HBhE i, “Al £
4 . - . o -108. .
300364.52  F LAEK NLP. OV B EAMRK 2 B AR R A F, WL Al 8 1086 71
IRah B % 3D A B F A
301270.8Z2 AU AR AR Al &5 39 55.9 17.1
o " s FFR A “MetaSurfing-LFHRE=FE”, £ER
2 3 jg\#al'«b N ’ !
002354.SZ  RIEHAH SARESTRAE X 5 8 S s 2 A ALGC 7 B A 92 834.8 4.8
B EREIT . B FAL BING T AR T
LRGMEARIA 456 Al ATFRBAGIEL S
603466. SH KB CV; HFAH RR, AZRATHFNE, Z4%T53IDAR 89 147.3 4.5

AR AR A, LB, ERREME T A
Al 2R ER, Al #8h R A6 & 54 = F 4508

KHEF: ENNER, &NEN%, Wind, BEIA%E, EIFATHT Z: OV (Computer Vision, AL
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7. &R
HARBERAII. B8 BT, iR = B £ P A%,
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4ao€rﬁi$&

DI 5 B B B A

L%, 2B KRFHME, 2022 FRANEITIER, FHEIFEREEINBRSNHIT, TLEEE. SFL _BARER, 2

F e SR ER B B RGER TMT AK, 8 A R oATIT, SLaTieied & 5 3508 B 9] /5% w4 50 i
13T % ¥ {4z, 2018 FAR T WM E B ELATIFAHRA NS — 4 2020 F wind £ 547 .

FREa

AT 5 B

ANEA P EIEF LRI TAIER T EF PR TAE, ABBGIRLE R, R, EWAEEARE. KARERAGHFEFRE
ERHROTHNTFARL, AATRIEZFR LWEARIZER . 2ATZEL TR GIRLIZM, FW R T 1E4 095 A0
B, BRALETE ZFHIRERH R, kA,

ETXHFRHAHA
1. #FREGY LB AT RATE: X Al Ll o #
VAR KA B 9 6 A A R T K EA A3 3% T 5 & I 20% A ks
%%%ﬁﬁﬁ’ﬁ%%EBEBA B &R HH ABF 3% T % R 5%~20%;
e o % i HAR i 50 R -5~ +59% % 1 A
9K 3k 1 8 2 ) 8 9 2 26 48 -
&%f R - A A0 55 T R I SWAT
2. THERBEALEAAE: T KT FRIAAT e B AR =] 4R & T A5 B 45 SO AR KB 10% 04 L
A TR A EAEERAS SCRIE AN A | ge s mie L FUAAT A AR B AR T AR HOE AR K F-10% 5 10%2 19 ;
By RBTHUBERKALE, £ "
B 4 U4 500 R MM A 252 BF AT FUAT Ak 3R BHRAR T S A AR R 10% T
HALE,

=B

ABESAEIEIIE KRR AR S AT RAR “ANE)") (9EPFEH. AQIRARBMRAKI ARERALANEF . EETHER
T, AREFREERITERNE LH R BRITEAT A BT E N AETELT, A0 8T ARE R ARS P ETAR R
Bt 5| BB AEAT AR R R AEAT 0 4% o

ABETRGTA. BRAMEMR B AN 8] T Z A RIRE S B agRbr, RIS AT 090K R TR0 A . AR T ANT
AW, EREI, ANETRE S RARENETH. FRAMEMNR—BARE,

TIHA M, BETER, REETROE L. MHREEARBHEZEFELE, FMRLTE, CWEAZEIANINEF H5%
AT BAR. MHFRARE R, BFELEEARETHETELRENLAGTHALH LRI, AXEATHFELT, EIERRL
BT o K EXAUA T RE 2 A R P 4R 2109 8] BT RAT09IE R FF AT S, ETHE A XN S BB FTHATIR S R LIRS
ABER BT R P AEE, KBEBIFIERT R H @I, R IR S AT 30 3 R AF DAEAT 77 XBIARAEATH X ey N, A ept
REH S, RF LAY RLIEATHAA, FOUEATIZNC AL 5) SRAEG Hde 7 RAE Fl o FIA RIRS T 48 F 0 4R, RESARiCRARITH A
AN, RFARICEARIC. W3 ARABEALANE, §LREEIERT TN HFFHFT, FTERELENEBITERTR
B, BT R LSAT A B R &6 5] R A 2,

HEFRILR A ENBEIERLFHET, BIERBED AR S H2EEE QI LARTENL S,
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