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ST W BIBE, SKEI T 1750 2. GPT-3 [l CER A2

12. R H e R A, AR5 A T — SRR i
13. https://lifearchitect.ai/ilya/


https://hackernoon.com/an-interview-with-ilya-sutskever-co-founder-of-openai
https://hackernoon.com/an-interview-with-ilya-sutskever-co-founder-of-openai
https://lifearchitect.ai/ilya/
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T ICL A B DUIMEAR S REAR Y I 2 LLM.,
ICL W] pA 5 LLM FRARDA SR SCARMTE R 2 AR5
LLM (R e TCL A5 2R R0 5 kit : i
VIGFMA E FF SRR IS S3cA R, i IOL Fil i
W5 RO T 5, b Iy 5 DA RIS 2%k 4 2 1T 45
AT ISR ). GPT-3 FATLE%Fh NLP 14 %
B (6, T L — 5 A o AT O B ) E 15
T4t R I (. R GPT-3 {8 S0 A M itie LLM
FOTHIRAE J7, BRI EEH T A A D R (BA) foE
JePERECRR, I R LA 2 SR TOL Ry (UL
GPT-3 130 E AT 1.2 5d]) . kT, GPT-3 oAbkl
oM PLM 5] LLM {6 b iy — > % AR, i se
SERERI 50 28 150 20 7 P2 1 1 R TT DA AR 8 M ) Bl
5.

fis g : T HIBKWEE S, GPT-3 E4 N OpenAl Ff
KSR LLM AR . ST, OpenATl #5891 A
TPkt GPT-3 B, Bl A ACH R T
DA 5 Nt 75, BT -

o {8 A RAZAE AT I % JRARY) GPT-3 8 (fE4l
SCA EFEATIING) A PR IR T 2 5 2R 55 A
HEE Sy, Banse SRS AR EEE . Sy T IgsRiXFhEE T,
OpenAl 7£ 2021 4¢ 7 H#EE T Codex 18], X2—MEKE
GitHub % Ed Ry GPT Bi8. EukH] T Codex A] PAfi#
BRE S TR Y G A 00T, I ELAE B IR ) M R
TH 9] sk, —Fp AT IR SCAFI RS iR AR ¥ 80],
TE 2022 4F 1 HEgH, BAE— RIS (BlanZet:2.m o
R SRR R) EAFHETE. Ebr b, GPT-3.5 4
BURTER TS GPT A8 (code-davinci-002) [HLf
IR, X R AR EE I TI g2 s GPT fR4L6E
J1 QU Z2HERLRET)) My—FPdER A M L. Mo, BF
—Fhos MRS AR ES s A T R T AR 3G LM 1)
CoT #7Rfig ) [46], A IXATIIRTE S0 4xTh 1 3k .

o S AKTF: OpenAl 5 AR5 BAH KWFFE AT LAIE
WIE 2017 4 (8{EE) : —E4 N “learning from human
preferences” Y 3CEHIE OpenAT 1% 1%, ik T 13
2E2] (RL) k2] NSRRI R 4T e 5 AR, 2T
InstructGPT 75 F Jehixd 3¢ Sy 32 ml 2625 98 [l 6%
ik fm RL IBELZ AN, bR fiiit (Proximal Policy
Optimization, PPO) BJi&3CHE 2017 4F 7 A &% B1], BAED
2 M m b 2 ) ALl RL 559% [61]. B JS7E 2020
£ 11, GPT-2 s bk RL ByE#EAT T 640M (70, 81], HAF
MKk it GPT-2 15 NLP AL 55 LRy tkse. 74, 75—
T TAE [82] LAFARIA 7 25 T — 4 T Ak N2t iy 4l

14. GPT-2 AJgi L T ICL #EAT L BTS2, R MR TR
Z M ICL.
15. https://openai.com/research/learning-from-human-

preferences

TR, BT XSS Ei ) TAE, InstructGPT[61] 7E 2022 4F 1
AR, PAMGH GPT-3 BBl 5 AEXI5rhe Jy, EXELT
—ANEMBI AT AR R0 5] (RLHF) Bk,
7, OpenAl it SCRISCRY BRI “48 4487 —in]
M2 AR T B B B EHORAREMR (B RLHF J3EM056
—& [61]) . BRI ENGRE )12 4, RLHF B¥EXT 2%
A E B BN A AR R A8, 3T LM AR SE i
W A B R E L. OpenAl 75— 5 AR SCE ik T 1t
TTHEXI ST s (B3], ags T =R <l
i AT RGN, PR BN TPA DA SO 587

XKLL AR R R F | T B R AR ) el R GPT-3 A
%, OpenAl FrJ GPT-3.5 #% (i5Z W4 B4 %+
OpenAl API 1Ji4i8) .

W0 B T SRR BT A IR R LAE, OpenAl Hiis:
TWAEER M : ChatGPT [84] #1 GPT-4 [45], X4
BORURREETH T A AL RGEHIRE K-

o ChatGPT: ¥¥ 2022 4£ 11 H , OpenAl K15 T 3HEIES
Biffl ChatGPT, & 2ET GPT #% (GPT-3.5 f1 GPT-4) Ff
% o IEAE TSR [34], ChatGPT 2 DA Instruct GPT
W5 AT INGRE (TR 06 SCRE R FRl “TnstructGPT g
RAEL” ) B LTS XX IE RE ) #E4T T ifk. #E ChatGPT
Al InstructGPT AYEHEIRE -, MBATHRE T —MAFEZ 4L
ChatGPT Il Z5 55 /2 38 R A28 % i (4386 A oo
ATHAAE) 5 InstructGPT iR A5 Gk ok AR TE U4
. ChatGPT 755 N Az th £ I LB ae )y - 96 F
B RHRPE, RS R, R ER 2 RS T
T3, G ANEME R — B AR IR e . BT,
ChatGPT SZHE THE(ILE], dE-—Pd@d oA TR Y R
T ChatGPT Zhfig. ZIHFINIE, B AL D% FRimkn
WRHLEE A ChatGPT WA AR M) AT PFF T HR
S, RN AT RGO 1 .

o GPT-4: {ER5—EEMIEE, GPT-4 [45] T 2023 4
3 HkAN, HXARMAY RIZESES . BEmE, M
GPT-3.5, GPT-4 FEffHIE A4 55 5 TH HAT BRIV B T, FEVF
ZVPAGAT S5 b B MR B PEREER T o Sle i — IS (4]
IR NS A B R s M R A GPT-4 (R RE,
TR S T AR EETE 55, S5 R R GPT-4 B 2 i
) GPT #8440 ChatGPT B Ayt RE. 1Ko, T4
FIIAA AR5 (FE RLHF YNZRh A T8 oMY %4
KINE"S) . GPT-4 X1 B A 382 mlc kel v B2 100 174 i) R 5800
LA, TERARMAEY, OpenAl 58 T Qfi 24 & GPT-4,
HR T ZFhT- SR R G S AL AT RE IR, Q4T3
BRALFI FEEHORE . Biln, M5 IA T —FFR R it (red
teaming) WAL [85] A T BUAE UA 35 A2 1 AT B M.
VER T — AL, GPT-4 A i R B2 > Bt FIT
K, R TEEE AT ABTE AT —FRR R T Fm


https://openai.com/research/learning-from-human-preferences
https://openai.com/research/learning-from-human-preferences
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¥ (predictable scaling) WOFHUEI, T DURE R 2501
N B SR M T A 2 P Bl

R T E R, XM 1 LLM {55k 17 o
BRPE, B R 1 S0 R R A 45 s 7 e W
R L (48], T2 %F LLM (o B v o S e 2
FHE. TPREMK. FaeA i LLM & KI7EER BT
Seiki. M TRRMIFEIERA , OpenAl I T —Fhik A HsE
W (6], 3 3ot A L 1 T 70 B2 o A T
FUF= i, DA G B8 PR B A R A A . B ROk, )
RN T IR, LARAK T RS TR T R H

3 XESHEAR

FIEE SRR P SATT R R R E R K, IR ESR
LLM #34k 53, — Rl ATk e e BUA 1) LLM (5 L
PEATIT A, BVE A6 1 2 T AT JH B B A T 1 B T S S
W FEAT T, FATRZEEE T T I & LLM i AJF T
MR, A ATFROBZG AT (50 APL) . RAEAICTS .

3.1 AFTRAMEREEIG API

% BN SR B RSAS , 2k KR AR 25 X T
WU LLM WRFSHIT A 2 R E 2. i TS H0RE0E
(1 LLM 5 225% RE G 28, 14 Bl P AR LB
PR EE Y HIRFF N, FRATRFIX LA TP 3 R WS AL
B (FCSEEINM TS ERGN) . Hesh, RATPA
EIRGE N ATTH APT ATHERRAE S5, T TC R EA HLB AT
TR, FATRATF Al BRGSO A APT JE 7748

FCS BRSO B X RBIRA SHOER T LLaMA
(KA 650 122%%) A1 NLLB (5 KIRA 545 12550)
KZAE 100 {22 200 fCZ 18], X — S50 B P Eg B 24
$§ mT5 [B8]. PanGu-a [89]. TO [28]. GPT-NeoX-20B [92].
CodeGen [D1]. UL2 [04]. Flan-T5 [54] 1 mTo [g] 25, Hrh,
Flan-T5 (110 AZHRA) AT LAME A B FEHE O i i ay
NEMNZATFHRER T A0 [64]: $ AT 5% e
RURBLFI ] CoT $F&RBUiR#E T M. CodeGen (11B) 2
— AR A RS BT B B E F A, W] AR R AR AR
JRE T BB . BB T T — ST BN MTPB [01],
LIIHTZHREFAM, t 1156 DL F AR B, K
TRk L, FRE LLM A5 R R mAR AR (Bl 0%k
¥ BEHBIERSENE) . XIT2EFES, mTo (13B) wIhE
e NS RIER, O EEZIE SRS PN 2
FHIRIEATROE . BN, XS TS5, PanGu-a [39]
HARAHIRI, Rl TR S IMEAR I BCE T, %
BT IR 22 I HESR MindSpore [L17] JF %, IHZASHUR
A (FRIRAS 2000 122%%) , R ATFHRA A 130 12
4. WAh, YRR AR, LLaMA (65B) [57] 7£5
2 BEORA S AL 55 R B T S PERE . il T IT AN

AR, LLaMA 5 TWFER Mz 83, 2 TAE [118-
121 By TR B Ak S8 1 ) 5 AN [R] B2 R A DA S BB AR
s TR L. ACSHERNMEAGE R R 2R A E R
T4~ GPU 5 TPU, filfl, GPT-NeoX-20B i i T 12 M
MR35, ARSI T 8 4 NVIDIA A100-SXM4-40GB
GPU, LLaMA ffif] T 2048 4~ A100-80G GPU, & 7T #erffd
TR AR, FRAT 2 W A A R O R R HR
b, BIANTTEE FLOPS (RpRby7 s Bua ik E)  [B0).

TACS B RGO B : fEiX A, A D BU LA
TFT AR H, OPT [95]. OPT-IML [99]. BLOOM [69)]
A1 BLOOMZ [08] HZ 58175 GPT-3 (175B) KHA,
M GLM [97] #1 Galactica [34] BYZEEE 7 0 1300 12F1
1200 /2. Hrr, OPT (175B) LyTEIMAIE, BFEMEHF
FEN DR AT KRB ] RO X TG 20T, )
PA¥F BLOOM (176B) #il BLOOMZ (176B) Fi{ER Atz
U HAE 2 0 5 5 BB S T R RAFRE ). FEixX Sept
Her, OPT-IML #8417 T840, ZAF5EHE 2 MR
BIFHERE . TALSER PN IBELE 7 24T GPU 5
TPU #4714, Flan, OPT (175B) fH T 992 4~ A100-
80GB GPU, GLM (130B) {#ifi T 96 4~ NVIDIA DGX-A100
(8x40G) GPU 5 4R,

KifEH B A3t APIL: M T HE M AR R4, API
PR T — Oy Y Jy AR E P LLM, {45
FPRHTRAAEAMZITEA. ERMEH LLM R R T,
GPT #RFIKLIALH APL 45, b5, 61, 18] © &) Z N T2
AR T ALY, OpenAl 24T £4 £ %19 GPT-3 77
iR $E 1 ada. babbage. curie. davinci (GPT-3 &%
R KA A) . text-ada-001, text-babbage-001 #lI
text-curie-001, HFFH]PUA4~#: O W PATE OpenAl f) F-#1
R %% L iE—23647{% . babbage. curie 1 davinci 43
MR T GPT-3 (1B). GPT-3 (6.7B) fil GPT-3 (175B) f
A [B5]. M4, EBAMAE Codex £5 KM APL, 2 HIFRH
code-cushman-001 (Codex (12B) Y38 K ZiEF A [18])
M code-davinci-002, GPT-3.5 Z %4 — & hili A 7
code-davinci-002 Fll =g A<, Bl text-davinci-002,
text-davinci-003 F gpt-3.5-turbo-0301, {H {5y &M
&, gpt-3.5-turbo-0301 Zi# A ChatGPT ¥ 11. Hif,
OpenAl it k1 75 GPT-4 M) API, fU4f gpt-4.
gpt-4-0314,gpt-4-32k fll gpt-4-32k-0314, BRI 5, API
B2 e BRI T B ) 1 3 SR .75 3K o R4 %) s
AT ALE S 1G5 H 3 e,

16. https://platform.openai.com/docs/api-reference/introduction

17. https://platform.openai.com/docs/models/overview



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 8

*1
&Sk LLM ($5MEXT 100 ZHERE) MGTHEER, SIFiTM. BIGEENE (L token HEBHFHEX/NFT) FEH. FEARF, RIULT
BERAFRINERARATH LLM. X8, "ZHHE" REEEEXEXXHHEE. "TATFRE RAEAGESTTUATRK, m “HE"
MER. "Ei" EEMREEE TREME: IT RTEELSHIE, RLIHF RRAXRBBAEES. T RAERARTERGISTHITM T HE

HIBES: ICL RFRETX%E, CoT RRBHHE. "*" RRRAMLFA AT,
B Fedi K Hehih WA T § 538 (] Wik Wi GE
& Wi (B)  BUW  IT RLHF  dBies Wi (GPUs/TPUs) Wi ICL CoT

T5 [37] 2019 4E 10 A 11 - - - 1 J7{Z tokens 2019 4E 04 A 1024 TPU v3 - v -
mT5 [BE] 2020 4F 10 A 13 - - - 1 J7/Z tokens - - - v -
PanGu-a [39] 2021 4E 04 A 13* - - - 1.1TB - 2048 Ascend 910 - v -
CPM-2 [o(] 2021 4£ 06 H 198 - - - 2.6TB - - - - -
TO [2§] 2021 4£ 10 H 11 T5 v - - - 512 TPU v3 27 /NEF -
CodeGen [91]] 2022 4F 03 H 16 - - - 5770 {Z tokens - - - v -
GPT-NeoX-20B [D2] 2022 4F 04 A 20 - - - 825GB - 96 40G A100 - v -
Tk-Instruct [93] 2022 4 04 H 11 T5 v - - - 256 TPU v3 4 JNEE v -
UL2 [p4] 2022 4£ 05 H 20 - - - 1 Ji4Z tokens 2019 4F 04 H 512 TPU v4 - v v
OPT [95] 2022 4E 05 f] 175 - - - 1800 1Z tokens - 992 80G A100 - v -
NLLB [bd] 2022 4 07 A 545 - - - - - - . v -
u] A GLM [91] 2022 4E 10 4 130 - - - 4000 12 tokens - 768 40G A100 60 K v -
FKEL  Flan-T5 [64] 2022 4£ 10 11 T5 v - - - - - v v
BLOOM [B9Y] 2022411 H 176 - - - 3660 12 tokens - 384 80G A100 105 K v -
mT0 B 202245114 13 mT5 VA 4 - - - v -
Galactica [34] 2022 4E 11 120 - - - 1060 1Z tokens - - - v v
BLOOMZ [9g] 20224 11 A 176 BLOOM v - - - - - v -
OPT-IML [99] 20224 12 H 175 OPT v - - - 128 40G A100 - v v
LLaMA [57] 2023 4E 02 A 65 - - - 1.4 J74Z tokens - 2048 80G A100 21 K v -
CodeGeeX [[L00] 2022 4F 09 H 13 - - - 8500 17, tokens - 1536 Ascend 910 60 K v -
Pythia [[L01] 2023 4 04 H 12 - - 3000 12 tokens - 256 40G A100 - v -
GPT-3 [b3] 2020 4£ 05 H 175 - - - 3000 1Z tokens - - - v -
GShard [[107] 2020 4£ 06 /] 600 . - - 1 tokens - 2048 TPU v3 7
Codex [7g] 2021 4F 07 A 12 GPT-3 - - 1000 1Z tokens 2020 4F 05 F - - v -
ERNIE 3.0 [103] 2021 4E 07 A 10 - - - 3750 12 tokens - 384 V100 - v -
Jurassic-1 [104] 2021 4£ 08 H 178 - - - 3000 1Z tokens - 800 GPU - v -
HyperCLOVA [[105] 2021 4£ 09 H 82 - - - 3000 {Z tokens - 1024 A100 13.4 K v -
FLAN [62] 2021 4509 A 137 LaMDA-PT v - - - 128 TPUv3 60 /Mif v -
Yuan 1.0 [L06] 2021 4F 10 A 245 - - - 1800 1Z tokens - 2128 GPU - v -
Anthropic [[107] 2021 4E 12 H 52 - - - 4000 {2 tokens - - - v -
WebGPT [79) 2021412 § 175 GPT-3 - v . - . - V.
Gopher [59] 2021 4£ 12 H 280 - - - 3000 1Z tokens - 4096 TPU v3 920 /NEf v -
ERNIE 3.0 Titan [10§] 2021 FE12 260 - - - - - - - v -
GLaM [109] 2021 4F 12 A 1200 - - - 2800 1Z tokens - 1024 TPU v4 574 /NN -
LaMDA [63] 2022 4£ 01 H 137 - - - 7680 1Z tokens - 1024 TPU v3 57.7 K - -
FA] I MT-NLG [110] 2022 4£ 01 H 530 - - - 2700 {Z tokens - 4480 80G A100 - v -
AlphaCode [111] 2022 4F 02 A 41 - - - 9670 1Z tokens 2021 4 07 H - - - -
InstructGPT [61] 2022 4E 03 A 175 GPT-3 v v - - - - v -
Chinchilla [33] 2022 4£ 03 H 70 - - - 1.4 J71Z tokens - - - v -
PaLM [b6] 2022 4£ 04 H 540 - - - 7800 {Z tokens - 6144 TPU v4 - v v
AlexaTM [[L12] 2022 4E 08 A 20 - - - 1.3 Ji4Z tokens - 128 A100 120 K v v
Sparrow [[113] 2022 4E 09 A 70 - - v - - 64 TPU v3 - v -
WeLM [L14] 2022 4E 09 A 10 - - - 3000 1 tokens - 128 A100 40G 24 K v -
U-PaLM [115] 2022 4£ 10 H 540 PaLM - - - - 512 TPU v4 5K v v
Flan-PaLM [64] 2022 4£ 10 H 540 PaLM v - - - 512 TPU v4 37 /N v
Flan-U-PaLM [54] 2022 4E 10 ] 540 U-PaLM v - - - - - v v
GPT-4 [45] 2023 4F 03 H - - v v - - - - v v
PanGu-X [[116] 2023 4£ 03 H 1085 PanGu-a - - 3290 12 tokens - 512 Ascend 910 100 K v -
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*2
B RENEGERE.
R Ko 3 35300 S v ]
BookCorpus [122] 5GB Books 2015 4 12 H
Gutenberg [[123] Books 2021 4 12 H
C4 [B1] 800GB CommonCrawl 2019 4 04 H
CC-Stories-R [124] 31GB CommonCrawl 2019 4 09 A
CC-NEWS [27] 78GB  CommonCrawl 2019 4F 02 A
REALNEWSs [125] 120GB CommonCrawl 2019 4 04 A
OpenWebText [126] 38GB  Reddit links 2023 4 03 A
Pushift.io [127] 2TB Reddit links 2023 4F 03 H
Wikipedia [12§] 21GB Wikipedia 2023 4F 03 H
BigQuery [[129] Codes 2023 4F 03 H
the Pile [130] 800GB Other 2020 4 12 A
ROOTS [L31] 1.6TB Other 2022 4F 06

3.2 EHRESE

HER/NE PLM A[E, LLM A EMBERRN SR, &
BEEORE BN Z I REdE . i R ARk, ok
Z 0 A TR I ZRs S a1 3 A Sk Kb s FEARY,
FEATTRF ] S A — 203 1) T Il 2% LLM B3Rl . BET e
WALRRL, FATTRFIX LT 23 AU BEFT /4 - Books,
CommonCrawl, Reddit Links. Wikipedia. Code. Others,

Books: BookCorpus [122] & /MBI (41 GPT [74]
1 GPT-2 [26]) Hi R4, AafE 11,000 A5,
G 60 AT (HUNIRIEIR) . 5B 15
FEIERL 2 Gutenberg [123], ‘BA#IT 70,000 A S AE M,
(AN O, R W B, . BRI
S e € E AR IR A2 —, BT
% MT-NLG [L10) #1 LLaMA [57). % ¥ GPT-3 [55) " fif
JHy Books1 [55] Fl Books2 [55], ‘& f1H BookCorpus Bk 15
%, HHHIHAR AT A

CommonCrawl [132] &% K K TT 5 W 2%
TR —, BB TAHNACFWE, Eaw)
iz TI% LIM. @ FRENEREAERE R, HItsAm
WFSE T SRR I 1R B AR S IR o 14 . AR, T
KRR P A R R R S AR R R, R m R 2t
Fraa At 2. Hara A8 T CommonCrawl
M BE R s A C4 [B7], CC-Stories [124], CC-News [27],
I RealNews [125]. C4 7~ FE, Bl en (306G) |
en.noclean (6T), realnewslike (36G), webtextlike (17G)
A1 multilingual (38T). HH, en A AT HYIZ: T5 [87],
LaMDA [63], Gopher [p9], I UL2 [94]. I multilingual C4,
XEFR R mC4, w T mT5 [88] AYTHIZ%: . CC-Stories (31G)
52 CommonCrawl $#i 1Y A4, WA A RIEA
J&rr. S&in, CC-Stories By JFUIREI AL AW, PIILTE

CommonCrawl:

18. https://www.tensorflow.org/datasets/catalog/c4

SR AR CC-Stories-R [133]. AN, FHFA
M CommonCrawl HH2 UK P HilH iF#HE : REALNEWS
(120G) Hil CC-News (76G), o HAEBIIZEE .

Reddit Links: Reddit j&—MEAFHHA-G, A ATE L
AP A B MG, HA AT DAIE L B[R] B RO $5 88 . 1
BERIMG T AR Z BN P A B T RAR SR
B EdEEE . WebText [26] e — &4 T Reddit [
WEEE, B Reddit R aE 0, (H R AT 165
&, A2 TIREUK I IR UM OpenWebText [126].
F—AM Reddit FHEEUIERHE & PushShift.io [127], E 42
—ASEEERTREESE , (45 B Reddit A1z DA [ s 4 .
Pushshift ANFEALRE H B, B340 s A TR,
TR PR BTN IREFT L G . X
45 PRl AR sl R RN AL B Reddit 25040 -

Wikipedia: Wikipedia [128] B2— LB R4, G&K
TR SR, MR A I R SRR R )
RRHEBERGE OF3RESIH), B T 2MARE SR 28
RAE . E R, Wikipedia JSiERUAYY) 2 M K%
¥ LLM(fi4n GPT-3 [55], LaMDA [63] #1 LLaMA [57]). &
PR FEF A, I ATEZ 1B S N .

Code: Jy TS, A TAEEZ2 M EIRM_FICHL
AR AUER RS . AR A S 2R ISR
VERTIE A AR E (Bl GitHub) 154D AH ¢ 1 i) 255
& (4 StackOverflow)., Google AT &7 T BigQuery %4iE
£ 129], H A iER M amfEiE 5 K&V T e RS A B
IR AR AR SE . CodeGen {11 BIGQUERY [91]
& BigQuery $HHEN—N T, HTIZGZESRAR
CodeGen (CodeGen-Multi).

Others: The Pile [130] j2—NKHEL. ZHAb. FFERSC
AEPRAE, AT 800GB i, WACAEFEE. Muh, (U,
BlFe R AZ EARF 655, Bl 22 NS R T4
F 1. The Pile ¥R 12 W H T AR SHGBHAL, 40
GPT-J (6B) [134]. CodeGen (16B) [91] 1 Megatron-Turing
NLG (530B) [110]. #t5h, ROOTS [131] H 45 Fhie/ M
£ (B4 1.61 TB fy3eAs) A, #is 59 MARES (82
FHRESRmEEET ), B TIIZ BLOOM [69],

Sehr b, AT EINZE LLM, Sl T 2R A AR 5k
s L B), TR R iEkE. FI, A TLE
HEIRE VIR SRS (A0 C4. OpenWebText F the Pile
&), SRt Tt A P DRI GRiE R E . BLAh,
TG P TR Y R LM, M 68 (1 Wikipedia i1
BigQuery) $2BU8E A & Wl g5 TP oA 5 S AR B

T T REEA LLM (BRI, A=A
M LLM F I ZRiE e -



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 10

o GPT-3 (175B) [bh] EAEIRAEFREE (3£ 3000 12 token)
AT INZER, A3 CommonCrawl [132]. WebText2 [b5].
Booksl [55]. Books2 [55] il Wikipedia [12§].

e PaLM (540B) [56] i H T —A>dt A A0 1% . 2k g
JEMM T, 348 . Github, 205 5 485\ BHRUHT 4R il
GRS, A 7800 12 token.

o LLaMA [57] M Z/EcHs i v L BN 26 8, (4%
CommonCrawl, C4 [87]. Github. Wikipedia. $5§%. ArXiv
F1 StackExchange, LLaMA (6B) i1 LLaMA (13B) Il 4%k
K /INA 1.0 J74Z token, T LLaMA (32B) #1 LLaMA (65B)
il T 1.4 7742 token,

3.3 KWBERFR
TEX ST, BATRENG T2 ] TIF % LLM AU %

e Transformers [135] &— i ] Transformer 224444
AR IR Python &, i Hugging Face JF A MI4Ed.
HA a7 5F0 ) A8 i) APT, 5 A 0 ] 45 A 3o 1 s
B, g NIIREMR ORI PR, YA PR BRI K
BRI, AT S SR R IR B A

e DeepSpeed [65] 7£/H Microsoft T & R E 2= > {4k
(5 PyTorch #%¥) , CHTlZZ2A LLM, filin MT-
NLG[L10) 7l BLOOM [56). EHt T4 B4 i e
ARG, BIAAAEAL (ZeRO $oR ., Bk A &) FIGEIE
HAT

e Megatron-LM [66-68] 21 NVIDIA J & IR 24
AR, AT LLM. et 7 E 5 1 0 mCNg iR,
A FEBBRIEEHAT . EHEEEVIZR FlashAttention, X 46
ACTEARTT AR IS = I ZRReR g, s GPU (8] 1)
Wi,

o JAX [136] j&2H Google F & I H T it REAIL AR > 55
Wi Python FE, fuvF M FAEAT A RE A nd (B4 GPU B
TPU) (0L N AT S s . B ATES i b
BATRROTR, I3 H 3o R 9 1 454 L T BE .

e Colossal-AI [137] 2/ HPC-AI Tech JF &1 HF
YRR BN TR REA AL IR 2 2] . BT PyTorch
T, IS HEFEE I AT R . AN, B PARE A
PatrickStar[138] #2107 ¥4k S50 AR B dpcil, il
Jil Colossal-Al JF LLaMA [b7] JF A& #)2& ChatGPT ##
ColossalChat [121] (7B 1 13B fitA) B&ATF K A0 .

e BMTrain [139] 2/ OpenBMB JF %1 T A2 =
W NS ey it ey O S S AW T RN e
FAE . BMTrain 2144 —2# IL% LLM (41 Flan-
T5[64] #1 GLM [97]) i3] 3|H ModelCenter H1, FIFra]PA
B X S

e FastMoE [140] & —#% 1T MoE (ENEA % %)
BRI ILRPE . EET PyTorch JFk, JEERCRFNN AL

1. FastMoE fajfk T Transformer fZ 40k MoE #5574 (1)
WA, SRR AT IR T IS

BT FaR R EEGEIEAN, HABTR B2 I HES (Bl Py-
Torch [141], TensorFlow [142], MXNet [143], PaddlePad-
dle [144], MindSpore [117] #1 OneFlow [145]) W42 T If
ATRESCRE, XS H TG OB AL

4 THilgR

B LLM 966 30 T 560 it fe AU kbE it
FFATIG: , LLM W gk B AR SR A (5, ).
e LR, B e SRR BERE T LUM 2k
KA ERTE . HAN, h TR LLM, o35 %
BRI RRAR BT R Fel TR et
s it s e, s ess R e e
ngt, SEAES LA AR TR R AR L LLM R
Y.

4.1 HriEdse

A/ IR A2, LM B 5 2 o o A R )1 2 e 2
I HE TR RE )RR BE AR T F I Rk 2 S LTt
AePRIT e FEX—5), T ITHE BN e RAL
CUIEREARIE . FUAL TR I LA KOO B i A 52 1) LLM
P RE R BT

4.1.1 HEAEKIE

TIPS TSI TLM, 3 B T A R R i h
WS [ RIE TR . BT LLM R B A T A R4
AR, FESERAE TG . T B T et
FME LLM G840 A 0«

TV ok 1 4 T DA™ SLHB A AR 3 S
AR I SCARE . BSOS, WM T, AR
FESCAE TR . SRR FLS TR L B
K%K LLM Fi#I A (65, 56, D3], inTpAgss LLM f9if s
HRRIZ LS. ST LLM BHRBLL A Z LA Sy,
A BRSO T SR b R 5 4 R B, i
B RREHORAA S, DU LT LLM fifeh & L4 ik
91 B4, 56, D). T, TR PRI SR
FUEA R AT LIM B3I T8 T ERH R AN 48,
WS B2

AT SCA B : 4 B pTR, 4k 2% LLM R0 7
WNREE , FEan ot SRR G SCA LS, X LR it
TEERSCARRE, FHPRT 2. 5Tk, AR
LG = IS T SO

o M T BEE BRI P b, 2R 2R R SO A
Hiok, X8R AR A LLM BRI 2 LR &
PR LLM g9z LR Jr [26, B7]. b T 5 i X
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T5 (11B) mT5 (13B) LLaMA (65B) GPT-3 (175B) MT-NLG (530B) Gopher (280B) Chinchilla (70B)
3% 9
2% 5% 16% 2 3% 4%
5% o, 4%
0 o 7 40% 56%
0, 0
% 62% 60%
100% 100% 87% 84%
GLaM (1200B) PaLM (540B) LaMDA (137B) Galactica (120B)  GPT-NeoX (20B)  CodeGen (16B)  AlphaCode (41B)
5% 8%
13% 8% 0
22% 14% 7% o 20%
\ ST 38% i 0% 390 >
A 38% -
30% 50% 10% 10%
50% 86% 15% 25% 100%
Webpages Conversation Data Books & News Scientific Data Code

2. AF LLM Fullgrigim s SR EmsRiRRLL .

SRR IR, 2 R AR A 45 IR B T K B K, A
CommonCrawl [133), SAT, i34 EH [ ¥ 4% Bl F 4 ] i
LB R TR SOA, IZAEE TR, AR R SOA, QI R
P, Al A AL B T DA e e T e T

o x5 SUA X T ARG IR LLM (X5 e ) [95],
F AT REdiss LLM 78 124145 _FAERIL [B6]. WF9E A LA AR
FAIXEERER T4 (70 PushShift.io Reddit &)
(127, 146], BLMFEL AT A BRI XS TS . T AL i
BAGEE W k2255 Z e, Bi—fa 8oy b2
7 R RERT TR SR TS5, b R ) 5 [ 1 T A
. SERXF T, 205 2 B s AR ] DA R 40k 7
WGRERE R ZATXHE . SR, S AHEHE Kl
45 LLM W] B2 S8 MEAER XU [05]: B MEFE F1 B %
S I AT B IR A A R XS I I AR, AT - B0HR 2 1A R
TR,

o B HHAEREM, BERMA TEIEX MK
A%, 3T LLM 253355 A0 . B IO ¢ 28 DA B A 7
BURYEFNE T SCAR LA VEER AT AL o R T 3RASTF IR B R 4L
i, B WWFIEE R R Books3 il Bookcorpus2 i, iX
BERHERAR 1] ATE Pile HilisdE ks [130].

BISCAREA L B TP i LLM 7E45E T 55
WRESAERA . BTk, JAOTNEH =ML MR

o 5453 A R THER HARE S BTN, BEZ
VB ERHE AT DA AL 205 5 1 B A A AR T . 0,
BLOOM [69] A1 PaLM [56] e H IR splicde T &
46 FhAN 122 AP I 26 . X ERAEZIEE LS T
JEBLI T HERPERE, BIANEE. SIS MEMZS A,
HHE STE A ARTE S LR m i A B T e A
A EAFHPERE .

o FHSUR: Bl U I A BT IR T A X
WE. T HESE LLM X il p B g B4, 147), W RARFRE

SEERHEN AR T ZRiEk} B4, 147). @ 7E KEFRIF
SCA FAEATHIS, LLM 0] DAYERLE R EAT 45 sh U5
(PERE [148]. N T EERFAERE, BUA I TAEFREIREE T
arXiv i 3C. BHEFEM . B ORI AR S RLE R IR .
FRIE S 1 e, BIANBEAT S TR AP S,
B B R A AR T AR T A R AR A1 A [ 2 B
S A T AR TS S B A L g X

o K FRIFHREGHEHAARFAE T Z M (78, 149~
152], A2t FAEACHS AT 2R PLM B (134,
153]. ZRT, *Fixee PLM (40 GPT-J [134]) , 4 i
R FIER AR A AR BT R . B mwse (8, 152] &
B, FERER ARG IEARZE EBTIZ LLM 0] DA 548 = S A
JPR IR . 405 HRR T AT DABCHAE i % Z i B e i
B (78] siffrsFE g et [L11]. —BeRyt, &M Tl
LLM M fCRS iR A PR AR . 55— PR J5 2 e 1) 25 4L X
(4 Stack Exchange) [154, 155]. &5 —FPsf 2 FRIRAR 1O
Biltn GitHub [78, 91, 152], BT TS ERE (iR
SR FAFER) LABERI . 5 BRES UM, RIS A4
B RS EIL, XF Y 5 K B AR A T2 5 [156] .
O — IR [46] A HEN, YIRS AT e 2 2 A< e AE )
(ftn CoT fiJy [B2]) WIRIE. BLAN, FFHHERIAT 5545 0 AR
T T3 AT DA ) LM AR o v 45 56 156, 157

412 WIETALE
TENCAE I B SRR IS, AECHE AT TAL B, A% 5 0 e
P U4 TCHAEEA EHOEAR (b6, bY), T HEHIL
VR S AR TT AN B Ay S T B A I MBS LLM
FIRE ST RIPERE . TESCHAN PR, FRATIKF 40 SCH ol IR 25 i S 8
SR B AL PR (59, BY, 10d]. BUALFE LLM (i Hii
g E e B,

JRE LR S M BRUCEE B TR R R R, AT
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Raw Corpus Quality Filtering De-duplication

* Language Filtering « Sentence-level

¢ Metric Filtering ¢ Document-level

 Statistic Filtering ¢ Set-level

* Keyword Filtering
L L LRl
t Alice is writing a paper about i
1+ LLMs. #$4& Alice is writing |
1 a paper about LLMs. i

E Alice is writing a paper about |
| LLMs. Atieefs-weith ‘

3. — PR TR U SRR AR E .

VRS R PR v (1) B2 an ik, f(2) B PRk
KW Hi—F TR ORISRk 0254, I F
FHE SRR BIAT I B H s . @, XL (55, 56, 109
{5 P s Rt (B R U ) VR AR, SRR
BARIE N REAS YIS 02, 3T I 4 i A S )
TR HC. SR, —8F5T [BY, 109] WAL, BT 4rdasm
HIET eSS . DR S F RS B A, AATAT
REFECA WO ZRERE, I ERE Z . X T
S FhyyE, —EHFSE, 41 BLOOM [69] F1 Gopher [59], %
HAETFBEERP T, Wit —40 O3 vt iR 7 %
GRS, IR LEH AT DA

o ATiEZTayibis: W LLM F2H TIHIUEF WES T,

AR 2 FAVE W) SCA T AR I Y8 L

o AT EayLIE: WIDAMI A SCA Y PER R, BN
J¥ (perplexity), RAZIMAMMERA B RHHIT

AT Hatagdis: W VR FERHERSETTRAE, Blings s
TS, 79 5 R AR, Sefly & SO i &
HeA B AT A

o AT XAEFNLIE: ETRER RIS, LA B
IEE SCAS M RS B TG e R, AN HTML A%, i %E
B2, BN

Ll BUAITSE (168] KB, TERLE TG R S ST
TR 2R, TTRES NG REARE, AT
PERE. B, FEXENGER T A EAE . Bk,
AIDATER] 790 SCRYRR B SE R SF R RRLE . %8,
FERIFR) L R A A Fp Rl R AT A, T
FEAIT] BESAETE & @ P 5] AR A [159]. FE ORI
b BUE ST AR EE SO 2 (R A 2 AR (5140 B4R R n
TCIE S ) B EE S LR RAS I AT B 6 M (UL N 28 1) B A2 S
14 (67, B9, 69, 160]. AN, Ry T kA ST YL i), b
A 3k AN ZREE v A o 00 i T il s B FE A SCA, B Ikl
FGAEFAEEZ MW ES [56]. AR ZIEY, X =A%
2 EAA BT s LLM IR (56, 161), 5Bk rh B
LR A X = AR

FaRA LBk K2 BN GRSCA B B 4R IR, S E I

=

[

=
oS

Privacy Reduction Tokenization 3y t 0
pre-train!

« Detect Personality ¢ Reuse Existing e =
Identifiable Tokenizer - -
Information (PII) « SentencePiece

« Remove PII + Byte-level BPE -

i Encode (' [Somebody] is
1 writing a paper about LLMs. ") E
' i

132,145, 66,79, 12, 56, ..

\ Replace ('Alice') is
1 writing a paper about LLMs. E
| I

RS N A R AR B A, 3T R i BEORL it R 1 K
Wi [162]. [HUt, 752 BINLRTERLZE R T 23 A2 &
(PII) o —FELEA R T 62 R ET R 53k, filan
FKHEFIR, RARMANEE PIL, Gk . Mk g S
i (131]. gesh, BRFEA SR AL, LLM FERRAId T r e 5
PERTBEIE A T HOI Rtk A7 AE g B PIT %t [163].
B, REA] DAE—E R B AR XU .

syl Ar iR BOETAL B O AP IR . B Y H RS
AR IR A, B S /E LLM A . SR E A
BB g Ry ER (Blin OPT [95) Al GPT-3 [b5]
M7 GPT-2 [26] W4rin#s) , (H2 M % T il giE e
PRI 23 1Al ol e S [69], 45 3@ %) T B 2 Ah i
W B RS E S ERE . B, Sai LA LLM
SentencePiece [164] Syl ZxiEkt A Il 2 HALIY 731085 o (7]
W 3590 ¥) Byte Pair Encoding (BPE) 5.3 [165] FAfifH
AR EEASEK BO, b9, ARiHEEEERE, BPE f
FIH—FAR, Bl NFKC [166], ]RE<BEARA- i1 RE B3,
59, 69] -

4.1.3 Tl ZREE X KIE S R A R4 0

S/NIER PLMORE, TR R R, mHEA
AIREXT LLM #EAT 2 K Bt grak . Bk, feillgk LLM Z Hi
Hy— AR ST O SRR B, AEiX—
A TRFHE TN GRS R0 201 AP E 52 1) LLM
R HERE .

RARIR: TEAHT AT, ok B A RSk 5 11 25
Bn BA AR SRR AL B0E SCANR .l i e R B A R R I
W SCARBRE AT ISR, LLM nf ASRAS) 2 AR, FEn]
RES L 3 KA ALBE ST o IR A A FPR IR I, 752
Fram i B BN GREAR A, PO AR AT ES M LLM £ R
WEdT55 ErytERE (9] Gopher [B9) Xl s AibAT 1 1 M5k
%, DARGESR AR IR AR5 B2 . “EfE LAMBADA %
Ptk (167] LrOSEIREs RN, Shn-HRER i L il ASE =
BT M SCAS PR SR BE ), B C4 Kb dk [87) 19
HpIN AR THEAE C4 Bk idinde [59] Lrothfg. SR, sk
UG 22 4 R A s K 2 2 M) LLM A HoAth G i) 42 4k
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fe 77 B4, B P, BTSN R AR AR E BN SR e
Hhofe R RIS B I B, AT 4% 0407 & A s T R A
LLM. S5 AZ%E ], T#A L R R LLM (k.

BB Bc: o T FIZ— A3 LLM, e 2 i
B 1 o B O DA /2 LLM AU B ok B AR A, B
B KN, WE LLM SEHEERH, 15 T 2
SN 33, 57): 7ERRMERE YT, BORA/ ML EE] 5
B NERI P VAN . Chinchilla [33] B, 42 MAR
LLM T 2 76 J2 115001 5 i 182 o A i . 58
T Z SR, SRS R, R4 E L
BT, RSB SHAIZ token R ER . fix
E, LLaMA [57] F0, ) 8 2 H e A T 5K b i 1)
Y, BN AT DASE I B I RE . PRI, BRI B
TE T ALY, JUHOEAE BB SR, A s ¢
TR RO R

N BRI s B BT 3, PR B 1 15 e e
PRI, GIANMERS . A ER ARE, TREA R
f#ERE (B9, 158, 160, 163]. T IF & F B RAEFH LLM, sk
VI B B A TR & 6 . BEBEsT, B
i T5 B7). GLaM [109] F1 Gopher [B9], T 45T T Hi 5
B R UEAT S VAR SE . 518 358 G i R0 A o D 1 TR
JE_ NGRS RL R MR, SRR TARISEE, BIZETSHE
JE R LRI LLM 7] DR E PR, o A, &
M TR S8 WIS (Rt i, WEE
Fikss) (158, 168], H 2 AL It B AR [158]. 1t
b, BAHHITFEI EE EIRSIAL LLM M B SChs
(KfE ST, X AT HEHE—5 80 LLM 75 ICL iz fLhg Iy [158].
FiL, EMAHIE 56, b9, 69) Frailii, WA R b
FMH BN SR A B (28 L i) |
St VI R AR R M e R P BRI B

4.2 28§

AR BT EIE LLM (43t , 3% et . Bl
S FUARAEATL . 22 BBt T LA FLA 2 TR 4 i e
LLM RfsA,

421 EFEM

Hi T Transformer 2 i th (6 9% 47 1 B AT 45 52 1 A
Transformer 44 0 R T % % F1 LLM H0bRER T, (73
VR RS T RSB LB T B8 R2). MOk,
BT LLM 3 3R T AR SRR BN 8-
T AR A A s, T .

Gt E3-fRR A 2 . 258 Transformer FEAL I 77 15 S B -
fRfD Ay | [22], B Transformer B4 FIE A 4 i g Al
it . it R SN 23k A TR 2 AT 34T 4
T DACE AR RN, TR AD 25 A IX S8 R T 22 LE R I

[ 2 BRIT S . 2R 28 PLM (B4 T5 [87]
Fil BART [24]) fef#k5E 4 Fl NLP {155 . Hal, HAa0%8
LLM 25T 4 i 25- AR 2e 4y gy, 40 Flan-T5 [64].
A K A RS (2.4 P 3hAT

PRURSRASES 2k s PR SR AR IS 28 30 R ) B ) e 3 0, DA
WAREE N A token HBE T K1Y token FAIEA L. A
Filfar i token 3 ik it 2 DARH A1 9 7 AT AL B . X
R FRHE S, GPT R5IHA 26, b5, 14] £ 5T H
ARG ER AT R 6 o R, GPT-3 [55] izh s 7 X fh
MR, FRHER T LLM 48 ICL G8 ). £k
Hyi2, GPT-1 [74] #1 GPT-2 [26] ¥4 5 GPT-3 #[F
LB RE T, FRE T BRI  B e B N AR L A
RE R TEEEH. 24, HREMEACHEZHE
J&FPELA LLM [k 2454, 6l OPT [95]. BLOOM [9]
il Gopher [59]. YER, N RIS R S ARRD#5 F1 i 28 A
IR T OURI AR R . ML E) USSR Ze” i, Bk
FERH UL, 70T BB SR P R R AR RS 2 A

NI FRRD S AN USEMRISER ety (AR PR A ARAD 25 224 )
EIE T R RS R A RS AL, DAL RRIE XS R4 token $h
PR R 7 [169], F AU AE Y token FRATHARIERE 7.
EFE, G AR- MRS A AL, BTSSR T DA ) 4 B
HIZE TN H 1R T4 token , JCHFE 4 B A1 fifEAL
SRR I S8 S EBCE AN KT LG A TR
G, MR ARSI R R RRD A, SR 55 A2 40 Ry w28 i A DA
sk [29], Bian U-PaLM [115] 52\ PaLM [b6] HEALT > o
FT IR AR A i B A0 M LLM 455 GLM-130B [97]
Al U-PaLM [115].

T X =R A S0, RATHE A AE EEIRA TR
(MoE) ¥ REAT, i ANH A —/INH o1 2 M A
MBiiys, a0 Switch Transformer [25] F1 GLaM [109]. £
ZAEW], Gl ZREE B SO, A RE
ekt [170].

422 FEARE

[ Transformer [22] #iH DA, B 24t T 4 RECHE )y i
BRI R e MR MR . FEHA R, TR e
Transformer FYPUA~ T2 BFRAAUAH R BC B, WFEAREL . AE
G WO . YRR AR . o T R Sk H A 5
a Fofitege M B T A B A A 2L

bl AT E 2 WI4 LLM — A MEl. N T 2
XA, E bRl (Layer Norm, LN) [L72] #)™ iz W 1] T
Transformer e, LN {7 B X7 LLM )982 & H 2.
BRI Transformer [22] 5% LN, {HAXZ% LLM
RAETE LN PASEB R e Ik, RS ok — &Mk fg
ik 181]. ETHIE LN, Sandwich-LN [[171] #rik2E 442
RIS LN, DUREREUERE. R, S©AF kK
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x3
XEIHTLANEELAFEEATHERE LLM B8R, Hd, #L RTEH, #H RTEBENLE,
NEHaERA ETXKE.

14

dmodel %ﬁﬁ%ﬁ%ﬁmid\, ﬁﬁ MCL i%’.j—(

ey gl K it frEgng  Bohhs ¥ #L  #H  dnose MCL
GPT3 [@] Causal decoder 1750 /¢ Pre Layer Norm  Learned GeLU v 96 96 12288 2048
PanGU- « [@} Causal decoder 2070 12 Pre Layer Norm  Learned GeLU v 64 128 16384 1024
OPT [@] Causal decoder 175012  Pre Layer Norm  Learned ReLU v 96 96 12288 2048
PaLM [@] Causal decoder 5400 12 Pre Layer Norm RoPE SwiGLU X 118 48 18432 2048
BLOOM [@} Causal decoder 1760 1 Pre Layer Norm ALiBi GeLU v 70 112 14336 2048
MT-NLG [11(]  Causal decoder 5300 12 - - - - 105 128 20480 2048
Gopher [@] Causal decoder 280012  Pre RMS Norm  Relative - - 80 128 16384 2048
Chinchilla [@] Causal decoder 70012  Pre RMS Norm  Relative - - 80 64 8192 -
Galactica [@} Causal decoder 1200 /¢ Pre Layer Norm  Learned GeLU X 96 80 10240 2048
LaMDA [@} Causal decoder 1370 12 - Relative ~ GeGLU - 64 128 8192 -
Jurassic-1 [@] Causal decoder 178012  Pre Layer Norm  Learned GeLU v 76 96 13824 2048
LLaMA [@] Causal decoder 65012  Pre RMS Norm RoPE SwiGLU v 80 64 8192 2048
GLM-130B [@] Prefix decoder 1300 12 Post Deep Norm RoPE GeGLU v 70 96 12288 2048
T5 [@] Encoder-decoder 11012 Pre RMS Norm  Relative ReLU X 24 128 1024 512
Causal Decoder Prefix Decoder Encoder-Decoder
-daees -‘fEfees . fEdees
H Ry N § corees :shheaes
;| -00EEEE :  -E0EEES © EEsEes
o M o @ . —_ s M o @ o S — o f . L .
gl ee ¢ ;e ee , e as
1 A B 2 H A B 2 §<§\HH\ 2
4 1 R 1 R N | e 4 L B
> > \§

f
f

A Survey of Large Language Models A Survey of

Large Language Models A

Survey of Large Language Models

Y Y
Decoder

Decoder

J
Y Y
Encoder Decoder

B 4. ZMEREMNTEENEXILE. XB, B f6. EeNRENEBER S AR TS token ZEKIEEN. B4 token FEFR token Z

BEIER . B token ZEAIIEE NUARBHEEN.

Sandwich-LN A IEvE 8 LLM (1%, 86 S 5014
Wt D7) B, — B R AREAL AR DA LN 4L
7% . i RMS Norm 7 143k [ R Al 7 i 19 4 e 174
H:7E Gopher [59] #1 Chinchilla [33] %M. 5 LN Hilk,
DeepNorm [174] B2 RBU T AFAO I GRA EE, FUGARHEAL
—jii g GLM-130B SR Bt4h, FEMRAZFERMASMG LN
AT DARAGE LLM fI%6. SAT , SXFF: 2 SR 2 i b il
We [189), E—SLIbi LLM 0 204 [69).

OGBS T A R, e R 4 o
CrEOE BR. TEBUETY LLM i, [ 6 GeLU S0 i
B [183). sEAb, LESEHY LLM (41 PaLM 1 LaMDA)
WA T GLU i sgui st (178, 184], 45518 SwiGLU
il GeGLU ASfk, 7552 oh il 3% u] DA 15 S 47 HO PERE (185] .

SR, 5 GeLU M, EANTHERIH M 4 h & ZAMISEL (24
50%) [182).

B gatd: T Transformer H [ H B A A B AL
Ve, PRI 7 038 4 A 246 X R X o A e DA
BERF . {EZ I Transformer [22] oy R (2 B 4T 9
Ak, BV IERKERACRIZE S (B, 5 LLM i
FH o 520060 3 SRS AR ], R (3 5 2 A S 1 2502
T B A (37, BT T DAE FE 57 9] 5K 9 7 41
PR, ESME (180). ALiBi [180] i T H A2
) B B A 51 SH i 1AMk SIS A A
{37 2 S 25 LA P SRR AL B B SN 7 (291
Ab, I 4 3 B AR S O HERL A I, RoPE [179)
F ) G130 2 D 43 55T DA PR 6 7 A S, 308t



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 15

x4
ML B HIFMAN . XEB, Sublayer 7R Transformer B FFN S BiTE NER, d RRBBREHKXN, pi RRMBBMNAEME ¢, Ay R
TEREZEANEENSE, ri; RAETEANBZEAREBHTEIIRE, R, RNEEREHN -0 MIHEESER.

feE | Jitk | AR
Post Norm [22] Norm(x+Sulayerb(x))
VH—fb o Pre Norm [26] x + Sublayer(Norm(x))
Sandwich Norm [171] | x + Norm(Sublayer(Norm(x)))
LaverNorm 178 | £ v+ 8, n=15% 21, 0=/E50 (@ —w)?
F—Ir%E | RMSNorm [17d) e BMS() =/ 2L, a2
DeepNorm [174] LayerNorm(c - x 4+ Sublayer(x))
ReLU [L75] ReLU(x) = max(x, 0)
GeLU [1L76] GeLU(x) = 0.5x ® [1 + erf(x/v2)], erf(z) = 3= [ e~ dt
T R AL Swish [L77] Swish(x) = x ® sigmoid(x)
SwiGLU [17§] SwiGLU(x1,x2) = Swish(x1) ® x2
GeGLU [178] GeGLU(x1,x2) = GeLU(x1) ® x2
Absolute [22] X; =X +Pi
Relative [87] Ai]' = WquXTWZ' + Ti—j
ST J
frEsA RoPE [179] Aij = WoxiRo i ;xTWT
Alibi [180] Aij = quiRgvi,jijW{Aij = quixfwg —m(i—j)

FEFEKFEI AN, Hit, RoPE B2 2 W T8t
FEy LLM [b6, 57, 97] .

TR PURAMRE : B 7 4G Transformer Hi4x HIEE )
BUEI [22], GPT-3 R T AR TTEA5 % BE i s i T 22 b
R Rt J) [B5, [186]. A T A Ak His R @ s K P41,
WA E A1 2205 | ARRIR A= i (187, 188] 5% & A7
i) (B FlashAttention [189]) . M4k, 5JE#E Transformer
—FE, RZHLLM FEANEMEZRZRE PR TR E .
BRI, AE PalM [p6] A1 Galactica [34] #', fMEWGE. BT
FHH, XFT LLM R, 25 mE n] PAYSSR I 2R A2 14 (6] .

gify bk, FRAOLESS T EA ST T R e
AT A ESRZAGRE NSRRI, B UGERERTE R RMS
AT EPRIELL , T SwiGLU 5 GeGLU 1ER¥i& R &L I
Ah, FEALE ST, RoPE o ALIBi 2 W ITFH%SE, HAE
THER T R LT

4.2.3 FllgES

TN ZRAERF R UL TE A B3 1 R R 4 B 1) BRI R 2
Bop s REEAEM . ST LLM, AP AR HTIZME
55, R S AR AW .

W E R BT EBYES (LM) 20l A0 & e
LLM (#1 GPT3 [55] #1 PaLM [56)) f5c3 Hi0 B bR. 48—
token J¥4 x = {x1,..., 2.}, LM L5 BTEET 5] HiH
B token x<;, H FIHMTN H 4R token x; . BHEMIVILEH in
S RACPA B iR A

Lom(x) =) log P(xi|z<s). (4)

=1

P R 22 B 5 AL 55 T AR B i A B T [ AR
fifRdke, RGP A B i a0 LLM nTBEEA 0SS, WILARR
A > W AGE— 19 LM J7 3058 X 28455 . — LB F50in
K, O RS AR ) LLM af DA I (el T — A
token T H AT RS B K LEAE 55, TICE M (26, b5). LM
i — A E A AR AT HIE T AR, BRI A
AR D RO a R R T e i UE PN
P B A TR I A token. B FREBSTIOIZ0 K i)
JFF# A token B2/, DR MAE B AR BCRE RO B2 token Y,
HI 280 A P PR AR R T B F UL 55 29

LRI R TSR LM 24, 20 E 4145 (DAE)
W Z HF PLM [24, B7]. DAE L5 MMIA x\z &2
BELER e DX ] A AR SO . BRI, DIGRTE & B AL DAV AR Bl
el token X, JER I, DAE Ik BARINT -

Lpap(x) =log P(X[x\z). (5)

SR, DAE 14576530 FAF- b LM AR 55 3R 52 44
I, BIRRCAER) T Z H T EIZE LLM. R DAE {ER
ZHFRIA LLM 493E T5 [87] #1 GLM-130B [97]. X
A Lt [ [ RS 4 DX R R A T 26

424 MGG
SR IR E % T RE 2 LM (9 J14 i 22 72 AR )
S, T SECR B . ZEATRA T, Tl T8
730 T A T 0 B e

o i i 0 T R BRI TS, DR AR
ISP ] DA B B A B A RN A2 AL B 7. BT
RH], TENATIERT AL 55 MORIINE O R, AR 28 H A
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YA BAT B AR [29). GPT-3 (53] M IHEW] T
R PR SRR AP0 T DA A — MR N A2 5T 3. 4,
575 P b 5 4 BTS00 L T Y 1T DA — 25
sk PR 2k ey (61, 62, B4

o [ SRR S L2 IS WA T4 vk ot
SN BRI R, T A I R 2 SR
(ki (B, 53l B, BRRE AR e R AR AR
TR A . BRTIT, T S S AT BT ) S R I 5
BSRLZ | TR 155 ) DTS R B T 2 R A 70
A

S B T R R T AT 45 BRI, DASM T4
FUTFYIZAE 55 1O VEAF AT S0 LLM JRE 7, 5 LA T4
FRSEAR . W T R EAAh, LLM [P i
W, XEES B2 2 e .

4.3 Rk
X —EBA v, FATEIE T4 LLM B S E ., BI5aiik

5.

431 fRHRE
N TR T LLM S8, ROTNHE THREDIS. =%,
DRSNS A TR ) 3 T B

eI T E SRR B, BA W R R
FR/NGE AR ECE (40 2,048 MBI T8k 400 J54- token)
PARE R IR R e PR Rk i . 1% GPT-3 il PaLM X PR
LLM 5]A TR skng , B Zrad R h sh Rt ik
AN, ZSEEE TR BARINTE, GPT-3 (it /A 3.2
JT WA 320 J4 token, SHFZERFEN, ShAS A
J/IN S T DA s AR e LLM (1253 72 [56]

A PUA R LLM 38 5 7E F Zhad F vhoR H 2L 24 )
TR, AFEWA (warm-up) FIFER (decay). HAIM
=, EINGPILE 0.1% 3] 0.5% WA, R LM
W TR 2 ) R BN B R A, XA R AE 5 x 107° F|
1x 107* ZJa] (Bl GPT-3 1243k 6 x 107°) . KI5,
TEJRSL TR R R %R, B W2 2] R I3 Ho i
KMERIZ) 10%, ERNVIZRR UL

L% Adam fiibas [190] F1 AdamW {iAb2§ [191]) ¥ 2
NHF LLM (it GPT-3) ByilZer, iXseiifbanfl i T3
T B i EEAR AL R R F S AT i, BErESER
FHINF: f1 =09, B2 =0.95Fl e =10"8, [AH}, Adafactor
ks [192] iy AT II% LLM (%40 PaLM 1 T5) , &
e Adam RIS R, SRR T AFE I SRt F
T BAF. Adafactor MALARIEBE SO EN T f1 = 0.9,
Bo =1.0— k™%, Hrp k FRII42 BAECR

B UIZh: 7e LLM siiilghad b, mw @ ailgoniise
YR, X AT RE & SRR A O T RS, R

S 2R E R (weight decay) FIREEE#ESY (gradient
clipping). JA MBS 53, 69, 05, 07, 110] I8 #5456 DT 1)
B E A 1.0, FFRCE R E R 0.1, SA10, K& LLM
FUEL YR, INGFURMRBBTER S KA, SEUIGAR
FEo N T EMEXA, PaLM [b6] Al OPT [95] ] 7—Fp
fRT AL KM, B e A 2 4 2 1 ) — AR AT o EE BT A 2
AR, Bk T RE S B BB . BhAh, GLM [97] &k
NZH 50 Bl 2 TR, R R th 4 ek A2 R
PASR AR A ) A

4.32 A REVNGHEAR

W& AR AR A 1 i, A B A TSR0 T v R I 4k
LLM 2845 HA PR . JOHGR IS 3 ZE 0 BOR ) 85 2o
R s Y i AN B R B A o FEAT o, 3
AT 2 A TAEH 2 T e FR ik s J LR 3,
B 3D 9147 [66, 193, 194], ZeRO [195] FIR A EEIZ5 [196],
FERLAT A BT T IR A T — ek .

3D Ji47: 3D HATERR EE=FE A TSGR ARNAE,
HISRIEAT . KRG (199, Lod) Ak bdEd. ff
BN RA A = AT GRA .

o A HHAT BRI T R m NGt Y s A T
Z—. ERRASHRRAERRESE H B 2 GPU L, AR5
B GaB R e Fx 2 GPU |, %k, 4 GPU H
T BB B B EE , HF IAT R RN B2 1) A% 4% DA SR U
B FEAR GPU Bk B e — P R G AT A it &=
FIREIE, PAERTTE GPU LB, iXkE, dhTFBaEm e
TEARE GPU @ Msr st rey, B L BA v R
P, FTPAE I GPU Skt millgmnt s, Buobh, %8
ARIEIFEE, KREHIMARATEE ST FEC LI T
PEHA4T, BN TensorFlow il PyTorch,

o FKZIFAT: FUKLIFATBIER LLM (A 22 BLE]
ZA~ GPU L. Fpillh, 7E Transformer B8, KL IFAT
PSR E M E [ — GPU L, PAE/E GPU Z A&
TR BRI S SRR B AR o SR, KR ATROAN 5K
AT HESE GPU AR, R GPU DA% T —
A~ GPU s, MM FECRBER & a4 [193]. T8
K FEAT % 280, GPipe [193] I PipeDream [[194]
BHTHEAZ MR ERN RS HE TN A, IRERK

o K H4T: KEFITHEFEHWEAR, BENZ
GPU mi#ini o LLM., 5R/KEIHATANR, KEHITEHE
T LLM g9k (S806F) o X1 LLM il 50 R vk
BAEY = XA, S50 A n] DA 4 A~ T-5E [ A il
Az, NMFFREAFR N Y = [X A1, X Ao, R A
Az CEAEANEN GPU L, HEEFRERIERER GPU

19, IR —ANE TR, fE—26 T PRI TAK
23647 64 -
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x5
BHIE LLM piFmmuigs.

gon (tokfﬁzg; LR Bk RORAON Y I A ol
GPT3 (1750 12) 3.2 =320 7 6x107° f  RKEEWE 10% Adam FP16 0.1 1.0
PanGu-a (2000 12) 2x107° - - Adam - 0.1 - -
OPT (1750 12) 2005 1.2x107% F T2 % AdamW  FP16 0.1 2 0.1
PaLM (5400 12) 100 /5 — 400 7 1x1072 &% ST R Adafactor BF16  Ir? 1.0 0.1
BLOOM (1760 12.) 400 75 6x1075  H  AREEEZE 10% Adam BF16 0.1 1.0 0.0
MT-NLG (5300 12) 6.4J5 — 375 )7 5x107% f  REEEE 10% Adam BF16 0.1 1.0

Gopher (2800 12) 300 J7 — 600 Jj 4x107° K REFRE 10% Adam BF16 - 1.0
Chinchilla (700 12 150 Jj — 300 Jj 1x107%  fF  £%¥EHZFE 10%  AdamW  BF16 - - -
Galactica (1200 12) 200 J5 7x107%  fF SMENE 1%  AdamW l 01 1.0 0.1
LaMDA (1370 12) 25.6 Jj - - - BF16

Jurassic-1 (1780 12) 32 H—=320H1 6 x10~° H - - — = =

LLaMA (650 12) 4007 15x107%  F  AEEEFE 10%  AdamW - 01 1.0 -
GLM (1300 12 40 75 — 825 J7 8x107° f  AEFEME 10% AdamW  FP16 01 1.0 0.1
T5 (110 12) 6.4 0 1x 102 IG ST HREIER AdaFactor - 4 - 0.1
ERNIE 3.0 Titan (2600 12.) 1x 104 - - Adam FP16 0.1 1.0
PanGu-% (10850 12.) 50 Ji 2x1075 Adam FP16

IR, AT RAEME GPU @R GPU [y
HAMRAEER. BHl, KEIHFATEELEIU TR P55
SCRE, B4 Megatron-LM [66], I H AT DAY 2 3 w5 4E Y
JKkiE. A, Colossal-AT i kB i 2 B ok & SE IR T 5K T
17 197199, FHHRAME XTI HESE T P51 9+47 [200], AT
PARE—2 43 Transformer BB R4

ZeRO: ZeRO (Zero Redundancy Optimizer) 37 A, i Deep-
Speed [65] FEFEH, B ETAESEIRIAT B AETUAR 08
WEIATd, FARFATHRER GPU 7 LLM B R FI A8,
AR S5 BB BRI kSR S R, HFEAERTA
REIRH TR BAER A GPU _BARE, X5 NI )8
R T RIS AN, ZeRO HiAR BTEAAERA GPU R EAT
A, Y TR B R B AT DO A GPU kR, A
I, AR =AEdER S B X, ZeRO $24it T =
g %, BMLtEg RS X, M KIS X, 5%
RS RR, BIPHFP AR 7 AN IR E A, hes =Fp
RTINS 50% R EIEY, HAE 5 GPU £
BB NAE. PyTorch SEL T 5 ZeRO KMBIMHA, Fh
FSDP [201].

RARIEIZ: PARIR PLM (fiin BERT [23]) F:Z{EA 32
PPE AL (FP32) $EATHINGR. SE4FR, A T Hi g R i
AL, —LERESY [196] FFAR A 16 77 5L (FP16), DA
DA AEAE TR . teAh, BT TR NVIDIA GPU (7
W A100) HAH FP16 115 T FP32 [yWifi, FP16 ()it
BRCR T DA — R . AR, A RIWESE B, FP16 nl e
FEOTFR AR (B9, 69, HmmARMBAIMRE. T %
fRIXAN S, — A %KM Brain Floating Point (BF16)

EHJITIIZ, B FP16 7rAc s £ i8R0 A DB 2
fio XFHYILIMT , BF16 MH H FP16 e R 1751
RPLH I [69]

SR NSRRI : FESL B, R YIZREAR, #5502 3D IfAT
BOR, HESTAE W DA S g nt S FORRAUm . fi
an, PR C AN 8 AT, 4 BIKEFFATH 12 FR
KL IHATHAF] BLOOM [69] 9 384 /4~ A100 GPU 4T
gk, HuT, JFJRZEM DeepSpeed [65]. Colossal-Al [[137] £
Alpa [202] AT PAMR G SCREX =FF AT 40 T H
FETUAY, WIAREH ZeRO. FSDP FIEGE ¢ ®il% (activation
recomputation) FA [68, 203] k1% LLM, X RE 44
%% DeepSpeed, PyTorch il Megatron-LM H1, It4h, 1B&
FEREVIZREEAR , a1 BF16, 0] DARH R4 = I s A 2>
BAAER, EREE LR (0 A100 GPU). H T
G TL RN FER R RE ,  RLHCTE S0 B B s A 2 1
ARSI 4 ) R AR A . A, GPT-4 [45] il AT
— PP ST IR ST AR BB, BT Fmdy B, AT DARE
PR/ KA AL IR TR RE SN, XX T & LLM "R
EEA M FEI2Er, AR TT ATE— 28R ] S iR 2= )
NEZL T SE RN 24 R . BN, PyTorch XRF5E 440 I
TIN5 FSDP 201 (HP fully sharded data parallel), #i
R, AR IR #3) CPU E.

B 7 bR YNSRI, S LLM )4 2 B AR
B, EABORS)TIZ T LLM SR B e R
A [204]. BARSTHUR —LBIRIMEEE, (HE(biE TR
HA TN/ N TE P 4R B [07, 205, 206]. X7
B AL, INTS &ib@—PMiATi ks 205]. thsh, —ik
WFIE TAES2 IR K iRy INT4 87k 07, mal, 4
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BLOOM | GPT-JBIf1 Chat GLMER¢E iy iy A9 11 1 i o5
B, 2R U EIA K 15 Hugging Face [,

5 KIESEEMERRA

RN TG, LLM 7] DLSRAS o & R AT 55 s B ). 2R
M, kB2 B pE s R W], LLM (88 J7 o] PA#E— 25 i i
(adapting) FNFREERIH bR ATy, FATHRE A28 P Fh ik e 7
NG LLM @53 8448 (instruction tuning) FIXt
FisR (alignment tuning) . Hj—FP V& BFEIGE (SR
LLM RESy, T J5—Fhy v BFERe LLM f178 5 A B0
(BB EF X 57 e, FRATRREHE F T8 Pea i
MR . ok, FATTRFEA N ZEX Rl i .

X6
ARAFRESHIANESES. HF 0IG E— /) IEESEANXEE

&,
Bh I [R] TSR MRS58 FEA S
Nat. Inst. [207] 2021 4F 04 H 6 61 1934
CrossFit [20§] 2021 4F 04 H 13 160 710 J7
FLAN [52] 2021 4¢ 09 12 62 440 Fi
P3 [20d] 2021 4 10 13 267 1210 Jj
ExMix [210] 2021 4 11 A 11 107 1800 Jj
UnifiedSKG [211] 2022 4F 01 A 6 21 812 7%
Super Nat. Inst. [0d] 2022 4 04 f 76 1616 500 75
MVPCorpus [212] 2022 4 06 /] 11 77T 4100 5
xP3 ] 2022 4£ 11 17 85 8100 J7
o1kl 2023 4£ 03 A 4300 J7

51 #E<LWA

AL, A BORRTE HAREF RS (instance) 6
SRS LLM @053 [62]. X RO E-S A B
1 [61) FIZAL S EER ISR (28] BUIRIK . T HEATHE 4 B0,
FoATT e TR BB A E M (instruction-formatted)
ISEB o SRIG, FATIAE 3k Aot =iy 52 1 LAY 18 XA
LLM ({5 4nfd By 50 20750 40 2k AT 45 ) - T8 20 s
LLM W] DA R 2 A 2 2R W3 A1 55 i 518 RE ) (28, 62, 64],
BIEfE 2185 5 T MaEA AR D8],

BAL ) —fmeid [213] RGHHMRIA T H 0. ALz
T, FATEZREAE LLM A RORMRICE , JHEE AL
SRR B GO ) O VAR SR . e Ah, RATETHE TH
2 BRI 2 ) P SE PR R SR T ¥, X AEBUA Y LLM g
Iz, Bt InstructGPT [61) F1 GPT-4 [45].

20. https://huggingface.co/joaoalvarenga/bloom-8bit
21. https://huggingface.co/hivemind /gpt-j-6B-8bit
22. https://huggingface.co/ THUDM /chatglm-6b-int8
23. https://laion.ai/blog/oig-dataset/

5.1.1 HBRUSEGIRIHEE

EEWIT, — MO BRSO E - MEL R (FR
354) . — XTSI AR R (). AN A
SEYEIE, ARG 4 R AT T R AR TR R A
focr (T RH T RS R) . Bk, RN
Wik B R A A S (T shrosmEm) R
JERHE LA IR S R 2

R e AT i gl s AER OBt 2w, LIRS A
7% 210, 212, 214, 215] WK A A G (40 SCAS
BLLOSCARGRAEIGE) LR BB 2T 55 I 55k
Pid . MERFE SOOI —FhEE 2R IR, B AE S T
Z5 43 A AR LE AT S5 YN GBS A 24 Y . FLfA
Kt Fthy LAE [28, 61, 62, 93] /I ARG AE 554 ik
eI HARE R B , X S AR i AT S5 H ARk s S
LLM BERIE%5. G, 8 B (b) o, A M55
BIERARIN T —AMES IR SFm A T2 A7, FERASMIHZ
J&i, LLM 0] UG i 3806 AT 55 T A AR f b 72 A6 21 oAb oA L3t /)
{155 1 28, 62, 64]. Fehilth, F52BEZ R m LLM {£:5512
LRE TR KRR K [62]. AT H 4R 48 S R A BAR T SE
B, —#4 4 PromptSource [JAELT-& [209]) B, AIPA
AR, SRR WA SRR . seah, 2
WF5E (28, 212, 216] 24808 1 0 $5 A R Fr ik s T AT 55 1
R, SR RAEC A SO - o fln, XA e
I -2 X6, FRATT AT DATE A 32T DA e A 25 22 1 Ty SOk )
BTG (B, CHEATATERAR—AFA:), It
G, AT ST A [R17) FIH 5 K AT 45 MR B TohR i
SUARTLAG A AR 1 S 451

RN Te ik S A B 2R 929 B 2 i VR g 23
Tk, B0 [ A b NLP $iide, (145
= L REPEE 5 N KBS RARILE (1), 2 T A A 1
InstructGPT [61] ZE 1R ESE A 5545 OpenAl APT (7
ENE AL SR . T A B RIE S R, B A Sl
LLM BG4 H08E 7. AN, T EES ISR, 4iiE
HE BN BTG T S RS9 S, AIEIFER. TT
ORI . SRR RS, SR LE 5 —dUbRTE A B
S TR RS AV W AT 125 . I, W54 (MRS
) MR (A THSHER) BOEL—
ARSI, AR, InstructGPT AL DL [ SRiT
TR BT 4 Tl i (2255 b3 45ehitie).
B, GPT-4 [U5] 8 TIER R I09 %, I
PRI 40 245 S DA IR e 4 . A, R A T AR
e, LR L RIS R20) $E B S A
5] LLM o 2 R AT 45 HEA AN 2 R Ha e 5

RS S BIRR ORBE D 2 s 59 S Bl i) o i R R 2R F) 1 FE A T
Wi, AELL, FATHE TSl KRR R
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Instance Human-written

IEN

— /|

Task description
Please translate the French to English:

—

\ Q: Where is the capital of China?

(@) Instance format

1
1
1
1
1
1
1
1
. 1
Optional '
. 1
_ Demonst_ratlons 1 NLP Datasets
fr: Reprise de la session ! S "
en: Resumption of the session ' e enteqig Ain;f:elr?S
fir: Il sagit du cas d'Alexandre Nikitin. 1 Compostion g
en: It is the case of Alexander Nikitin. I Textual
H Entailment ,
araphra
Input i : sing
. 1
fr: Nous ne savons pas ce qui se passe. ST
' Analysis .
1 Misc.
Output ! Text  NLI GQuesti;)n
! eneration
en: We do not know what is happening. H ® .
L ) Code Translation
1
1
1

B 5. XA KGR AEEE S HRALFN A XN TEE.

o 38 o4 At FCREIIFSE L B F 4 AT AR
38 LLM {02 fhie /28, B2, D). Wi 5 4 Hcmnotiin , 458
0 R ) L T T S K P B (BT 4 A ) — s AT
I, ARSI OR R (64, b —A~ermross
B AR R AL 5 T AR TS AR, TR
IS4 4745 TR R Stk icas (64 seoh, Ml
FE . SEHIRIRIE 115 A7 AT 4 AT £ Rty
2aH Y. TAEAME S BRI SLOIAC AT BB
S8 3 T DA GBEZR 002 A e ek B A0 62, 6. SAT, 4%
ST 45 S BIACE—E (BIBCEA) TRE e
H LG TS R A (D).

o BIHEX: FEA MM IR M LLM 32 161 RERY
—AEEEE D). BEUL, AT AR A SRR
KRR AT 45 i FRT SB35, 2L 45 ik LLM
SRR 4 D) B0 ETRA. AN, (IR MR B
R (64), SR AT DA AR SR M O, Xt TR
X454 TR U (62, b4). SR, WEHAEA (it
. FREAIEL) FRINEIHE S Foe LLM QPR T4
B, EEAFERARENE b, R07). AT LLM 14
HEFRRE ), — ORI TAF [64] Fist e A i A 4 1
CoT 52fi, BIINEARMER . CaAUEN, RN HAES
HURALE CoT REABI LLM, 1] DAZE&Fh R IF1T %5 A
BEAFMAE, OEEE S GRS (IR
EREANER), URABESEHITS (G
A ) (64, bd).

K, 1542 REVE QT LSO AR T | [ 30
BLEFfY TnstructGPT [61] A Alpaca [220) fHH05 4 (852
1) H Flan #0) LLM [62, b4) 52 WA EE IS FE. I
Bh, HEHRR K BSR4 H T s R 4
HOEE S S . B, AT R B T b SR J A

Q: Where is the capital of Brazil? E |
A: Brasilia 1 i i

i Desired output written by human
(b) Formatting existing datasets !

i {API collection

6 A

Human-written;
Task description :

Please answer this question:

Demonstrations

Task description
Q: Where is the capital of France? P

A: Paris. Can you recommend some ways
to lose weight?
Input Output Output

Here are some ways to lose weight:
1. Eat a healthy diet: Focus on ...

(A% BRI} 2. Increase physical activity: Engage ...

(c) Formatting human needs

SKAG A Re T, AR 4 M A AR LR b,
W A A, T fTTAT AT I kst e (), s
AR LLM [ 34 21d).

512 {E4 AR

ST, A ST e S SE BT, 45
A PR ST AL A B T DAL — 4 R
Yt B, Ot R SRR [64), R A 47
BRI AIE AR ) RIEAL SRS (T /M
FOINFIZEST 3 o S T e SRR A BT . [ T I e
B B, Ha A B T B A T T

SR TS A R TS I0IR G, BER
VR P T A 4T 45 0 B AR T, ™ 0 00 P
TR 5 e ) SR (R, BT SRR ATE, REMIR
O R H R RERE RSB, AN, RIS &
9 64, o), $epses it Eciage (i FLAN [52) #1 P3 [209)
F SR L 03082 T A SR PR T o IS, 764 2 BN
BAUE— RS F, DA BB b DA A J kS
B BT, SO T B IR R B A R A 87,
bd). TEScEER, AERRIEIRE, SR RE L
THILTASH) [62, b4).

L5 0045 A B BN : S T 8 BT A o A R
OPT-IML (0] 7EH5 S HARMI A T BS80S oA%
YERFHRE LAY IE Y, (regularization), BbAN, —SSHFFTIFER
7 60 P B B B I B (TN A% A0, TR
IR A TN AROR (RIAcA) A A MIREdR (B84
AR, 2T 5225 M SRk (87, bad), B
KT, GLM-130B [07] Fl Galactica [34] $45 4453t Ktk
R BN EERG—INIBAS SIS LLM, 30 7T R
PRI GAE S B 5.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 20

513 EERIBRHRE
FEBCHIAR R, AL THS BOARE LM 954325
.

PERESCRE: S5 2 OR AU A RS i Bds BT TR0
HE B e ksl &3 LLM fig )7 23X [64]. HalrAYBFsE
LA L (A 7700 T 7 E] 5400 {2 A% ) % LM #8477 52
By, FRAR AR A ASIZRER nT DA HR AR 32 24 [64, 216],
BEE SRS, PhEEWmAER] TR 08, A, &
54 ol R 14 e /DML R B 28 W DA LY A 8 R ) B A28 2 B B
I 28, 64]. B THEIBUHIBLAN, 5 RORAE A R AR B B4
TN S5 B A A B e 7 3 R A2 I e R [64] -
S, FRAHIAmIA LM (388 PLM) [WREJ7#2
THRAE T —FhiE 75 [64]. MeAh, SEIZGAML, B
LLM fr i i8S Bdn e i e D Tl gsds, $54-60M
AR o

FESSEZ AN : 154 B S ML B T T 52 WA 4640 11 2R
S4B LLM 2005 A5 S5 1R ) (i
BRI FBBLAE J1) | EVBEAESR A AR S E U REAS R
13 (64 KEBIITE B T 454 BORTE B LI Ik Lot
R4 LA S e (0d, R16). sesb, He ORIk
T DA B LM fy—E55 5. (14012 i 5 2 sk 4
5 AMERSERGHIRT45) (61, B4], AT BE LLM FUA 338 1
BB ST A R Sy IO, B T 454 BORIZR Y LLM
T DAZ ARSI LA 5 ORI 44T 4 . B4, BLOOMZ-P3 o)
HF BLOOM [69] #4535 30 P3 (L4584 [209] LHEAT (0 .
MO, (E2TES 0 TAMEAE4% T, BLOOMZ-P3 Al
F BLOOM {545 it 50% HOHERERRTT. SX 2R 4 i T
DA B LM M3 S8 4 v I 9 e 5 i 1,
I LERE G FIIUbIES E DY, s, BRIICELH, fE
SEFIOAL S, AU e A T DA 4 AT R 4

(O8], MM FRIRRE T 4R TR TAER
5.2 I3FiA

RN B M AR T R R AR SR, RS
HRHE N TXIFF LLM B RSBk, Sa i i
NFBRBEATIRAAE2] (RL) PART SO AR AR

521 MFHRUARE S IFRE

HWat: LLM 2 HAEF IS R TR 6
77 [B5, 56, 62, 95]. {H &, X SERIAUA if ] G2 B T 2 Ak
HIAT R, Blngeid s B . RN ERH bR, PAK &
HER. RSFHERRAE R ZEE [61, 221). X LLM 175,
BELA S TINS5 T 08 = B A, B R ] )
TTENg , HX A 2% R AR EE LT . o T X
LeFIAMGAT R, LAY (61, L13] 4R T AR TR, 1S
LLM M AR AF & N, (B2, 5 Jer il g mnE

Fofdcd (FlanFe ) AH L, X FF R0 a5 228 i bniE (51
W A, SRR ERE) TR AR R
VAT e e SRR P LLM B3l RS 7, SXTEA 2E 05T
HE R AT F it [B1, 222, 223].

XS bRE: AT, BORECE FE RO TN LLM AT
il E ZRAC RIS E . TERE, AT =ASBA FCRIER XS
FebnE (RIS Wtk . TEH ) MBI BT, X
SeBRE CAE B ST P A3 T2 R g0 [61, 221, 222], FRIEDA
Sh, MRFIRLA &, 40 LLM 38 HAbEA R AL, =%
AR RS 55 BOR BN TEARIE , s T HAT R A B
AR AR T [220] ARSEAFE TR, B Rk =A% 51
HEQLZ USSR ATHY BRI PR o IR I [L13],
RALRLRFE R BRE [223]0 BETOR, FATREXT Lk =AUk
PERR FE R E 2 Hh R SR RS -

o AR LLM 4 7ikEA L, 2R AE AR
02 FLves R 77 5 B P AR AT 55 B[] 5 0 A 24 T 2t
— 25 W] R, B K P ) LLM LY R i 2 24
A TR R SRS M KA B BE T, T R A @ O UL
%A 222]. X5 i El LLM A P2 A 3
AR AR A S SO P ) R AR IR (221

e iR FEEEAJR L, WELH LLM iz it
HEFEINES, MASIERFRE. Eik—4, LLM fef &
RIE M AR ER NI E Ve R E R, DA AT ) B 2 S0 =
SR E . X EL T AL AE ST AIHRUK - (BN “JnE B
CARIEA2") o RAEE LR [222], S54RI H L
HHEE, WM — R AR I, DR X SR Y
NIJrREsE D

o REM: TLHMETORMIAE B TEF N2 B UMK
AR . PR BRI A RE I AP T, B RERS
G0 ) B e Ay 5 5 AT AR SR . FRAELRE DL T, 24
BYHE T RAPATRERAT R (AJLE) B, LLM WALS IR .
IR, AR AT HPEAN TR FARAE S R LA F A
[ Nt 2 imiA ] [222], SXAEAR KRR B _E B T ifEAE(l
FLLM. i i I DA S (1] LLM i35 57 (A1) ) -

FATAT AR BI, XLEXSSF AR RS 30, 2ET A
FINFHRIER . PRI, AER eI B E N LLM Bt H
bio (B2, TEBARIDIITH, A2 T A T ATEXT S ik
Bl LARAE . — A AR LS [85, R24], ELARS
Pk 77 X Fshal A s LLM, 2 A T, A
JE TS B s 1 e i

5.22 ANEKRIBZRIWE

TEFIZRRT B, LLM (R RUBGERE , DAVE 5 @B 145
FARBER TSR, SR, SXARAY IR H ndhk = N0 LLM i i
Y A E PRl (FEARZRB RO AR R A% )« PSR
RBBORTRF LLM (6] NSRRI & A E R FF AR B2 7
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AERGy, AT AT D05 i) N FAn i R AT I
BRI .

Bl N GRS : T B AR, AR N2 SO B iy = 22
PR AT AR (61, 113, 225]. XY T A AR 1E 5
W EEAEM . TS B r RBHEE, AR ALY
HAAHBEE KT R SIERE S . B0, Sparrow [113]
FURFREN RAETEE R A, BHENTOE, AR DPEAR
i MAh, 7E 23], SRS HAT S AR N L2
£ M Amazon Mechanical Turk “F& 530 A 1207
FEEA LA, BRI, —L80F5% (82, 225] K IAREEA
RSN AR IR SR ILHES, 33X 7] B A5 A28 S it
HFFEIEFEC LLM =AM . T R A )
InstructGPT [61] #2900 T e d %, W PR R
RN R [ R — B R B AR E A . BRI S, #F
FEN G Sehnit D e gdE, RS AR AR A SRR
Z IR bR — 2. SR B S AR I AR S IR SR AR
TETAE. —SEHAR T AR [226] B4 “EFHIREE" Kb
PRSI i . BFE N PO AR N LR R, ik
BRI R AR R (Flanm—2c) 1B IEFH R
W& MHERFEERIE SRR EFEEERTR. TEAR
A AT R Fe v, SRR AR 45 2 5 SE T 4
SRATEN [82], WILAME AR TESS R

ANRBBcts: FEIA R TAES, F2A =M
BRSO BRI i 47508 -

o A THFay 7y ik JERMM T AT [225, 227], FREA
G DABCA AL 07 50 (BP R SR B R R 2 2R ) PRAGHSE
BUA R R AR, NS TR TR AN A X FF AR . SR, AN[]
FBRTE & W] REXT foe M A R I A R R R B [
XBRTT IR0 T ARPGE P IREA . X ] B HOR HERf B 58
BN T RRDGX AR, BEERYRTSE (113, 223] 5
AT Elo Wik R4, lid—— A HTA e th 4554k 4
— A HER AR B4 HE P T R A R {1 Y
L AT A AT SEAN B A 452

o AT ERAY 7 ik AN, Wl RIEPEA BB E
W, A A AT ASR BESERAR Y S f5t [72), X 48 s Rens 7
T AN X AR DA B LA LLM 2y 4. i, 78
WebGPT [[r2] 1, T HF WA AAS: 2R B B SRS o o A A
FHAR AR JEL, A A B 5 ] 55 5 T AR 3R 2 1 SO X [ 35
e BT A DR R

o A FAM ey ik AN, EWFZHITEH, ET MK
DT R R B I N RSB M — A2 T
Sparrow [L13] AL THRE N APk eI, s ieit
T RS A ) [l S 2 AT A L IR A
TEFHINSTEARUE o WX P75, BEFEN BT ASRAG PR 2
NSRRI - (1) i —— HU ORI A A 1 45 58 0 B R
Pl st M(2) R ARAREFRIPA (RIE

/ Prompts
\ Demonstrations

Supervised Fine-tuning

i Training with demonstration data

—— >  Pre-trained LM

Human
Annotator

Reward Model Training

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

>

Pre-trained LM

Ranking Human Feedback Training with feedback data
_______________________________________ RL Fine-tuning
H 7777777777777777777777777777 Reward E )

. Prompts Model (f‘!
r_ _ — d l — Aligned LM
ey — 4
© LM Outputs W/

Reward Training with RL algorithm (PPO)

6. RLHF &£ T1EHR.

L R BUVRIRR T4y ) AU R . Ik 4h, GPT-
4 (45 B4 (T GPT-4 A1) BREASIIHE I
THLIA S TR T LA S H T e R A A 2 7
2T — A S .

BTk, AR TR T LLM (fn
ChatGPT) HfH A, BIET A2 (RLEF),
TEF T, FoA KA AT Job 2 5T At LLM 5] Fi rif
SRR, RSB D 2. A R AT

523 BFAERRBRRELES

R T LLM 5 AEME 2, A4 T RLHF [7d,
225], M HWCER R NS NT LLM #1760, A 8T
SR SRR RS (AN, AR, SR JoEM:) . RLHF
FHBR2E] (RL) 8k (a0, o skmgift (Proximal
Policy Optimization, PPO) [81]) 24> EEEAfE LLM
TR R XA R NG A NG b SR I Rkt
FAEF R IR LLM, 40 InstructGPT [61],

T AR BRI RS RLHF R4 18 =4 %
SR BIXFERY PLM. MZERUI b ST 3 AL, DA
Klgs LM i) RL 53k HARRUE, PLM G2 — A s
B, B HIA R PLM S5 T0I46 4L . B0, OpenAT 753
A F R RLHF £% InstructGPT [61] H ] 1750 12
ZEER GPT-3, [l DeepMind #£ H: GopherCite 5% [226]
Hi{f 2800 /ZSH# AN Gopher [B9]. 1tAh, #miER (RM)
et (22015300) HSMES, XEES T AZEX LM
A B SCAR I G, S AR R(E R B F0R . R AdE
WHAMWAIER: SRR LM B S e b 45 =08
YR LM, B TAEE R RN 52X 0 LM [61, 226] H
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AARFSHR RSB, F1an, OpenAl ffiH 60 122%k
Y GPT-3, DeepMind i ff] 70 12 %{&E ) Gopher 1EH
AL, B JE, A TR B R AR S 4k PLM,
AT T — PR 19 RL A T ROBTRA R . R
&, PPO [81] &P BlA TAEH ) Z % RL X555
& (61, 113, pad).

T AR B ALy ST e me: 1 B T RUIF 1
AR 61, 82), BAKGITF AR,

o WEMGR: i Tl LM AP IITIrRiT e d,
W TR M ARR (F52) AT TR § i B
e, PAXT LM A7 . X Se4R s A H T AYERRRAT 55
ZAEERIE OU T BN TAREE N X SRR AT 5 S .
40, InstructGPT [61] Bk A LhriEEmER R~ (Flan, “3)
it B K TR AT E AT IR KT a9 8% 7) A il T
% (WPes A 2. SiEs . WERMES) iR ga . iF
WE, B—PAEREm s e .

o N &R AR AN 5 A Rl AR E R ZF RM.
AR, FRATm LM s ACRAER$ R Ok B B4
SRR ), PAE R — @ B i SAs, SR
N AR 53R ki A -y R . it AR nl PAPAZ
AT, DL AR 2 X A R e SCAR A THE P FiR i
RAERT LA AR R R R 22 57 fede . IR RM T
WK br 4 it . 78 InstructGPT o, FRyE GLURHBIALA: B
()4 M IR B B de 22 A T HES . SR JEIZE RM (B 60 1238
H1 GPT-3) KHHES -

o 2L ST HOR  FEX— YR, LM XS5 ii vl AR
AN RL M. fEXFpESL S, RL A (policy)
H PLM 25 CRHERSTE N5 AR [ 5 SCAL) , 418h %518
(action space) <& LM B33, RS (state) & H wi4: mUW
token J¥F, KJil (reward) Wi RM $#2{ik. f 7l LM &
FimEes (RofwET) MRiEL, 8w R EOh g AT
FESTI, Fn, InstructGPT FE{fi F PPO B¥EXTHl RM 3k
Pl LM B}, SR AR, InstructGPT 1152417 LM
Fiwihs LM A s 25 2 [0 KL 5O/ EST . (HASE
B2, TPAE 2 REREE G — 2 R A H X 5%
LLM.,

5.3 BRRAE

TE L3 FATHE T 45 2R TR 73k, PAfE LLM
WNARFER AR BT LLM A8 KRS, #7425
RO S BITT . AT, FATRHE MRS LLM
PEAT R . FRATTE S R BULAR A T Transformer 1545
BRSO I L, REBSHA X TSEmE
fod LLM #9 TAE,

531 BREWRARE

TEPLA SRk, 805300 (parameter-efficient fine-tuning)
(228, 228-231] 2P EZEMIE, SRS HnEL
i, (AR AT RE ORI R ATIOMERE . ok, FRATRFfRT 2 ml g
AT Transformer 185 WIS EEBBOR ik, GFEE
Fi s i%id (adapter tuning). BIZE{HE (prefix tuning). $2/5
i (prompt tuning) FMEFRERL (LoRA).

WERCES P IS ECAR R AE Transformer AL shg| A T/
MM g (FRohiEm ) [232). 7 SC PG Al Ak,
1 (232, 233] PR T — IR, B SRR IR ] &
JEGERV B NOYERE (SRJG I T IRt As ), SRR AR 3]
JEARZERE o AC AR HORE B £ B 454 Transformer 2, 8
W HBRITEAM TR, 234 Transformer 21 %.0
W (B AEMESRZ) 25, B4, £ Transformer 2
L T DA HATIE BC A (234], R A E Bt 5 v
JNEREBZ TR .. FERRE R, & E A O AR
FRE WAL S A AR IEAT Ak, 1 JEAATE SRR 0 S HCRHE
PR . X Ry, FRATAT DATE RO A R A R
Hus A I SR SR

HIZEOR I BIZEAA (229) AET5 ALY A1 Transformer J2
BN — 2V RI2, X282 — AT GRS & X
LR ) R LS5 ARk, AT AR REAUL token HiR A
T AT R, SCE [R29] PR TR ESH T, B
2] AR INEREWUR 2 BT S B0 R MLP eR %, 1A
e HAR LTS . ZUEN], BTN TRUE N GARAH B . 1
PEIG, W eR R 7, PR B IR A O R 288 1 ok DA 5 05
SEAL AN RIIPERE . i T A RIS SN, T ASE
WSHE BB AL . KOUTRIZRH, p-tuning v2 [235]
Rl B AR B AR AE Transformer ZEM 5 A T 12248
i, I BB R AT 552 ) R G s . B
ZEN, B R AR N R S RO BRI 5 AR R
155 LRITERE.

RN : 5 IO R R, 37 o (230, Rad) s e A
e AT n i T psseR v 239, Rad),
LT token (DA tTESR [36] Sk
3t 230)) b FEASAR, RIGEE TS A T
ST WAR S . TES2Blrlt, AR 5545 N0 R A 5 0 A SO
HKIZE S, RGBT, P-tuning [236] 3211 T
I BSR AL 1R 0. SRR B token, 38 T 1 4
VR O . AU LSTM 223 T #chit

24. X B, IR GOR R A — S B R T R mE, Bl [230,
236, 237 R TAE, WAL [230]) HEHMRrE k. FEL, B
TR (229, 235] AT AR MR /R ik, BATIEE [235] Hk
FRAR SR FHOR SR, FEARLGHAS, SRS, £ LLM fiEss
TRIEMAZ AR token 1535, FATHF p-tuning v2 [235] 192
FHTBBIR—Fh, PO EEE SIS AT BERR.
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71 token HYZRIR. 5 — AR AR SUR R AR % [230)
EARAER AT AR SR . TRt REd, JARRIRA
SRR E AR ST M AT 2] . SR, TR E R A
BERAGDRETTINGSH, R PR & B HOBUR 25
B RE ST (23]

IERERL: SFE R (LoRA)  [231] 3 st ¥ IS Bk 29 ok e e
(D02 SRR B, DA I FWRAE S5 0 T I 4 5. %18
PACSHAERE W IS0 . TR R AG R W«
W + AW, LoRA fBEA B ELEFIRM M W e R,
[7) I3 1 AR R R U S B H 4 AW = A - BT,
Hi A € R™F il B € RVF B TALS SR IZRS4L,
r < min(m, n) ERAGGHITE. LoRA B30t 521 DA K
ENTERILEREE T (BIR0 VRAM). BtAN, AATATRA R E
— AN KREREAEN A, [ IR A THE AR R R I 45 1
FEE MR BAE NG . LA, A LIRSS e T I DA
S e B R, BT T S AR 43 I [240] RITETE
BRI R IR 241

BT iR, F KERT Transformer 15 F ALY
BRI, SR, AT S O S AT e L T
ASCHITERE, T AYEA 36 SC 4k E 228, 234).

5.32 KiEEHEE EMSHERRIA

Bz LLM (248, Ui s | T 8ok 2 fpFse &, PA
AR — P R T T S5 G Bl v

55303, ToRA [231] B 32 B T 973 LLM (#11 LLaMA
Fil BLOOM) PASE B S 50 m U . 78 ik 2EAFF 58 22 3K v
LLaMA J HAR R RSB0 0o 328 7)1z X3 1
4, Alpaca-LoRA [242] /Zifiid LoRA JIIZRHi 1Y Alpaca [220]
(— G ER 70 /2 LLaMA B8, 45 5.2 H 4 AR
WIFER) WRERMRRAS . FER RS S SR/ Ny,
HATXS Alpaca-LoRA ¥ ROHER, mTALENcE v w4z,
Ak, LLaMA-Adapter [243] X 7] 2% 3] B4 75 ) 548 A B 45
A~ Transformer JZ2H1, g TR AHR T, Hid
BRGNS ANCE 2R, Ah, AT RE I T
YRR SRS, W .

WAk, —TSEUERFSY [233] KB T AN [0l 7 ki 5 B
U2 o ABATTECERE T DA S OO v, AR HR A TS B
T [232]. FHATERL RS [234, 244]) F1 LoRA [231], #E=A
5 LLM (GPT-J (6B). BLOOM (7.1B) #iI LLaMA (7B))
i 2 L 5 VAN B € o818 B € S OO 2o S
T2 B B B U0 YR T R MEAT: 45 L R B 1525 B AR
A GPT-3.5, (AR TS LRI Y . BRITE, LoRA 7F
K S LA T R AT, TR I A T 2R S50 i
B,

25. https://github.com/tloen/alpaca-lora

VEREERIR, PEFT RIS 245 (RESHERUHN)
B GitHub &7 & 4 7 LR 32 6T s i Iy
£, f13E LoRA [231]/AdaLoRA [240]. #i£f0 [22d, 235). p-
Tuning [236] A2/ [230]. Ak, B LR AE B, 4
GPT-2 fil LLaMA , ifjE3= 7 LSRR MAE Transformer
AL (4 ViT i1 Swin Transformer) .

s B pHER, B SCt R T
TR . SR, R ZH0 AR AE/NEL PLM 47 I
AR LLM _E3EfTAY. B E BRI, A AN R w0
EXTR RS B BTSN LLM Bysg it = SRABIFSE .

6 f£H

i P GREEE R 2 5, 6 LLM #3205 R i
PSS BTG M PR SRS . — P LB 3R A KT
SRR (80) 7”78 (demonstration) DAFE SATEF UAMIE
KFIEMW EF L5 T (in-context learning, ICL) [b0, p5]. It
A, SRS eI T (chain-of-thought prompting) [32] BT DA
R — ZR 5 R R BRI AR R kR ICL. B2 1k,
AT LN ZX PP BRI 2 o

6.1 ETFXH3

YR —Mrikn e n s, ICL 75 GPT-3 [55] H i ik ifit
TG B LLM (8o v,

6.1.1 ETXFEIMER
A (58] H AR, ICL i —Ffp i LSRR (2) fEh
R UMES LGRS B B SRR - IEIH% ICL Wni
K. 5, DMESHRIERNTTIGR, MESEdE S e s —Luk
BERRTE. KRG, PAERRI T AR E 2R B AT 4% IR E
IR FA AN H R E SRR . B)E, FRRFEEIE S LLM
B A OAUE R . BT RTE, LLM v DAAETRA B
o B T B O IR AN AT T 55

A b, & Dy = {f(x1,v1),..., flow, yp)} ERH kA
FEBIAL B —4URie, H f(zr, ye) 2 F5 b MESHGI
ok BB T PN R SREESE T, 7”38 Dy ABOHT
AW Cpp1, LLM AR ger TR ARIT
shsk dored:

LLM(I, f(z1,91), - f @k, Yk), f (@hg1, ) = Grt1.
—~— ——
Bieh WA BR

Sl

/ (6)
Foilr, B E yer P, K LLM Bil. 3 ICL
PEREAE R BRI, FESUR P A BT E 12— A

26. https://github.com /huggingface/peft

27, TOL #t GPT-3 3¢ (53] k| ARY, sk OB b A
WIYALE, HA R — DA E R Tt . XA E X, 24 LLM {G#E
TR SRR AR Pe— R WA ARSI, T AR A 3E S ICL SR fifoke
55, MR- AT LAKESE ICL fEJ).
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In-Context Learning

Answer the following mathematical reasoning questions:

0: If you have 12 candies and you give 4 candies to your friend,
" how many candies do you have left?

Nx A: The answeris 8.

0: If a rectangle has a length of 6 cm and a width of 3 cm,

A

Q

what is the perimeter of the rectangle?
; The answer is 18 cm.

Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left?

A: The answer is 9.

: Task description : Demonstration

LLM

Chain-of-Thought Prompting

Answer the following mathematical reasoning questions:

Q: [Ifarectangle has a length of 6 cm and a width of 3 cm,
what is the perimeter of the rectangle?

: E For a rectangle, add up the length and width and double it. !
i So, the perimeter of this rectangle is (6 +3) x2=18 cm. !

The answer is 18 cm.

Q: Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left?

A: He gives (1 /4) x 12 =3 marbles.
— So Sam is left with 12 — 3 = 9 marbles.

The answer is 9.

: Chain-of-Thought : Query

7. —EFLETXES (ICL) fnB4esE (CoT) RMLLEAM. ICL B HAIBEHIE. S)HEBIFZERFRETR LLM. M CoT BRI RE

THH—RIFEHEESR.

MR, AR () AR, RN TR FoR R R AL
=/ BT, AR ERAUOR RG], R £()
BERFAREBIRE AL BT, DA T BRI HES R
i3 [b0) 0F ICL SEAT T4 G Il i, el 2l i
S0 DAROAE 5 T R e R e . R RS2
SR, FoATEE B 6 R T TOL 1 LLM Whay i 4> £ % 77
i, BRI OA R ICL 55 HUE . Hedh, ICL i 54544
W (DR EE) AEEINE, FN TR 5
REBIREAL ) IRES I, BRI, 194 BR300 LLM
FHBGER , 117 ICL (LU DRIk B LLM. 4,
354 BT DU R LLM $UF HARE S 1 ICL fEJ, Judbe
TEBREABLET (U T4 HR) (64).

6.1.2 FiE@it:
LR EN, ICL AR RS 13253 v i
W 246248, #Eb L e, AR TN EATT
W44 ICL (R it B R . ASmbs .

AR MRS [249], AFEERTEX T ICL fPERE Ik
WO UL, weEE A REE A AUKE LLM 1Y ICL Rk
BIFARARE 2. KT /RTEIESERM 2R A MR, $riER
HeA TR LLM #9734

o B AR ny 7 ik T H B IERMEMAS, B TRz
RABER D EREFE R — SRR AET kNN 1
R AR S AT SO R REBI 249, R50). AT, AT
seFE X AR BT R, AR X R BIR AE
Frivflio N T RPXAS T, BT AR PRI R
RVEFEXT T4 E A5 i B AR BIR& 251, R52]. LAt
[253] FEEFAEBIIT [R5 1 T A] AR AR

o AT RIBEZT AN A JH—0 TAEF A LLM 5

B R Bl Blan, LLM A DAY 3 AR 3 7 I A 51 )5 1 1 fiE
b [254] WSRO AR, M TIERE. 1A,
EPR [255] $ih T — Mk Boke R o5k, o et Jo By
i (0 BM25) H MARGIERES], AR EARS (6
M LLM AR IE REBIIZR) W ERI2EATHES o« 1R —FhEs
RT3, ATPARE RS FAL 55 BB — A RL [, Hirp LLM
VERRIEREL, AR B AL R 15 [256] . A LLM 7E
SCARPREDT TR B R A [257], iy —LEiF5T i LLM 4= 5
YER A N LTl s E s 258, 259].

B Z, IR0 [260] FFErHer), T b mfhies sy
i, ICL P e Y JEREBI B 1% 0 & IR 08 1A KA ERAT.
IR, FHS MR .

RIS TR S RO fE , T — 2 R BT A Sk
KA LLM [ BB TR . —Fh B 7 2 AR Y
i N\ B E OO R SE A SR [B5]. S T A T AE R
BN, —LURFST [64]) MRS A, s CoT
$EoR [B2] RHgR LLM (3fE3aE Sy, pilan, 7& 207 H, fE#&
W T — M N LHRE SRR i KRS . (FH
XA FAREROA G, X2 ARSI RS T, LLM t0n] ATE
—ERRE R ABR WAL S B A TR A, FE [218]
W, fEERE TR ae v, BB A THREN
55 F R 2 U b 7S 6ok 58 5 LLM AT 55 28 UE 553
Ao T AN TAREA LS s fuas RA R, — L8 TAEDE
GE T AT H Bl A R R s . VRS IR
Auto-CoT [261] F] ] LLM i I BREARIEIR “Let’s think step
by step” A A1 HEA T, 1 least-to-most #278 [262] 1
Jeif) ) LLM SRINAT IR, AR5 A LLM AR 4 S Ao
{14 P[] 2 SR MUK AR 1 ) A
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AT LLM A7 I 232 2072252 0, B a2 (6 1
FRRJUG R EZE R48]. Bk, PAEFRIGFHES =
W (GIAMESFEB) e, RN TR T8k
A7 R RS B — A R R . Bilan, nT AR HARYE
TERRAZS A RIS BRI BLEERHES [249]: HHBLEE MR
PHESEE MG, AN, AR Ry EAR B2 6 T DA R G AN ] 1Y
ANJEMFAT 2y [247). ZFUEERME L, —HRIENIIITHER
H /M FE 2 % AT 95 AR 2 B FR O T KOR BE T 2 HUAE 55
fi B [263]. AR, X LLT5 AR BN FRC RS 1 ORI
FEREE 7RI HERE R B IESE . O TIHBRX AR, 78 [247)]
H AEEAR HAN LLM AR B R R i il o

6.1.3 [REHLE

Lt FIZR, LLM R RATEARSEF A D0 280 2 At
ICL B Jy. fE#FRMNA T, FATRHE S LLM ) ICL fig
T KBTI KB, B TR 4o fTHeR ICL 52 /17
“LLM 4o f7 £ 3R 32 Y B th AT ICL”

BENZR g sgm LR 30 2) 7 ICL 5 RAE GPT-3 [55] i,
HAW] ICL (RE T B AL S KT . SR, —28
WHFERM, /NI PLM ] DA BB AN ZRAT 95 %
PR KH ICL BBy (027 > th A 55 S 01 2 i 2 R
ARFIMERSE) | H 20T REE BB R AR [264], X4
B, YIZAE SRS 8  LLM % ICL fE Hi— A~ EmE R
o BT GMES 250, ) — ST Fb R R T ICL S
R IR R (260, 265, 266]; HFuki, ICL pyfkAEE
ST T SRR R AL [266] . 5 — Il 5 [265]
AT T UNGREER AR AT E, 2 UIZREdE o
PABCR I 2 AN H WL, AR ¥ 23 A, B
R ICL 1R Tr. Jesh, 7 [260] i, fEE ML B T
R, AN ICL AR KARME ST SO B AT Htil 2R
7B

K & BRI s B L S0 207 AR B, P ICL A
W IR A2 T SO, BRI A A AE 4 7 /R E i I
DU ICL WRE S Ay S B o A 208 5 AR BE R R 1) 1 LA T
i, FHRF ICL A R [60, 267). fEiX—HER T, ICL
AT DAERE N AT, LLM 2R B0 TR A O
Hral S AL R TR . LR R, LLM
L R D S RERS SAAT S TCL BE S S UIAH AT S5 To oK
AR T (DTN IR RTZRILIE) (268, R69]. AT #E—
WFE ICL 1 TAENLH], —LHFT0rF ICL fhR o —Fhdaike:
e 270-272] BRI, £ 71 i &8, ERIZREr
B, LLM AJii Bl HBH00 R b AT 7. fER]
mH AR B, i ICL ARG, LLM A RASE LIS dns
FERBERE I R, BOE BT )R DA TE B X 2 AR A
BT X—MRAESL, LLM fefgilid ICL A %ty ) f B p 2k
PEeR%, HER AR (ki) [270-272,

6.2 BT

B 4EfE (Chain-of-Thought, CoT) [B2] J&—Fhiltikifem i
W&, BTERE S LLM 75 JEUT 55 vk ae , B ansaRHEs
[273-275], FIRMERE 276, R77] FIFFSHERE 32]. AT ICL
HRASUAE P i A B X SR AR 4 7R, CoT R AT DA Hh e 4% th
A [ HERAE RS R . NP AN A CoT
P47 ICL (53, HHe CoT $R 2 mH e K o4
EAEH

6.2.1 {ERBHRNETIFES

BHEASMT, CoT B PATE/PMEA (few-shot) FIEREA (zero-
shot) W EXHIFNFERE S ICL —EH .

IFEAC B RE: /MEEA CoT 2 ICL — M40, B
A CoT HEHE RN (M, #d ) V' Eh (A,
CoT, #rh ). J TV IR, T RRATIEPA KT
@, B st &G i) CoT #27 PA R anfal F il A= iy CoT
HeFHIRAER.

o T sttt WITEEN CoT #mxf TAG
LLM M58 22 e Pife ) 2 X S, —FhE B k2 2 A
(1) CoT HEFEPEFE (RIXSTHEA- BN 2 AR ) , XAl
PAE RO ERE 278 S NETHENEERE, BAESR
HHEARE R T A RS LLM fHERERE S, X nI AR
E A R B R MESYE [279). SR, XA EER TR BAR
i CoT, XFREI T EMESREFMEH. T s AR,
Auto-CoT [261] &1 T HI i Zero-shot-CoT [280] (F I, “& 4%
A CoT” FR4y) ML Fr B~ LLM R CoT #EFEEAE, M
MEER T NLTEAE. A TSR, Auto-CoT #5114
AR ) A3 O TR R, e B e A B A 02 o Lo g ) A
BATTZ AT AR b7 AR FEAS YN ZRgE rh g ) . AV
CoT A ABHL N ICL B —FhRRiASR R IGO0, (HAHE T ICL o
WIARUESR R, 7% Y0 0 P R0T- X5 2 BB 5 M A X A /N HER 2
BAES T, BEHHDT RGNS 200 R AR U T 2% B2).

o 3 akny DA RS IR T B E LT UEES, CoT $#iR
IBRAE T 2RI R AT . A BFIT R S AT A B
AR, AR B B b SR — Bk [281-283].
BN, self-consistency|281] $2H T —FEA R CoT M A %
KRR RNE . o e LLM A AP AR, RS
NPT B A TR () 4038 A 7E X 2 A v A T 43 ok ok
Pl — WA E) . Self-consistency MR = T CoT i3
ERE, E AR DATEE—28 CoT R IIRR 2 TAriERE R Y
155 (GIANMAG N ER H ARG S HERE) . eAh, [282) HiigfE
H4 self-consistency MY &k 5 H (1) SEARHESE  (FEfh 248
R . AT R B AL EE 1R 2 CoT MM Agd
G . AR B A AR A 5 MO AE 1B CoT $i7R Hr A
PR TERE, IO S TEINY ISR . A B, HABAIF S 38
YIFT BB e Al 2R U HERR B AR ) W] S (278, B Fesk
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Mo LLM [ S s P AR b T I 25 (284, 85 PATR S
PEfE.

TR R S5/MEA CoT AN, FHA CoT AR
AN TARMERAESF R0 A, BEBAE MR IR, R
JE P AU CoT RAFH &R . THA CoT A7 [280]
Rt R o, Edcilat o “Let’s think step by step”
7 LLM A4 i A58, RG] “ Therefore, the answer
is" PRANRAF IR A BT MWATRIL, X AR e A A
I — E K/ AT DA P R R, B/ NI R B Y
A, XRMMAES W EERN. N TIEEZALF LR
CoT §€17, Flan-T5 fl Flan-PaLM [64] #t—{# ] CoT i
7T T2 TEE, ARONE TTER WAL S I EREAERE.

6.22 XTRHEFEMHE—FITE

XA, BATRHEPIANS CoT XA EA R, B
“CoT freti&E B -F LLM” F1 “LLM At 44895347 CoT 3
}2770

S BE M IS IR IE S BOR? T CoT 2 —Fhif Blae
71 [47], B HEEA R 100 1258 2 S50 R 05 R
A [B2], TiiHMERICRL. BEAh, T CoT it v e s
ATRISR TRAERR R, TROROR 2 BRI AE T BA A HE Y
155 B2], GIANEARMERL. & PRI SR, R, W1
AU T2 ZAERL R HABAT 55, B W RE S HUARUESR R R
2% [282], BN GLUE ${dii4E [176] 411 MNLI-m/mm, SST-2
1 QQP. HHHE, CoT Hmali Ky tkAEHTHUT HALERR
HEFOR R ZE M TGO T A 28 B B2].

Kili G BRI 2 e B4 7 A GE B BR? FRATTRF AT A
FiHE CoT HyFAMLH.

o Tiskfe ey kik: KT CoT REIHIRIE, WFFEA R
30 R 15 FL AT DAV R T AR A TN 2, R e AR
NGRS B TR ORI HERERE ) 46, 286). EWL L,
S A e R B S R e, X ] sy B T4
7 LLM ROHESERE . SATIT, X BTSSR Bl = 20 FF 1) T
LIRSS (A REA LRI ERIIZ) . B, 820
LIPS CoT BET KRR, A LR, 7Edk
CoT %#i FibATH8 A 4 S L ] CoT 58 AT 55
HIVERE [64].

o BRI R0 Hoh: CoT ¥R SFrMEH R 2 A1
FEX TR AERZRIMA THER S, B, —L8
TR LR T R B AR O R L o i e . BRI R
IR e X T CoT H#R iy =/ 4 38
gy, BIAES (symbols) (BlANFARMEE B E) . BX
(patterns) (BIANGFARMER AL FE) FICA (teat) (RIAZAF
B R H 4 token) [287]. Z5EEW, S (R
FISCA) XA PERE X EH S, AR P TR —a#s
FEERERE TR AT, RS A IR RITIE R 6

o AL, SCARFIRER Z IR AE X R SCARR BT LLM
A A A, TS U T DAY B LLM BRARAT: 55 A U8
AP SCADATE B AT 55 [287] .

SR, CoT $E/RF il 77— e FH i R i i 5 ke 5|
H LLM RHERRE . 0A — S TAEZ XM AT RE
SRS 288 MZIEF LS [289]. KT @ ICL Al
CoT i} LLM, feiiifh A —LeFoifa T Ak LLM 5
NRNAC TR EAESF [290-292], IXWFRHAALR & 4t (model
specialization) [293]. B4, 7£ [293] #, B A 51 H LLM 4
FAERR AR, SR 5 T I S A SR /AR G o A
Flan-T5 [64], A% LLM f5eEEREe 1 &k, R4
AT AR F T e 55, animg 2 [294]. RS AE AL [295]
FE B E [296].

7 HENTFEN

TR LLM A Rttt , EAmHER M T R
55 IR HE R SRR HEAT SR WA R A . 5, TSN
LLM FEif 5 A2 UM 5 BE T 10 0 = Fh AR S5 . SRS
2041 LLM 7EJLA AR 2R B0E 8 H AR N R R AT 55 - fix
JG, SWHEBA RIS AT .

7.1 EEHEMES

TEARHR T, AT BEKTE LLM i =FiPAlifLss, RVES
S IR RIS AR . R 2T IR, BATH AT R B
FAAHRATL S AT A 5, e H ik LLM sk b iz 3+
WHBIFTEST . TR, AT 4 A5

711 IEEEM
WRIGAL S5 € S, BT & AR AR 55 2R LA i 5 AL
FA A AR A UL ST TEERZE, REAEA
SE AR B RTEE AL PSS, (AR AT (2 AU L
PEINZRE) LLM PAZSARL SR8 5 SO U ik ok, Rt
WIATHEIEH -

W R T A LLM WEARE S, BEETH—4
token T~ —> token [L5], 2% R FEREANTE F PEARANA:
JRE . BB TR F AR A A Penn Treebank [297].
WikiText-103 [298] #1 Pile [130], HH & & (perplexity) 5
PRt TR SAEAE 00 T AL PR RE . SSIERTSE (65, 7]
W], LLM FEX S0P ER A FARR T 2 8O B b i 7 v
R T S BT R P RESRE T SR T A R kSO ) R ARG
fERiRE /), LAMBADA dlifE [167] 25K LLM 7 —B
TR ORI A ) i JE A R SR S Y s —
A~ BT R A MR PR 2R R PPAG LM PERE . IEQnIUA TAERT
AN, T AT 55 W PR AR T A Y VAN [B0], X B ETR
THES B (LM) 1250 m A A P P A1 PR =K
B
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®7
LLM B9ERENES BRI R R IEEIBE.

255

Bobndi

T

ey, R

R &

Penn Treebank [297], WikiText-103 [208], the Pile [130], LAMBADA [167]
WMT’14,16,19,20,21,22 [299-B04], Flores-101 [303], DiaBLa [B06],
CNN/DailyMail [307], XSum [B0§], WikiLingua [309], OpenDialKG [31]
SuperGLUE [B11], MMLU [B12], BIG-bench Hard [314], CLUE [314]

APPS [B15], HumanEval [78], MBPP [152], CodeContest [111], MTPB [01],
DS-1000 [316], ODEX [317]

ikl

AR

Natural Questions [], ARC [}, Truthful QA [], Web Questions [],
TriviaQA [], PIQA []7 LC-quad2.0 [], Grail QA []7 KQApro []7
CWQ [B27], MKQA [324], ScienceQA [324]

Natural Questions []7 OpenBookQA [], ARC [}, Web Questions [],
TriviaQA [322], MS MARCO [331], QASC [332], SQuAD [B33], WikiMovies [334]

WikiFact [335], FB15k-237 [33€], Freebase [337], WN18RR [338], WordNet [339],
LAMA [340], YAGO3-10 [341], YAGO [342]

HIHHERE

CSQA [276], StrategyQA [277], ARC [319], BoolQ [34], PIQA (324, SIQA [344],
HellaSwag [], WinoGrande [], OpenBookQA []7 COPA []7
ScienceQA [}, proScript []7 ProPara [}, ExplaGraphs [],

ProofWriter [], EntailmentBank [], ProOntoQA []

CoinFlip [@], ReverseList [@], LastLetter [@], Boolean Assignment []7

AR e

Parity []7 Colored Object []7 Penguins in a Table [],

Repeat Copy [], Object Counting []
MATH [312], GSMS8k [273], SVAMP [274], MultiArith [357], ASDiv [275)],

B

MathQA [B58], AQUA-RAT [359], MAWPS [360], DROP [361], NaturalProofs [362],

PISA [363], miniF2F [364], ProofNet [363]

SAESOAAIR: MERE S R A T, Sl
e e (AS] e BT 40 5 0 e e TR SR A A 4 T S
AL B Bod. oA Bod A R4 Bod
s Sy T AR RCSCRI R R, RO E S e (AR
%. BLEU [369) fl ROUGE [B70]) Il AZSiF4r K IFAH LA
T LLM EA 3 A 2 A e 0, 07 B i B e
HGE T R, B T A (RS )
FH. G, AL 32 AR, GPT-3 @it
ICL AES1E SuperGLUE [ T-H9754r 1 it 6 A 5 Ko ik
K BERT-Large [B11]; 78 MMLU 47 [, —A4> 5-BEAHY
Chinchilla (B3] (ER I LT-52 KT HRIGPI5: TiLE
B-PEARIIREE T, GPT-4 [U5] JU5 T 4 i I TERE , T4
W H 2 WO S TR 5 T R 10% . T2, AMIFFIR
SV A SCAE AT 5, R AT BT AR e LLM
BORE S . 5 B MO, BF50 AR L i S T v
YA % (B LLM Jogk B BE R (45 ) ol o Sk
MRS (BRI K SCA AR il (BT St il A
il #1 BIG-bench Hard [B13]. W4h, iEiyBrseis & i H 2
ALFGHETTRE S AR LLM 94 it . 76 OpenDialKG [B10]
tr, ChatGPT ¥£ BLEU fil ROUGE-L #5845 _EFE I AU
) GPT-2, {HE \FiT4r 3k T8 S0 (BT2). Hi,

i B 2 (55 JRTIT B AT N b BT «

RO TR R TR S AN, AT LLM &
B IRACHE BUE R E S B ST, LR S A Y
HEHURT (RIRES) | SXFhAE D Rehoh R s & B7d). 5
SR AR ORIRT, o T A A A T DA 4 R 1 4 5
SRR, T B T AR S A i i
% (H) passQk) i LLM 7Emi i m s, i,
B TARSR M T LA S 3 T IDAE I B LR AT S | R bEA
LLM [ RS & A J1, il APPS [315]. HumanEval [7]
I MBPP [152]. %, 1&g AR, 0aEH
R T4 7 E B PR T 0. $ s PR AR ) 3%
W T AT BRI (SRFIIZ) LLM, 3] DA b
LLM &R & A4 B, sk, B TARER S T 5
AT R WS, I R A (152 Al MR S
T BT, M TR0 5 A R A BRI R .
NEVE IR, LM e 7323674 Codeforces FI
BT AT TP 28% e, 5 AKE IS (L. seah,
B % il GitHub Copilot T[7E43#: IDE (41 Visual Studio il

28. 45E kA LLM ARy, 24 2= A0 — AN 7 s i A il i 41
W, pass@k #it5ih 1, N 0
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JetBrains IDE) H#ihgfs, X35 Python, JavaScript
Fl Java ZENZFES . ACM @R 10— S0l 5 02 “ The
End of Programming” [B75] i118 T Al #RARAE AR50
BRI, SR T RS, B, R R R Y
LLM {ER i 8w 15

TR EAR LLM A ST AR SR E £ U5 1 H
ERRI, HENESZRIVAR A E S LT T H 85
i

o Taz i LLM A4 RE 2 N SCAR ik, 2
(RS 12 8@ m . XL AR AR B, (EU2AERS
AR A B A T AR BE S AR B 2R T, TR
FORPbR. B TAE [M0] B, WA SO A A 1 454
Zofing, LLM A DAMREFHBAEER By 3r % 2 (BIANAHARA) T2 1]
MACE.) , (HATREXMECAfR DR 2 B % & (RIMCREAR M) o B,
TR A 2Bk M A KRS, IR AR B e
TE 42 JR) EARAIESE € B SCAR G5 (9 AR & A BT L2 L)
Xt SR 2 A A AL TR ) A AT 55, B CRS ,
I 2 BN BAT PR . O T AR RS IR, — R T T R
D7 SR LLM — U HEAE A (BU B A B H ARt il ) 3 el
RfErm . ZBUT ARG, FHEFEN 2P
B, plhnsisl, B, EEM%GE BT, JLIPTFE 2R,
AR T A A G RR AR T4 55 F ik B B 4
ke (876, BTT). AR L, CoT 4/ HFIRARIEE, 1T AR
RIRNES R Z2 P HOHEBR S . BEAh, X TS Pn i i i
o ARSI e R E . R LLM s
A B R L BB AU SR 5], B4R RLHF 55
i [61] T RAE—E RE S B G ARIXA EE, (HE AT AR T A
LR N TAR SRR MR LLM, HEe= WA etk H 5.
P, SRRARI T B TR L Je R, PASEELXT LLM
i EINE R 2R, AR A

o F A R R LLM B 4243 3] T — RS,
BT RAPABEAE Wit 53 1 SO, (B AR BRI ) U AT 55 B
BATR A SRR IR AT REAZ B R A . pldn, — DA fE—ik
FRI M 2 3 EYIZRR LM, FEA i— A XF 2 BE2E R
AT YRR B2 R A il e T Pk ik . EOVE -, 4l ip
TR LA S EE ., SR, KX ALk AR A F
LLM HIERZE S o IE ML i —2e5 41 46, B78] Fritiehy,
291125 LLM IR ERIAE T, DAL AR SE S G A5
HIFBUET, BATTRT B AE Iy A — L Sn i 2] R M o X o it
SNy 9 gk & 379, B80) A %, BIHEE
FFTIR RS & AEph 2 M IS o ZRABLAA G AR BRTE LLM 1y
NZHF TR v, SRR g A A RN T kX 5%, b
ISR “xE AL [B1] (BlAnmTRETE ICL BEFy Lr=A 4k ).
I, FFEBESEE LAy E X EE, DAMER LLM A
PAREHDIE LB A FE S 5, IR TTRECR B HE A 1RE ) .

712 HHEFIE
AR — R B R e 5 T STiEAR A SR 52 TR
QLSO TSERE ) (IS Rl BRI kh 4 ) . FLIK

25 BBk LLM & 24 H R F 1 0 e i o i b
IR, e T IR R AN . A, A A
SO AR X — B ST BRI AL 55 AR S (1
BN ) ATREE (s A SRV , T
7 TR TR 45 50 =ARAL IR, FF% a2
RN

PRI I3 1) 254155 (B8] M3k LLM MBI 25 i A4
HJ PR SR SE AR . LLM L REEL T 45 R /Y | S0 [l 25 i)
A B MR . TR X —RESy, WTARI AL %L
Y54, 11F% Natural Questions [318]. Web Questions [321] FI
TriviaQA [322]. HARERf AR 2 R - SE53EH], LLM
FERXFE LT R RLF, H 25 H IR~ R i T e )
BERGRIAHICEL [56]. ItAh, LLM e N EE5 B
PERE R 9 RVE IR, A3 AL R NI RNy
T4 IR I ZHORII 2R token i nT PANE A LLM 1
i, FFRBEMNNEIIGEEE T (BHei2) 2R
W b6l BHh, MR SERET, NELZ SIS X
AR SR LLM R sc e ERe [72). teAh, HIB MRy
FES5 BB A IRSE LLM bt i) S 52 R R 0 v A £ 7 )
G SR, IEMBA B ETR (B5], BRESIZREE T AE
AR AIANE, LLM fEfR 2 i BERR A B 55 b, R
ATHIR T RERE 22 -

BN HHEREARFE, AEIHE &L H, LLM 3] PAM
SRR R s SO A S A A UL , 285 B e U ik
P [ 5 1) A5 (82885 » #1784 i T4 1) 2 5l 4 (BT, Natural
Questions [318]. OpenBookQA [330] A1 SQuAD [333]) 5
ERELIREA I ES, [FReulE aasNTEdRIR, flinge
R BN B, Iz A PG R b2 v
Fl Fl-score. & T MAMETE Pk A i H1H, LLM il
H—ASCARRS (HER-MERTIE) BXF, %R
Fiws LLM My siie Al g (72, B82, B86]. EvFll )L #%
Hr, BUA ST S ET I LLM A el A1 4 52 iy R
Kl E e, WFFERM], AR B AU T AR i A
FEMMERfTE, R/ LLM GBIk 10 52801
LLM (382, B86]. WtAh, FFA&HIEAL S5 E W] APPAL ARG B
BIHRREE . ML R BRI T IO GR AR 2R, AT RE- S5
LLM 75 i i) faiy () AR O IERf Y 25 5 (882

S FERIHANEAE S H, LLM (FEREMREE F) WTPA
P A— AR [B40], AhasBiERsoT (BIanAHR=

29. FEARTRI T, THE 2 F8 37 ZEMSNRAR YR PSR BORFTA
RRR MBS AR, PRI B G P TR el o ) A T 15 R
ERERRRZ, A— 14 OpenBookQA i¥iHiatic [B30] M4 714
FIEARSF I BOE , S SR HORIF AR 5ok [ 5 )
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Bob’s wife is Amy. Bob’s daughter is Cindy.
Who is Cindy to Amy?

Cindy is Amy’s daughter-in-law. [.i

(a) Intrinsic hallucination

oy Explain RLHF for LLMs.

RLHF stands for "Rights, Limitations, Harms, and
Freedoms" and is a framework for ...... models like [-I
LLMs (Large Language Models). =

(b) Extrinsic hallucination

B 8. — AN FFA LLM BAZEFSMELRRGIF (HiRIBE: 2023 £3 A 19 H). (EARNELORENGIF, LLM 3¢ Cindy F1 Amy ZEHIXRREHT
SHIRMHIET, XSWNEFE. FFIERLOR, EXAMFIFH, LLM BT RLHF HENERERNER, RETHRERER LLM BHEX (&

AHig).

JCH) BB IXFPAT S5 I AR R A4 LLM A3
SR 2 ) B REH B R AR & . B R AN 24T 45
AT DA 7 R R B A4 A4S (B FB15k-237 [336]
WNI18RR [338]) FIFsLhb4{T45 (41, WikiFact [335]), 4
P S E RN A B P = TR KA SR A T, 52
UERFGE 2B, X190 JRe i R R AR B AR AN AR 55, A
(1 LLM {52 i [286]. 78 WikiFact fiFAhig5SR 4, LLM 78
— ST R AR R R R (FlnE e S ) B
A RIFRM, BAEHIIRE D RR (GInL I LA
A A H) FRIRE. G2, EMHEYPRET (6
1 ICL), InstructGPT (Bl text-davinci-002) ¥ WikiFact
FI A TR R T GPT-3. X%, 545 BT
LLM e AR AT 55

g SRS LLM ZER R R (S B TR T
HERE, (SR DA F A 3

o 239 (Hallucination) : {EAE ML AR, —4HA
BRI IR 20 3 A A [BT2), B, AR5 S B TR
Mhge (W EL) SIEmd g e (S Eait) .
B N s TR LIS I T SIS i LLM 32 4
16, HE 5 GPT-4 48] %454k F 1 LLM, 4% |-, LLM
(T TR H AERRDT S (3 R o) P S,
SO PR AN RS MR BRI RE ) o K032 5 LLM A
AR Tt I ELTE KRS I S AR MR, B
LLM S5 5557 AR tE W . S T AR AW, B
TR TR (g b aticny) , soRb
SN M T T R A % LM HEF7 R0 sl i PR Ak
JAOT LM JEFH 0. 8 TR0, DRl T— 5
BUZIRA AL S, HI40 TrushfulQA (320) Sk IR 275
SR N RIS

o JoiR I A RPN, BT T %
BT BT RO AE 55, LLM ZEMR T 55 16 218 51 A
Mo H T ARDCKAN IR, — BB 7 P 0 P e o
7 LLM. SR, $40 LLM (KA 33 55, i FLAS 145
LLM 2% i i S 20K W PSR MRS [, A BT ik

BRI, B AR A S BA A LLM w4 f
RES BARFIE C SRR T Q] A AMEB IR (a8
F51%) Skgbse LLM, XPEvPAZ 5 LLM —ii2 ik [382],
] DA AE R —Fh B4 R f Ak (B87]. 4N, ChatGPT fifi
TR R ARV M o 5 SR [B8]]. JE R B AH %
A _E R 3 [889, B90], LLM 1] PAFKREUH S A1H , 9
TEAHRAT S LA EIF AR SR, R P59k 15 5
FERMEZ K. —SsSCBER, EE B0 NTERIR SRR E 1
A LLM 2R FMER , X A7588 & —AMER T2 oE R
55 [391, B92].

713 SFIMEE

S22 P A8 PRAPEAUM P AH 9% B UE S5 02 R S 4598 B
HPURINARE Sy (B, 52). AUEHERL AR il K p 12 AR AIUESE 28
B, FAE R B PP AL 5 0 S = A ], RIANR
PR, AR HER AR R

RSB« S AT 55 HRO T2 9 28 08 S TR A Ak
[ 2522 O L0 A 1 T 3 5 PR A O B A
Ry 2T AIRERIAE J7, 11 CSQA [276]/StrategyQA [277]
FHT- %R R, ScienceQA [B20] FITRIZEIR I, % T4
FEESIOMERE, AR TAE (329] it E ST (B4
BLEU) sl AR5, e 5TA5 7 A F0 46 i i
S, KT 45 3R LM AR Ss i, B
WL, TR B ST, BRI T CoT
SRR (B2 AR LLM o 2t . nss b.d 4 pr
W, CoT ¥ K3 R IR, it Fahalz: BY) o sk
i (894) 9 I ASIHLT A, $55 LLM ST 4R,
o7 I T LLM (REFRIERE (A LA 2
BT IS T H AR R rcr B2, 56, Bod). sk, %
SR HEFRAT 25 5 A S PR AT 2505 . FSE A B4 % BT DA
— R LLM fbkhe [156), 4592 0 F7e AR LRI
LLM. SK7T7, T BT 45 f s Ziebe | AT S 2
14 1, 24 LLM fHERE R T AR5 R M
LRSI —, LLM AT R 50 S5 52 A A R A
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IR TR, SEURAGIRA R N TR, AL
VESEHE T RAIR RO AR SRS R (k2 MR AR ) SR IBURME , DA
P A HERR R R L. Ot A — TR SCUERI ST [B94] KHA,
LLM n] GExfE AP BRHEWT Hh 4 AL 55 B i R, B E
AT A HURRAZAT 55 . BEAL, EdE—223R0], R A shE
SRR AT BEAS P T g R P RE -

R Bl A A 5 00 T T T AL M
AR B DAST IR e FL B (B, ELscHe i R A ML T fi
16 LLM Tl S A A eB 8150 B T4E (B2, k6d, bsd
SR R 5 B 2 R 1 S 445 S VA LM, o Ji 7
MBS F R S0 T M R R TR (Rl AR R )
AT (FRG AR SNIR) o Ft 4TI 1 T
LLM 76 | 30 707 81055 0 AT A Bl (e e
LLM 53045 =0 U 4 1 S o — A R TR,
2 R A SR MR LLM 55X 84T % R0
fb. DI, LLM F 3B S e s e R A
TEE R S L . IRTT, ZESTBRAMIAT , i LLM 3%
BBV E RN S 2 (IR SOR B
FERCRRE (), PR DA A 2 L. T i A
R, WA BTITLE AT scratchpad [354, B95] A tutor [396] 5
WA ) LM B M A 2 A B K
T TR 5E B 2 T T 2 A 2 R 25 SR 2R R S A
BN, ISR LM A P B 0 ot SR e 2 AT R 1o
T TRy T AR 2 M P B LLM. 1 AR5 2
R AL AT , AN TT 50 S0 B 3 215 B o R 2
1 [B54].

BOAERL: FOF T S R G R ECE R BT
FOR A ) Rl A B P R . B H B I BT 45 ]
R A RECR AR AN Bh e B . X Rl ) Ak g
f£55 , 7 MG EEE 4 a5 SVAMP [274]. GSMS8k [273] Fl
MATH [312] a4, Hrf LLM F5 5L 1 i i B4R 5T 5t
Dy RER [ E A ) T S S R L AR, CoT 42
RIS E )2 R iR LLM fHERbERE [B2]. fEA—Fh
ST AN, RS R R B R E RN LLM AT RAK
KL EATERCA TS _EabERe (B4, 147, B97). B4,
TAFE F AR ) B I S W] Y Ehs 2 4, iR N e
P T A2 FEeA R EN L (289, A TPl LLM 11
ZIEFHCEAERRE ). DA PORE AT 552 H B B
WEBH (ATP) (362, B64, B98], ZLsK H T3 AL ™ 4% R 4
PR I TIPATE AR5 B PERE, PISA [B63]
1 miniF2F [364] @& WA ATP $diid, Hrhedl s
FRVETEAR . 1EN—FLBI T, BUE ) ATP TAER A
LLM 3#4Bh=r B EHIE#E (interactive theorem prover,

30. FATEZINEAIPAL LLM MRS S IS, A% &
B4 H IRVEF AL BRAE 55 AT SR BTV, BIA0 AR P e 2 A
Y KBQA.

ITP, #ifil Lean, Metamath F/l Isabelle) #EA7IFRA## 2 [399-
401]. ATP WF5E)—A> 2R HE =AM X MIE B S 1
BHE . T fRPLX AN R, —L2eE R A LLM R
Fek it 45 R B A UE R ARG I B [157], B8 A A Al
TERH P DA A UE B 2% 45 1A) [402]

BSR4 LLM FEffR P 223 AT 55 5 T B ik g
EAT T AE — LR o

o ~—EUhk: AT RN (W CoT), LLM #J
PABE T2 55 A0 S PEVEIEYR B A5 AT HE B AR, A M — 2
ERPMEATSS . RO E A, BRI
B Rk pE. BAME, LLM i SRS TER =
AR T BOEMA R, SUE R R R 2 A
FiRE S B2, 103], SEBAIMER SR MAEAR
— k. N TR, IUA R TR T A L
Ao A3 S LLM W34 gl f2 [B74], s k2l
PRI FEFN e 4B R AT IE [404] M. VEN—FA RIS
WO T 58, Bl W 7 R 2 AR W AT 55 F R e = fk o AR
T2 AT S5, T AE B RS S A8 AT, AR AR 1 4 B
ARG (B — 2k . A, BFITIE &, AT AT
55 2 AW BEAFAEAS—E0:, BT 55 3R v iU MR AS AR T fE
FERG R RIS 1Y, R74). S T XA R, T A
B 2 AN BR AR SR 58 LLM (it A [281).

o BRI A XTEMMERATS, LLM fE5E T E L
{5ER T I PRI , FRRIR XN AT G BeAR 8 2 f455 . 1
WRBFHAARZE (49, BIG]. h T fEJEX A W8, —FhE %
(7 R AE A LA SR A L3R LLM [M05]. — R A HF5E
KA T X, I8 R I 25 A PSR ng 3 — 3
BT PERE B95], BIANf A RS ACHEE . 1A, BIARY L
ERFEM NG TH (Blanit ) RAHEFEARZH 71,
i, ChatGPT $2HE T —ANHAALE R H NP T A B8],
XA, LLM FFEES e e £ TR, Ak, 5%
NG TH (52 LLM A5) J#%7T LLM AR
B (71, 4o6], = -H ICL BT RRGl [B56]. 4RI, XLt
LLM {5885 (REBNGRR L) A SCAS bR SCREPE A4
SHEE N, XEART BN @S G T EUE T A ST
E
7.2 BREENIFH
BT _FIREARTEIAE S S, LLM iR R — s i
B RBE . AT, AT HSILAE R EMEAT =2 aE
T B AR I 0, A3 S AEXFE . SANTIH R
g THEAES., #Tk, AVFEMIHeX SR GE T .

721 HAHENF

5 AFXFF (human alignment ) 51421k LLM RERSAR U AT
AANFMEMTOR, ORISR iz 1 LLM
14 5 R
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H TV AREE ST, BRI TR T 24 AR 5E
FrifE, B0 s . LSRRI 4 (45, 222, 23] X T4 a1t
FIELSEME, AT AR A R AR S5 (1130 Truthful QA [320])
A AT LLM FEAG I SCAS pa] e Y MEABRIE 5 THI R BE L 45, [72]
WeAh, A HF A AT DA T I B BRI R PRA A
CrowS-Pairs [407] #l Winogender [408]. RGTEAERT DAL
Bl B il , N TIRAE058 2 —Fh e B3R R i
LLM 5 ANZEXS 5 S 7. OpenAl i T1F2 5 AT XU
AH K8, % R ATPAL TN GPT-4 AE 8 2] RS P 25 1A 7
A5 BeAh, XTSRS TR A T (BN sEE ), L
WFFEHR 6 AR A8 2 A B AR R F AN i A (2]
STUEMFFERB], XL ] DA = LLM 1 AN 280 5% B
77 [223]. BN, 755 & F A B BRI 5 I # J5 , GPT-
4 FE A FRURSUR A 4R 7S I I BERA T R A AR R R
WA, A T GRS PT DA 55 T 5 i AR & [45].
BN, Galactica FZUAE S A B0 i UL N A B RRAiE A Lot
Frwigs, HUETTREEMICE B4].

722 S55MBIRENES
B TARMEIEAEAT 454, LLM i HA R ANRERBE YR I AR
AT RIG S PATEAEMIBE ST, BIANAE B A SRE S ATt Rl A
B\ REA (409, H10]. XAERYAE 2 AE LLM Py, wJ
PAZE BUIEAH Hm BE YIS AT AT sl it Xl /N AL (61
W GPT-2) i i) F2k s A s Fo i 1% [409).

R T MEGXFRE Sy, WA TR TS AT BRI
W EE, R FrAR. VirtualHome [411] #4587 —4> 3D 54l
i, MTFRSMS (GIEHAE), B AT LLM
LY E ARTE S 478 . ALFRED (412 A4% 9 HL Bk i v AAT
%, FE3 LLM 5Eii4A & B Ar. BEHAVIOR [413] M5 T7EA
WIIEE P AT H 52255, B0k LLM 2R {0 22 22, 1
WO G 1 N EBARS

SfF LLM A A7 sii &, B0 1 TAEEE2 R A
P RS AR (B2 B AT 3h TR AT A TR E )
B2 T MR A TR S SR AT 8 B SR DA X R AE ) [409,
414], AR TAFE L ERH LLM 155 4R 7 sh ik
BEHERR AT BRI A A ek [415]. e, —28 TR
TIURRECEE TRk LLM A HRE ST, Bl 2 Ahs
S [416] AR AL ECSC R R ot [414].

723 TE{ER

HEARPLSE 2% W, LLM W] AYERA L B A AR T H .
Wit ER AT T AW APT A, AN TAECEEIE T4
MR TH, Blani@zRy1% [12]. TEEE (7] fgnikss 356] %5
. DABESE LLM 7E4F (15 LAOMERE. 3L, OpenAl &4
HFAE ChatGPT i 4 (B8], X AT LLM [ TiEF
B AMA RS T IZRRE . BN, TN U A
ChatGPT BEME A SEHHEE . BLAlh, BASE =it
AET LLM N AR T A SRS R k.

M TR T RGeS, AR TAERZ R0
HEPAT S5 IEATIPAL, BIANE-E AR (Bl GSM8k [273]
A SVAMP [274]) M2 (#1140 Truthful QA [B20]), H
Hr R LG5 LLM B ) BT 5 ¢ Akl S5 (3
LUESCIERZ =D I T PR L W s €T g U R Y = TN
it LLM 7E TR R RE S 71k LLM 224 fl i T
H, BABIE BRSO BN TR AR Bk E LLM 22
(535 [B56), BT TR A S it LLM #4763
¥ [71, go6]. BAMTAEAI, fETRRHAL T, LLM 214G
SN RE APV ETTANE i D, ATy AR SRR 5
IR, & Rm T R rrERE [71].

Btb. FEARZAEESN T LLM FESCbr BT R BLEA
ERENE: FFE AFRMERMML (5 AXITFF) . FELRS
SHIERATS) (SANREEACE) MY RAE VI (T A4
1E) . BT LR =Fie 24k, LLM ] et it—2L
A REFEALS (Blangdiapnit [257]) sA~IHLm (Bhn E 3k
i (285]) fHALRAE Sy, KI . AEERAIITANIX L 2 hE
JICATE S A A T LLM R — NI w7 1 -

7.3 AFBEENZBMSHT

TR FATH, TATE LT LLM BPAGAE 95 B AR R
BCE. Bk, FATH NGB LLM PEIEER S
ML AR AR 1) RE 0B A T B 4TI e

7.3.1 JEMEAE

BTG LLM B4 &P 21 H &7 (286,
312, B55] « FEATYH, FATENFILHAREHIFER)
120 FH PP 3 E . B MMLU, BIG-bench fl HELM.,

o MMLU [312] j&— /il FIPF I ELuE, AT
LLM M 2AL4 AR BAERE 1. H R B AR s, 3
SRR DA RN SO S B2 A e, f0 & AR Rl 3 2R Y
ANFEMEBEAESS . I TAERM, KL, LLM 75X
ANEME B L/ VBB R B S R (B4, 56, BT, b4], XA
TR RSP IR feilt, GPT-4 ¥ MMLU FEUE T
BEWR (5-shot W T IEHZIAT] 86.4%) , LT AT
) fe R [45).

o BIG-bench [355] J&—A h Ak X P IS0 42 1 1 00 3
BN HHER A LLM Wil . BE&T 204 ME
%, FEASEEEY. JLERE. B, RN, A,
Pt Ao m L. O RS B REBIERAE, N
FEASIEE N A9 LLM £ 2 0] PALE 65% #) BIG-bench 1145 H
AR EI 6] 2T % P B E 0 = PG R AS, 1R
FHibeh T — AR89 ME BIG-bench-Lite, HAf 5k H
BIG-bench 1 24 A~/NAL, ZHE HEGPORERAES . 1AL,
WFFEE NI BIG-bench kit LLM 23 25T A8k itk
1£4%, #2477 BIG-bench hard (BBH) 3#E, HPAKE LLM
WET MR SS . LI R, BEE TS MERE 3, G
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A3/ MR PERERE T TR . AHELZ R, CoT $7R ] A
5 LLM 2 e fe A3 as PEfRe , 1A BBH il
P NFERI [B13].

o HELM [286] &2 — At vril e, H a4 16 %
LA T AR BTV Z e nid v R b
B4 LLM #H4 i PEAl . HELM [)S2b 451 Bos, 1540
VAT ATEMERPE . SRR A T4 = LLM i MERE. 1
Gb, MTHERME S, CAAEURSIERE ERiIZa LLM K
LT R RE

DA PP B R 55 T OR R R LLM W55 . 4t
A —SEPE I SR TR R PPAl LLM ZEREE (55 I fg
WV 2105 5 R A 88 71/ TyDiQA [417] 1 T3¢
2 8 5 R ) MGSM. [289]. A58 n] AR A 243
B RE 7 e B AH B BEME . b4, Language Model Evaluation
Harness [418] A1 OpenAl Evals [45] ZE TR PG HE S A LA
N GHEBA PRI EPRAS LLM, s 55 Bt Tk
Bl .

7.32 KESHEBENNGEESHN

B TR E BT AL R E 2 A, i LLM A4 555 R
P, KEWHEE LT Tamatr. 7EAEDH, JATREFE
M FEITHRIEHEEAT, Rl@ A A& Lae .

MG BT LLM M@, B R T (140, 45, 872,
378, W19-121] XFe A1 RE 1T T REMIEAE, ARER
EATERZAT S5 80 T A F . X BEFST 3238 56 2 i ok
Zad A 2% LLM (5140 ChatGPT fil GPT-4), H
RNZEANT ik :

o Al Lt O T ITAN LLM FEffpe— AT 45 5 T R 8
A A (21 38 75 i 5 — 2 36 2 4% T A 45 0 400 1) i
8, BRIEAE/ REAR SRR E R LLM (pERE . SCihss
I [40, 48, BT, U21] Hox LLM X AT 54 %5 sk i e
J1o AR EHEE, GPT-4 7EiEFHM . & HEHAEL
2P — RIS P AR T IR R A A IRt
Jrik U5). BEAh, BER AFEN ARBET I E SRR (FIansEE
KW IRREE SR A AF % 1R) b A
FO(40]. A, —WAHENEEST [10) #R T GPT-4 8
HEASA ST A 45 R LA B M A AT 45 3 Aok, il
Bt HREAISE g EE, IR AN BN T RER
SR EIA” . Ak 2e 4 NS ERINLE 2 Ah, 1%t W
GPT-4 A AP EW BRI, #ilan, GPT-4 MERARHEA: B
SERMERFEE, I BICERuE I GREda R A S —8ebk. it
gh, ZUWFEIAFR], LLM ] SRR ba At e (121, 422],
I BLAE e 5545 B o B S AT 45 e [420] (a4 i
BRI TP, FPR R i R

o EiRbE: X LLM (45 A M 255 JE I o — A Tl 2
BT MR s IS R e M, X TS bR R, N
TP LLM XM rs sl gh sl i Eitt, 3 1 TAE [423] X

ARG A (Bl S8e ), SRR IR 45 R
ARG LLM R9REE k. SesaR ] LLM fE& R E 55 /s
Ay LM BRGE, (BB — S I, Blan &
AR—BER R I BURE . BARSRUE, X T HA R 5 X
MFEB T XAFEBHA, LLM FESREERFNESR, £2
5 H B A AT [424] SRR S 2 S B BT
AR R PP R E M 7 AR — USSR, AR AT Y
PPARSERA B R R AT

kg T LLM 247 KEEHERE Lt Tl
EATH AT T AR = A, B, LLM A RA
AR B S L K. B AR 23R T LLM A
TP SURAT S R, HFTAE T LLM ()5S RCRE )y .
B, X SRR AT AR SR A s ST A B 4 . (A ICL kAT
fli LLM (ERE . B T-3RAT0 B RN & 3 55 A n] BRI I 43
I, FUIIRAR NS T =2 2R A2 ek
Siit, BDBEYY. HE L.

o Ey7ie— A5 ANKEME VM X EEN NI A3
ChatGPT [P, —FRINHFFC LK ChatGPT m HAth
LLM [ F BEyr4iiet. LLM RERSACFRA Fh By P AREAT 55, Bl
A=Y {E BAREL [425]. BEJ7 it [M26-428) ARGtk [129],
TR TDAE A Ll A S BT PR % [430-432]. 4k
1M, LLM 1] BE£x il PR 2E A iR Am B, (427, 129], Fanss e
B ARTE IR AL S Bt MR — B . Besh, e
TR AR B 25 [ FRURA RIS [U25]

o HH MR NEEMN A, SAMHIRER, LLM
ATDAFERR . P THREURLE SR H BRI A I3 ik 2 2
AR FR BN (45, 133, U34], X L 5 A 5 e 4 RN A il X
MR, MeAh, S2ueZE] LLM W] DAYE R SR 5B T (435,
436]. FRII—TRFSY [436] £, ChatGPT W] A4 BAEAR
i) 2f R 2 (8] 2 4 —BOT BAP AR BT A R . 0 —TiE
BT (435]) U, FER AL U IR, R
ChatGPT )2k R B L () Ho At 7 i 2 A P 3 R B
I (BlanfR A sl ot LLM 2558 3 T &%) . A0, LLM
I R B | 1 51 anal A PR A OREAG Y RE B T A HA (1)
ey e VEREA TR ) o

o AR NENAET IR B Rl i . S
SRR A A LLM SRR A AT 55, Bl scibor
By (437, U38] . VEHEAIPL T [439] FIVER SCIHES [M40] o fx
I —IRESY (441 %8, LLM HAT 58K A v A R Fn 4 3
REJ1o MEAb, HeHi) GPT-4 A B ERI AT 1 B 141
L N LR 10% BYSSR. SR, LLM ZE L4000
WEIE T R TEAEP ST, SR [142]. NAfE
SR [443] DA K A DL RS AL [444] .

B bk TAESN, — 28 TAEIR M HAb A BE 48T T LLM (1)
RE S, Bldn, —SETAERFSE T LLM (2 AEHE, AR E
W, OIS (Theory of Mind, ToM) FIME 45 5 THI 1
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FHIE [40, 445-447] . B, FXTPIAZ I B U5 S AR 55 2E
71 ToM )5E5 R, GPT-3.5 RIIKIZAAE ToM {155 1
KT 9 2 JLEMY, PN LLM ol ag A7 ) ToM fE
Jy [446]. BEAh, 75— TARA T H il LLM B 3FAL B
ACPHERIERRPE [448], BN, KHSIR T ZREEE v R
R P B

8 BESREFHE

X LR FeATEE T LLM e, HNA4 7
FERIFH LLM A9 B S . RBUNRe AR . FRATH i e At
(RPN 100 {2t , IFARF RS R PLM (f
i BERT 1 GPT-2) MM XNE, BEEAENCEEIA S
TR TR ZRA . Bk, FATMEZHATHE T LLM (1)
PUAEE T, RIWI. SERCAOR . B RITEAS . B4
AT, FATESNG TR LLM B3 2 X EE A Kk
. Buoh, FATERLE TH & LLM W n] SR, e T8
P LLM 8 AR DEE I LLM, XS8R RS T
LLM P88 Sk, a8 A R TREI R — 1A o4
FEMETE S50k BTk, RATRES TATHE, I
PAF A TEATZE T LLM B8k Sk .

PR S 4T LLM A3 Aer) TAENLS, SRk —
e AT 5 A R HIR I 2 M 2 I . AHSVRA S B
R Sr LLM B8 7 Rk A R N s 3 R R i . S0k
Ui, ¥REMPERE R LLM A9RE S a5 EEEH (47, b5,
59l O LAER/R, 2415 SR 508 I 2 eI A AR
(5140 100 12) B, SPA—FhEAEARIA 2 (FERIERE KIR)
TP —LERE 7 (B2, 07), WEEHE ICL, $52E 05 ME L
o XS BLAE I E S NG R LA AR LLM A7 8 il 4o foT
PAFENTMANTERE . Bal BT ZE 23T V2 1 SE 5k 2
T BLAE 1 W S5 IR 2L BB ) B BTk R K 249, 266, 449], E4
FHEA B HE SR Al R — S8 LR fig ) [60, 260]. — A& AR
BN FEAR BB GPT RIBANH AR, L 13HE TiX A
TR [46]. SR, EZAEBRAE. HEOAFIERE LLM ARE S sifT
SR IE CHAE AR B . B TIMELRE S B AR A
EA T AR LR 17, 58], EAR s R (Fi
w, LLM 27 ] DA FFE 22 R 50) vl Rex e R iR
LLM WFThA . X SRR R EASIF 7 ST, BT
HR—A LLM BXET,

BRIy WS 23k HEE 24 Transformer, |7
HuryRbERaRcE, B E LLM RN, BF
BT AR T AR R S A R e, AN 2 2%
BB T RTINS (SIS k2. ie) . BT
PR (FlanZfXTEaE ) . PUA T LLM 5 45
—ARRR R CE O, Bl GPT-4-32k i 1R SCK IR E
T 32,768 ANl PG, SRR UE E R AL R 6 B TR
SEAREE (R AR ) s — S B I i E 2 1) 2% R A

. Wiy E LLM s a0t Transformer 284 |43 H
55 450, Flin GPT-3 el &M THBIIEE /1 [Bo]. th4h,
FEMEVE S — B 2 24 B KBk, Ho LLM A 1
TS . 08 T ECR e LLM B, 5 5e4 2 00K i fig 2
ZENRE, FIAARYE R SRR AT 45X LLM TR R 5 i
LLM (i@ B 7. 24 LLM 5 N AW ARFE— 2 (Frh
&AL (61, 222)) , IR, Fit, BB ER
A B e 2 0 B RGP PL I S, DUA G RO
HEHFIMES L L.

BORYIZR: ESCBt, i T E KB SRR B v A
NZRBe T gt [69, 97], FNZRTAEsRA R LLM JE# A
MEo I, JFRERG. GBIl kAL LLM 2845
JUNER, [ BRI BRAGRE . BRI AR E T
FRE. BAOVVZIF A E L BB AR IERES W5 (B
Ui GPT-4 Ayl i 4 (U5]), VASEAE I Zrid i e S 7 A R
SR, AN, R R SR AR SR s SR AL
PAGE S 4 A LRI SRR h A B0 i ALK IR T
WIZE LLM B AR ARE &, B E A apLsI e 2 TF Al Y
TG i B AW BTN 2R LLM 2 AR R (61
 LLaMA [57] A1 Flan-T5 [64]). i, FHEMRIAFZHAN
A, GINIEMEBUEANE S % 1 1. ST, 124 M1k, =
HA s B sAYIZE H G LLM TR A il (Bl
FINGREAE A A ) PAMEATSR B AT, AETT IR
A E L BRI T LLM B AR E. Btobh, IF
KA R | AL RE T R SR AR

BRI s e S0 T R R AR R . SRR B
o LLM i 5207 . bR 4 A AR 01 & 96 SR
i, TOL (— kB HR) P T LLM 5L % L%
FLELIFIARE Ty, BE % 0 SR 0L F Bt 2 HOm O . t
S, W TR IR S, O TR T e
AR, I CoT el , L5 b [ e B BB Sy op . R TTT
B AT A F LR R 2 AL . 95, $R it
PSR AT, A R AR DA 4 AT 55 1
. ok, SRS (BRI )
O TR S RN LU T A TC P R A
U RSB AT R BIFOR o B, TF 0B S R R AT
SRR AL A TR A Tl = P R e
AR, TR A TR (B R
AR AR AN R, FORT 20 ChatGPT
HER .

BAGXST A RAM KRGSy, LLM S/NAEH R
AT G PR . Bilan LLM {5 L) 58 [872],
REECAERGE, (T REFESRSE FR R . HORERAY 2,

31. R, AR AN ) 73— b7 SEAU T SR AE AL 55 E A 1 SCA A B
g ANTE T A, #140 ChatGPT [if{t.
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LLM 7] Gl A7 B AR WO DU AR W AL A 75
MISCAR AR TR RS, M-S 20 Ae il A 65, 61).
R T R4S LLM (228 (GIanpesl . o BRIk
{5 R FEMEEAE), B4 /A5 % GPT-3/4 FARMAE [49, b5].
VB gk G i S8 (R Y F2 253, AT AR AR A 2063
IR RAFXFFFEY) LLM, F ] RLHF[61, 113]. 4 T4 @i
B4V, fF RLHF W8 P &2 e X n e R B,
1IEG0 GPT-4 Fzs [45]. 2R, RLHF AL b Ara i
TR NSRBI, X (AR A S e v DA 24 S
I, LB RUHF SESEDARD NARTEE I LR, I
TRE R BRI TR AR s, il LLM W]
AR TR TAE. filt, Z0BA: (85, 224] C& 8RR
Skeditim LLM s 22 e 1205 R I B i d P s
Fefifl LLM (RS LL AT ) o bk, S RIREA S [
WO B T A TR 8 S LR R R

B S A B LLM ZEMR YA RTS8 77 T 2R 0 1 5 K e
1, AT AN Tz B A N  (BIRE A 2 AT 45 1
HARIEETES) . EN—NEEWHL, ChatGPT ngEC &
MR T NEREUE B, X EE “New Bing” [ &7 1%
BN FEREIRE, FTRATULE] LLM FEHE BEA R B AR
FEAETE RN, ARG ERIEE RS AN, FRREED)
FWFF AN AR5 Rt G LLM B AR T A2 S ) A
T ZBTERIRE , X ARG HR R = 2E—A~PA LLM 32
BN SRS (Bl ChatGPT SHFEMR 7)), X 5A
FAEEBEME. &, LLM f265E M N T HEEE (AGI)
FRRIEME TR, AR R A ERREM RS (7] RE
HAEZHSES ). R0, X — KRR, AT L2 N
FERFZ—, B AL X A=A abmi e AL [B9).

Fe s AL AR BANE— R hie 2 Bt R,
AT LY LIM Byt e, AT E B S 3t —
oy BE TR el . 55 —Ha T 2023 4E 3 H 13 HoERL, &
IT0 1 BA B B2 R B %% T AR 08 AT ) s %
LLM [ ERFFE . 8ed, |ATIHAT T 2RAMBUNSIERN A
BT REBRMATH TERIS I, (A heiidhmiEss 3.
AT et M B 22 SOkl 2080, 0 n] BRAFAE A "
FIRART TS . BT EAERR, AT AEH: AR E B br i
e [ [l amss B 0 LLM. SK700, FefiI2E GitHub
T (https://github.com/RUCAIBox/LLMSurvey) Fi%%&
TR TEAS RO BUSR BEARE , IR TR D, IRATREAS
W7 BRI 4 SCHR 2Rk, IR R R . X TIRATR L, 28
REEHRIRATE OXF LLM Fy2-3 382 . 3 FIRs E ikt
TSR i 0y SCRREF IR B e, WOIFEFR AT 14538 1) GitHub
VU B S R AT ATIVEE SOB IR R, FRATTRF AR S i
BT B TIETT, IFETRATI LR rh 20 A e
BB DT L

F A8 ETEX TR, FRATT 2 W X s L SR

ZF| arXiv (B H &

o 2023 4F 3 A 31 HWRET: HIIRIAS

¢ 20234 4 59 AEH: HINTHWEEL, &7 TR [l

], T LLM BRI SR, SOk TSR, 3

g YN T

o 20234 4 7 11 HEH: 41IE T 2T RIHEEHI S

e 20234 4 F 12 Huig: T TE s, mis T L

%7 H

. 2023 4F 4 1 16 HEH: w748 R P £51

B AR

o 20235 4 F 24 HEH: FINT X0 RENGIHE, K

B B BE ) LT RS VR T — SR (5 R)

P Wb T R R i TR R R T, HEAE

3 W in T kg A 2

o 20234 4 [ 25 HEEH: B3] T P —Se s D5k,

o 2023 4F 4 F 27 HEH: 7e58 b T AR .

o 2023484 F 28 R 1517 748 b

e 202345 A 7 HEH: BT TR % By

3 B R AT R A A RS SR R,
ISR ) A BT I . K, FRATH0 T LA 6
BIEF— - BMRA P 38 (1) A GPT-1 5] ChatGPT [3
AR (43520, (2) B LLaMA F9#% (41 Alpaca), (3)
RO (E5ER) M (4) BERATEa AL (8
e . AR RS SR GA A SRR, AT

R

Bist

YEZ ANV Yutao Zhu XA SCHRNS o H A SCE IR KA PA
K, FATLE TVFZ R HEEESEL. FATERbERS
ZEFATTIR A B 10 R WA IR A 32 Tyler Suard,
Damai Dai, Liang Ding, Stella Biderman, Kevin Gray, and

Jay Alammar.

SE 30k

[1]  S.Pinker, The Language Instinct: How the Mind Creates
Language. Brilliance Audio; Unabridged edition, 2014.

[2] M. D. Hauser, N. Chomsky, and W. T. Fitch, “The
faculty of language: what is it, who has it, and how did
it evolve?” science, vol. 298, no. 5598, pp. 1569-1579,
2002.

[3] A.M. Turing, “Computing machinery and intelligence,”
Mind, vol. LIX, no. 236, pp. 433 460, 1950.

[4] F. Jelinek, Statistical Methods for Speech Recognition.
MIT Press, 1998.

[5] J. Gao and C. Lin, “Introduction to the special issue
on statistical language modeling,” ACM Trans. Asian
Lang. Inf. Process., vol. 3, no. 2, pp. 87-93, 2004.


https://github.com/RUCAIBox/LLMSurvey

AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 35

[6]

[7]

[9]

R. Rosenfeld, “Two decades of statistical language mod-
eling: Where do we go from here?” Proceedings of the
IEFEE, vol. 88, no. 8, pp. 1270-1278, 2000.

A. Stolcke, “Srilm-an extensible language modeling
toolkit,” in Sewventh international conference on spoken
language processing, 2002.

X. Liu and W. B. Croft, “Statistical language modeling
for information retrieval,” Annu. Rev. Inf. Sci. Technol.,
vol. 39, no. 1, pp. 1-31, 2005.

C. Zhai, Statistical Language Models for Information
Retrieval, ser. Synthesis Lectures on Human Language
Technologies. Morgan & Claypool Publishers, 2008.
S. M. Thede and M. P. Harper, “A second-order hidden
markov model for part-of-speech tagging,” in 27th An-
nual Meeting of the Association for Computational Lin-
guistics, University of Maryland, College Park, Mary-
land, USA, 20-26 June 1999, R. Dale and K. W. Church,
Eds. ACL, 1999, pp. 175-182.

L. R. Bahl, P. F. Brown, P. V. de Souza, and R. L. Mer-
cer, “A tree-based statistical language model for natural
language speech recognition,” IEEE Transactions on
Acoustics, Speech, and Signal Processing, vol. 37, no. 7,
pp. 1001-1008, 1989.

T. Brants, A. C. Popat, P. Xu, F. J. Och, and J. Dean,
“Large language models in machine translation,” in
EMNLP-CoNLL 2007, Proceedings of the 2007 Joint
Conference on Empirical Methods in Natural Language
Processing and Computational Natural Language Learn-
ing, June 28-30, 2007, Prague, Czech Republic, J. Eis-
ner, Ed. ACL, 2007, pp. 858-867.

S. M. Katz, “Estimation of probabilities from sparse
data for the language model component of a speech rec-
ognizer,” IEEE Trans. Acoust. Speech Signal Process.,
vol. 35, no. 3, pp. 400-401, 1987.

W. A. Gale and G. Sampson, “Good-turing frequency
estimation without tears,” J. Quant. Linguistics, vol. 2,
no. 3, pp. 217-237, 1995.

Y. Bengio, R. Ducharme, P. Vincent, and C. Janvin, “A
neural probabilistic language model,” J. Mach. Learn.
Res., vol. 3, pp. 1137-1155, 2003.

T. Mikolov, M. Karafiat, L. Burget, J. Cernocky, and
S. Khudanpur, “Recurrent neural network based lan-
guage model,” in INTERSPEECH 2010, 11th Annual
Conference of the International Speech Communication
Association, Makuhari, Chiba, Japan, September 26-30,
2010, T. Kobayashi, K. Hirose, and S. Nakamura, Eds.
ISCA, 2010, pp. 1045-1048.

[17]

[18]

[19]

[20]

[21]

[23]

S. Kombrink, T. Mikolov, M. Karafiat, and L. Burget,
“Recurrent neural network based language modeling in
meeting recognition,” in INTERSPEECH 2011, 12th
Annual Conference of the International Speech Com-
munication Association, Florence, Italy, August 27-31,
2011. ISCA, 2011, pp. 2877-2880.

R. Collobert, J. Weston, L. Bottou, M. Karlen,
K. Kavukcuoglu, and P. P. Kuksa, “Natural language
processing (almost) from scratch,” J. Mach. Learn. Res.,
vol. 12, pp. 24932537, 2011.

T. Mikolov, I. Sutskever, K. Chen, G. S. Corrado, and
J. Dean, “Distributed representations of words and
phrases and their compositionality,” in Advances in
Neural Information Processing Systems 26: 27th Annual
Conference on Neural Information Processing Systems
2013. Proceedings of a meeting held December 5-8, 2013,
Lake Tahoe, Nevada, United States, C. J. C. Burges,
L. Bottou, Z. Ghahramani, and K. Q. Weinberger, Eds.,
2013, pp. 3111-3119.

T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Ef-
ficient estimation of word representations in vector
space,” in Ist International Conference on Learning
Representations, ICLR 2013, Scottsdale, Arizona, USA,
May 2-4, 2013, Workshop Track Proceedings, Y. Bengio
and Y. LeCun, Eds., 2013.

M. E. Peters, M. Neumann, M. Iyyer, M. Gardner,
C. Clark, K. Lee, and L. Zettlemoyer, “Deep contex-
tualized word representations,” in Proceedings of the
2018 Conference of the North American Chapter of
the Association for Computational Linguistics: Human
Language Technologies, NAACL-HLT 2018, New Or-
leans, Louisiana, USA, June 1-6, 2018, Volume 1 (Long
Papers), M. A. Walker, H. Ji, and A. Stent, Eds. Asso-
ciation for Computational Linguistics, 2018, pp. 2227-
2237.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit,
L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin,
“Attention is all you need,” in Advances in Neural Infor-
mation Processing Systems 30: Annual Conference on
Neural Information Processing Systems 2017, December
4-9, 2017, Long Beach, CA, USA, 2017, pp. 5998-6008.
J. Devlin, M. Chang, K. Lee, and K. Toutanova,
“BERT: pre-training of deep bidirectional transformers
for language understanding,” in Proceedings of the 2019
Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Lan-
guage Technologies, NAACL-HLT 2019, Minneapolis,



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 36

[28]

[29]

[31]

MN, USA, June 2-7, 2019, Volume 1 (Long and Short
Papers), J. Burstein, C. Doran, and T. Solorio, Eds.
Association for Computational Linguistics, 2019, pp.
4171-4186.

M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad, A. Mo-
hamed, O. Levy, V. Stoyanov, and L. Zettlemoyer,
“BART: denoising sequence-to-sequence pre-training
for natural language generation, translation, and com-
prehension,” in Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics, ACL
2020, Online, July 5-10, 2020, 2020, pp. 7871-7880.

W. Fedus, B. Zoph, and N. Shazeer, “Switch transform-
ers: Scaling to trillion parameter models with simple and
efficient sparsity,” J. Mach. Learn. Res, pp. 1-40, 2021.
A. Radford, J. Wu, R. Child, D. Luan, D. Amodei,
I. Sutskever et al., “Language models are unsupervised
multitask learners,” OpenAl blog, p. 9, 2019.

Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen,
O. Levy, M. Lewis, L. Zettlemoyer, and V. Stoyanov,
“Roberta: A robustly optimized BERT pretraining ap-
proach,” CoRR, vol. abs/1907.11692, 2019.

V. Sanh, A. Webson, C. Raffel, S. H. Bach, L. Sutawika,
Z. Alyafeai, A. Chaffin, A. Stiegler, A. Raja, M. Dey,
M. S. Bari, C. Xu, U. Thakker, S. S. Sharma,
E. Szczechla, T. Kim, G. Chhablani, N. V. Nayak,
D. Datta, J. Chang, M. T. Jiang, H. Wang, M. Manica,
S. Shen, Z. X. Yong, H. Pandey, R. Bawden, T. Wang,
T. Neeraj, J. Rozen, A. Sharma, A. Santilli, T. Févry,
J. A. Fries, R. Teehan, T. L. Scao, S. Biderman, L. Gao,
T. Wolf, and A. M. Rush, “Multitask prompted training
enables zero-shot task generalization,” in The Tenth
International Conference on Learning Representations,
ICLR 2022, Virtual Event, April 25-29, 2022.
Review.net, 2022.

T. Wang, A. Roberts, D. Hesslow, T. L. Scao, H. W.
Chung, I. Beltagy, J. Launay, and C. Raffel, “What

language model architecture and pretraining objective

Open-

works best for zero-shot generalization?” in Interna-
tional Conference on Machine Learning, ICML 2022,
17-28 July 2022, Baltimore, Maryland, USA, ser. Pro-
ceedings of Machine Learning Research, vol. 162, 2022,
pp. 22964-22 984.

J. Kaplan, S. McCandlish, T. Henighan, T. B. Brown,
B. Chess, R. Child, S. Gray, A. Radford, J. Wu, and
D. Amodei, “Scaling laws for neural language models,”
CoRR, vol. abs/2001.08361, 2020.

M. Shanahan, “Talking about large language models,”

32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

CoRR, vol. abs/2212.03551, 2022.

J. Wei, X. Wang, D. Schuurmans, M. Bosma, E. H.
Chi, Q. Le, and D. Zhou, “Chain of thought prompting
elicits reasoning in large language models,” CoRR, vol.
abs/2201.11903, 2022.

J. Hoffmann, S. Borgeaud, A. Mensch, E. Buchatskaya,
T. Cai, E. Rutherford, D. de Las Casas, L. A. Hendricks,
J. Welbl, A. Clark, T. Hennigan, E. Noland, K. Millican,
G. van den Driessche, B. Damoc, A. Guy, S. Osin-
dero, K. Simonyan, E. Elsen, J. W. Rae, O. Vinyals,
and L. Sifre, “Training compute-optimal large language
models,” vol. abs/2203.15556, 2022.

R. Taylor, M. Kardas, G. Cucurull,
A. Hartshorn, E. Saravia, A. Poulton, V. Kerkez, and
R. Stojnic, “Galactica: A large language model for sci-
ence,” CoRR, vol. abs/2211.09085, 2022.

P. Liu, W. Yuan, J. Fu, Z. Jiang, H. Hayashi, and
G. Neubig, “Pre-train, prompt, and predict: A system-

T. Scialom,

atic survey of prompting methods in natural language
processing,” ACM Comput. Surv., pp. 195:1-195:35,
2023.

C. Zhou, Q. Li, C. Li, J. Yu, Y. Liu, G. Wang, K. Zhang,
C. Ji, Q. Yan, L. He, H. Peng, J. Li, J. Wu, Z. Liu, P. Xie,
C. Xiong, J. Pei, P. S. Yu, and L. Sun, “A comprehensive
survey on pretrained foundation models: A history from
BERT to chatgpt,” CoRR, vol. abs/2302.09419, 2023.
X. Han, Z. Zhang, N. Ding, Y. Gu, X. Liu, Y. Huo,
J. Qiu, Y. Yao, A. Zhang, L. Zhang, W. Han, M. Huang,
Q. Jin, Y. Lan, Y. Liu, Z. Liu, Z. Lu, X. Qiu, R. Song,
J. Tang, J. Wen, J. Yuan, W. X. Zhao, and J. Zhu, “Pre-
trained models: Past, present and future,” AI Open,
vol. 2, pp. 225-250, 2021.

X. Qiu, T. Sun, Y. Xu, Y. Shao, N. Dai, and X. Huang,
“Pre-trained models for natural language processing: A
survey,” CoRR, vol. abs/2003.08271, 2020.

S. Altman, “Planning for agi and beyond,” OpenAl
Blog, February 2023.

S. Bubeck, V. Chandrasekaran, R. Eldan, J. Gehrke,
E. Horvitz, E. Kamar, P. Lee, Y. T. Lee, Y. Li, S. Lund-
berg, H. Nori, H. Palangi, M. T. Ribeiro, and Y. Zhang,
“Sparks of artificial general intelligence: Early experi-
ments with gpt-4,” vol. abs/2303.12712, 2023.

S. Huang, L. Dong, W. Wang, Y. Hao, S. Singhal, S. Ma,
T. Lv, L. Cui, O. K. Mohammed, B. Patra, Q. Liu,
K. Aggarwal, Z. Chi, J. Bjorck, V. Chaudhary, S. Som,
X. Song, and F. Wei, “Language is not all you need:
Aligning perception with language models,” CoRR, vol.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 37

[44]

[48]

[53]

abs/2302.14045, 2023.
Y. Cao, S. Li, Y. Liu, Z. Yan, Y. Dai, P. S. Yu,
and L. Sun, “A comprehensive survey of ai-generated
content (aigc): A history of generative ai from gan to
chatgpt,” arXiv preprint arXiv:2303.04226, 2023.

D. Driess, F. Xia, M. S. Sajjadi, C. Lynch, A. Chowdh-
ery, B. Ichter, A. Wahid, J. Tompson, Q. Vuong, T. Yu
et al., “Palm-e: An embodied multimodal language
model,” arXiv preprint arXiv:2303.03378, 2023.

C. Wu, S. Yin, W. Qi, X. Wang, Z. Tang, and
N. Duan, “Visual chatgpt: Talking, drawing and edit-
ing with visual foundation models,” arXiv preprint
arXiv:2303.04671, 2023.

OpenAl, “Gpt-4 technical report,” OpenAlI 2023.

Y. Fu, H. Peng, and T. Khot, “How does gpt obtain its
ability? tracing emergent abilities of language models to
their sources,” Yao Fu’ s Notion, Dec 2022.

J. Wei, Y. Tay, R. Bommasani, C. Raffel, B. Zoph,
S. Borgeaud, D. Yogatama, M. Bosma, D. Zhou, D. Met-
zler, E. H. Chi, T. Hashimoto, O. Vinyals, P. Liang,
J. Dean, and W. Fedus, “Emergent abilities of large
language models,” CoRR, vol. abs/2206.07682, 2022.

J. Li, T. Tang, W. X. Zhao, and J. Wen, “Pretrained
language model for text generation: A survey,” in Pro-
ceedings of the Thirtieth International Joint Conference
on Artificial Intelligence, IJCAI 2021, Virtual Event /
Montreal, Canada, 19-27 August 2021, Z. Zhou, Ed.
ijcai.org, 2021, pp. 4492-4499.

P. Lu, L. Qiu, W. Yu, S. Welleck, and K. Chang, “A
survey of deep learning for mathematical reasoning,”
CoRR, vol. abs/2212.10535, 2022.

Q. Dong, L. Li, D. Dai, C. Zheng, Z. Wu, B. Chang,
X. Sun, J. Xu, L. Li, and Z. Sui, “A survey for in-context
learning,” CoRR, vol. abs/2301.00234, 2023.

J. Huang and K. C. Chang, “Towards reasoning
in large language models: A survey,” CoRR, vol.
abs/2212.10403, 2022.

S. Qiao, Y. Ou, N. Zhang, X. Chen, Y. Yao, S. Deng,
C. Tan, F. Huang, and H. Chen, “Reasoning with
language model prompting: A survey,” CoRR, vol.
abs/2212.09597, 2022.

J. Zhou, P. Ke, X. Qiu, M. Huang, and J. Zhang, “Chat-
gpt: potential, prospects, and limitations,” in Frontiers
of Information Technology € Electronic Engineering,
2023, pp. 1-6.

W. X. Zhao, J. Liu, R. Ren, and J. Wen,

text retrieval based on pretrained language models: A

“Dense

[55]

[56]

[57]

[58]

[59]

survey,” CoRR, vol. abs/2211.14876, 2022.

T. B. Brown, B. Mann, N. Ryder, M. Subbiah, J. Ka-
plan, P. Dhariwal, A. Neelakantan, P. Shyam, G. Sas-
try, A. Askell, S. Agarwal, A. Herbert-Voss, G. Krueger,
T. Henighan, R. Child, A. Ramesh, D. M. Ziegler,
J. Wu, C. Winter, C. Hesse, M. Chen, E. Sigler,
M. Litwin, S. Gray, B. Chess, J. Clark, C. Berner, S. Mc-
Candlish, A. Radford, I. Sutskever, and D. Amodei,
“Language models are few-shot learners,” in Advances
in Neural Information Processing Systems 33: Annual
Conference on Neural Information Processing Systems
2020, NeurIPS 2020, December 6-12, 2020, wvirtual,
H. Larochelle, M. Ranzato, R. Hadsell, M. Balcan, and
H. Lin, Eds., 2020.

A. Chowdhery, S. Narang, J. Devlin, M. Bosma,
G. Mishra, A. Roberts, P. Barham, H. W. Chung,
C. Sutton, S. P. Schuh, K. Shi,
S. Tsvyashchenko, J. Maynez, A. Rao, P. Barnes,
Y
B

Gehrmann,

. Tay, N. Shazeer, V. Prabhakaran, E. Reif, N. Du,

. Hutchinson, R. Pope, J. Bradbury, J. Austin, M. Is-
ard, G. Gur-Ari, P. Yin, T. Duke, A. Levskaya, S. Ghe-
mawat, S. Dev, H. Michalewski, X. Garcia, V. Misra,
K. Robinson, L. Fedus, D. Zhou, D. Ippolito, D. Luan,
H. Lim, B. Zoph, A. Spiridonov, R. Sepassi, D. Dohan,
S. Agrawal, M. Omernick, A. M. Dai, T. S. Pillai,
M. Pellat, A. Lewkowycz, E. Moreira, R. Child, O. Polo-
zov, K. Lee, Z. Zhou, X. Wang, B. Saeta, M. Diaz,
O. Firat, M. Catasta, J. Wei, K. Meier-Hellstern,
D. Eck, J. Dean, S. Petrov, and N. Fiedel, “Palm:
Scaling language modeling with pathways,” CoRR, vol.
abs/2204.02311, 2022.
H. Touvron, T. Lavril, G. Izacard, X. Martinet,
M. Lachaux, T. Lacroix, B. Roziére, N. Goyal, E. Ham-
bro, F. Azhar, A. Rodriguez, A. Joulin, E. Grave, and
G. Lample, “Llama: Open and efficient foundation lan-
guage models,” CoRR, 2023.
B. A. Huberman and T. Hogg, “Phase transitions in
artificial intelligence systems,” Artificial Intelligence,
vol. 33, no. 2, pp. 155-171, 1987.
J. W. Rae, S. Borgeaud, T. Cai, K. Millican, J. Hoff-
mann, H. F. Song, J. Aslanides, S. Henderson, R. Ring,
S. Young, E. Rutherford, T. Hennigan, J. Menick,
A. Cassirer, R. Powell, G. van den Driessche, L. A.
Hendricks, M. Rauh, P. Huang, A. Glaese, J. Welbl,
S. Dathathri, S. Huang, J. Uesato, J. Mellor, I. Higgins,
A. Creswell, N. McAleese, A. Wu, E. Elsen, S. M.
Jayakumar, E. Buchatskaya, D. Budden, E. Suther-



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 38

land, K. Simonyan, M. Paganini, L. Sifre, L. Martens,
X. L. Li, A. Kuncoro, A. Nematzadeh, E. Gribovskaya,
D. Donato, A. Lazaridou, A. Mensch, J. Lespiau,
M. Tsimpoukelli, N. Grigorev, D. Fritz, T. Sotti-
aux, M. Pajarskas, T. Pohlen, Z. Gong, D. Toyama,
C. de Masson d’Autume, Y. Li, T. Terzi, V. Mikulik,
I. Babuschkin, A. Clark, D. de Las Casas, A. Guy,
C. Jones, J. Bradbury, M. J. Johnson, B. A. Hechtman,
L. Weidinger, 1. Gabriel, W. S. Isaac, E. Lockhart,
S. Osindero, L. Rimell, C. Dyer, O. Vinyals, K. Ayoub,
J. Stanway, L. Bennett, D. Hassabis, K. Kavukcuoglu,
and G. Irving, “Scaling language models: Methods,
analysis & insights from training gopher,” CoRR, vol.
abs/2112.11446, 2021.

D. Dai, Y. Sun, L. Dong, Y. Hao, Z. Sui, and F. Wei,
“Why can GPT learn in-context? language models se-
cretly perform gradient descent as meta-optimizers,”
CoRR, vol. abs/2212.10559, 2022.

L. Ouyang, J. Wu, X. Jiang, D. Almeida, C. L. Wain-
wright, P. Mishkin, C. Zhang, S. Agarwal, K. Slama,
A. Ray, J. Schulman, J. Hilton, F. Kelton, L. Miller,
M. Simens, A. Askell, P. Welinder, P. F. Christiano,
J. Leike, and R. Lowe, “Training language models to
follow instructions with human feedback,” CoRR, vol.
abs/2203.02155, 2022.

J. Wei, M. Bosma, V. Y. Zhao, K. Guu, A. W. Yu,
B. Lester, N. Du, A. M. Dai, and Q. V. Le, “Finetuned
language models are zero-shot learners,” in The Tenth
International Conference on Learning Representations,
ICLR 2022, Virtual Event, April 25-29, 2022.
Review.net, 2022.

R. Thoppilan, D. D. Freitas, J. Hall, N. Shazeer, A. Kul-
shreshtha, H. Cheng, A. Jin, T. Bos, L. Baker, Y. Du,
Y. Li, H. Lee, H. S. Zheng, A. Ghafouri, M. Menegali,
Y. Huang, M. Krikun, D. Lepikhin, J. Qin, D. Chen,
Y. Xu, Z. Chen, A. Roberts, M. Bosma, Y. Zhou,
C. Chang, I. Krivokon, W. Rusch, M. Pickett, K. S.
Meier-Hellstern, M. R. Morris, T. Doshi, R. D. Santos,
T. Duke, J. Soraker, B. Zevenbergen, V. Prabhakaran,
M. Diaz, B. Hutchinson, K. Olson, A. Molina, E. Hoff-
man-John, J. Lee, L. Aroyo, R. Rajakumar, A. Butryna,
M. Lamm, V. Kuzmina, J. Fenton, A. Cohen, R. Bern-
stein, R. Kurzweil, B. Aguera-Arcas, C. Cui, M. Croak,
E. H. Chi, and Q. Le, “Lamda: Language models for
dialog applications,” CoRR, vol. abs/2201.08239, 2022.
H. W. Chung, L. Hou, S. Longpre, B. Zoph, Y. Tay,
W. Fedus, E. Li, X. Wang, M. Dehghani, S. Brahma,

Open-

[65]

[66]

[67]

68]

[69]

[70]

A. Webson, S. S. Gu, Z. Dai, M. Suzgun, X. Chen,
A. Chowdhery, S. Narang, G. Mishra, A. Yu, V. Y.
Zhao, Y. Huang, A. M. Dai, H. Yu, S. Petrov, E. H.
Chi, J. Dean, J. Devlin, A. Roberts, D. Zhou, Q. V.
Le, and J. Wei, “Scaling instruction-finetuned language
models,” CoRR, vol. abs/2210.11416, 2022.

J. Rasley, S. Rajbhandari, O. Ruwase, and Y. He,
“Deepspeed: System optimizations enable training deep
learning models with over 100 billion parameters,” in
KDD, 2020, pp. 3505-3506.

M. Shoeybi, M. Patwary, R. Puri, P. LeGresley,
J. Casper, and B. Catanzaro, “Megatron-lm: Training
multi-billion parameter language models using model
parallelism,” CoRR, vol. abs/1909.08053, 2019.

D. Narayanan, M. Shoeybi, J. Casper, P. LeGres-
ley, V. Korthikanti, D. Vainbrand,
P. Kashinkunti, J. Bernauer, B. Catanzaro, A. Phan-

M. Patwary,

ishayee, and M. Zaharia, “Efficient large-scale language
model training on GPU clusters using megatron-lm,” in
International Conference for High Performance Com-
puting, Networking, Storage and Analysis, SC 2021, St.
Louis, Missouri, USA, November 14-19, 2021. ACM,
2021, p. 58.

V. Korthikanti, J. Casper, S. Lym, L. McAfee, M. An-
dersch, M. Shoeybi, and B. Catanzaro, “Reducing ac-
tivation recomputation in large transformer models,”
CoRR, vol. abs/2205.05198, 2022.

T. L. Scao, A. Fan, C. Akiki, E. Pavlick, S. Ilic, D. Hess-
low, R. Castagné, A. S. Luccioni, F. Yvon, M. Gallé,
J. Tow, A. M. Rush, S. Biderman, A. Webson, P. S.
Ammanamanchi, T. Wang, B. Sagot, N. Muennighoff,
A. V. del Moral, O. Ruwase, R. Bawden, S. Bekman,
A. McMillan-Major, I. Beltagy, H. Nguyen, L. Saulnier,
S. Tan, P. O. Suarez, V. Sanh, H. Laurencon, Y. Jer-
nite, J. Launay, M. Mitchell, C. Raffel, A. Gokaslan,
A. Simhi, A. Soroa, A. F. Aji, A. Alfassy, A. Rogers,
A. K. Nitzav, C. Xu, C. Mou, C. Emezue, C. Klamm,
C. Leong, D. van Strien, D. I. Adelani, and et al.,
“BLOOM: A 176b-parameter open-access multilingual
language model,” CoRR, vol. abs/2211.05100, 2022.

P. F. Christiano, J. Leike, T. B. Brown, M. Martic,
S. Legg, and D. Amodei, “Deep reinforcement learning
from human preferences,” in Advances in Neural Infor-
mation Processing Systems 30: Annual Conference on
Neural Information Processing Systems 2017, December
4-9, 2017, Long Beach, CA, USA, 1. Guyon, U. von
Luxburg, S. Bengio, H. M. Wallach, R. Fergus, S. V. N.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 39

Vishwanathan, and R. Garnett, Eds., 2017, pp. 4299-
4307.

T. Schick, J. Dwivedi-Yu, R. Dessi, R. Raileanu,
M. Lomeli, N. Cancedda,
T. Scialom, “Toolformer: Language models can teach
themselves to use tools,” CoRR, vol. abs/2302.04761,
2023.

R. Nakano, J. Hilton, S. Balaji, J. Wu, L. Ouyang,
C. Kim, C. Hesse, S. Jain, V. Kosaraju, W. Saunders,
X. Jiang, K. Cobbe, T. Eloundou, G. Krueger, K. But-
ton, M. Knight, B. Chess, and J. Schulman, “Webgpt:
Browser-assisted question-answering with human feed-
back,” CoRR, vol. abs/2112.09332, 2021.

A. Radford, R. Jézefowicz, and 1. Sutskever, “Learning

L. Zettlemoyer, and

to generate reviews and discovering sentiment,” CoRR,
vol. abs/1704.01444, 2017.

A. Radford, K. Narasimhan, T. Salimans, I. Sutskever
et al., “Improving language understanding by generative
pre-training,” 2018.

B. McCann, N. S. Keskar, C. Xiong, and R. Socher,
“The natural language decathlon: Multitask learning as
question answering,” CoRR, vol. abs/1806.08730, 2018.
Y. Zhang, S. Sun, M. Galley, Y. Chen, C. Brockett,
X. Gao, J. Gao, J. Liu, and B. Dolan, “DIALOGPT
: Large-scale generative pre-training for conversational
response generation,” in Proceedings of the 58th Annual
Meeting of the Association for Computational Linguis-
tics: System Demonstrations, ACL 2020, Online, July 5-
10, 2020, A. Celikyilmaz and T. Wen, Eds. Association
for Computational Linguistics, 2020, pp. 270-278.

D. Ham, J. Lee, Y. Jang, and K. Kim, “End-to-end
neural pipeline for goal-oriented dialogue systems using
GPT-2,” in Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics, ACL
2020, Online, July 5-10, 2020. Association for Compu-
tational Linguistics, 2020, pp. 583-592.

M. Chen, J. Tworek, H. Jun, Q. Yuan, H. P.
de Oliveira Pinto, J. Kaplan, H. Edwards, Y. Burda,
N. Joseph, G. Brockman, A. Ray, R. Puri, G. Krueger,
M. Petrov, H. Khlaaf, G. Sastry, P. Mishkin, B. Chan,
S. Gray, N. Ryder, M. Pavlov, A. Power, L. Kaiser,
M. Bavarian, C. Winter, P. Tillet, F. P. Such, D. Cum-
mings, M. Plappert, F. Chantzis, E. Barnes, A. Herbert-
Voss, W. H. Guss, A. Nichol, A. Paino, N. Tezak,
J. Tang, 1. Babuschkin, S. Balaji, S. Jain, W. Saun-
ders, C. Hesse, A. N. Carr, J. Leike, J. Achiam,
V. Misra, E. Morikawa, A. Radford, M. Knight,

[79]

[80]

[81]

[82]

[36]

[87]

M. Brundage, M. Murati, K. Mayer, P. Welinder, B. Mc-
Grew, D. Amodei, S. McCandlish, I. Sutskever, and
W. Zaremba, “Evaluating large language models trained
on code,” CoRR, vol. abs/2107.03374, 2021.

I. Drori, S. Tran, R. Wang, N. Cheng, K. Liu, L. Tang,
E. Ke, N. Singh, T. L. Patti, J. Lynch, A. Shporer,
N. Verma, E. Wu, and G. Strang, “A neural network
solves and generates mathematics problems by program
synthesis: Calculus, differential equations, linear alge-
bra, and more,” CoRR, vol. abs/2112.15594, 2021.

A. Neelakantan, T. Xu, R. Puri, A. Radford, J. M.
Han, J. Tworek, Q. Yuan, N. Tezak, J. W. Kim,
C. Hallacy, J. Heidecke, P. Shyam, B. Power, T. E.
Nekoul, G. Sastry, G. Krueger, D. Schnurr, F. P.
Such, K. Hsu, M. Thompson, T. Khan, T. Sherbakov,
J. Jang, P. Welinder, and L. Weng, “Text and code
embeddings by contrastive pre-training,” CoRR, vol.
abs/2201.10005, 2022.

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and
O. Klimov, “Proximal policy optimization algorithms,”
arXi preprint arXiv:1707.06347, 2017.

N. Stiennon, L. Ouyang, J. Wu, D. M. Ziegler, R. Lowe,
C. Voss, A. Radford, D. Amodei, and P. F. Christiano,
“Learning to summarize from human feedback,” CoRR,
vol. abs/2009.01325, 2020.

OpenAl, “Our approach to alignment research,” Ope-
nAI Blog, August 2022.

——, “Introducing chatgpt,” OpenAI Blog, November
2022.

D. Ganguli, L. Lovitt, J. Kernion, A. Askell, Y. Bai,
S. Kadavath, B. Mann, E. Perez, N. Schiefer,
K. Ndousse, A. Jones, S. Bowman, A. Chen, T. Con-
erly, N. DasSarma, D. Drain, N. Elhage, S. E. Showk,
S. Fort, Z. Hatfield-Dodds, T. Henighan, D. Hernan-
dez, T. Hume, J. Jacobson, S. Johnston, S. Kravec,
C. Olsson, S. Ringer, E. Tran-Johnson, D. Amodei,
T. Brown, N. Joseph, S. McCandlish, C. Olah, J. Ka-
plan, and J. Clark, “Red teaming language models to
reduce harms: Methods, scaling behaviors, and lessons
learned,” CoRR, vol. abs/2209.07858, 2022.

OpenAl, “Lessons learned on language model safety and
misuse,” OpenAI Blog, March 2022.

C. Raffel, N. Shazeer, A. Roberts, K. Lee, S. Narang,
M. Matena, Y. Zhou, W. Li, and P. J. Liu, “Exploring
the limits of transfer learning with a unified text-to-text
transformer,” J. Mach. Learn. Res., pp. 140:1-140:67,
2020.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 40

[38]

[91]

[94]

L. Xue, N. Constant, A. Roberts, M. Kale, R. Al-Rfou,
A. Siddhant, A. Barua, and C. Raffel, “mt5: A massively
multilingual pre-trained text-to-text transformer,” in
Proceedings of the 2021 Conference of the North Amer-
ican Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, NAACL-HLT
2021, Online, June 6-11, 2021, 2021, pp. 483-498.

W. Zeng, X. Ren, T. Su, H. Wang, Y. Liao, Z. Wang,
X. Jiang, Z. Yang, K. Wang, X. Zhang, C. Li,
Z. Gong, Y. Yao, X. Huang, J. Wang, J. Yu, Q. Guo,
Y. Yu, Y. Zhang, J. Wang, H. Tao, D. Yan, Z. Yi,
F. Peng, F. Jiang, H. Zhang, L. Deng, Y. Zhang,
Z. Lin, C. Zhang, S. Zhang, M. Guo, S. Gu, G. Fan,
Y. Wang, X. Jin, Q. Liu, and Y. Tian, “Pangu-a:
Large-scale autoregressive pretrained chinese language
models with auto-parallel computation,” CoRR, vol.
abs,/2104.12369, 2021.

Z. Zhang, Y. Gu, X. Han, S. Chen, C. Xiao, Z. Sun,
Y. Yao, F. Qi, J. Guan, P. Ke, Y. Cai, G. Zeng, Z. Tan,
Z. Liu, M. Huang, W. Han, Y. Liu, X. Zhu, and M. Sun,
“CPM-2: large-scale cost-effective pre-trained language
models,” CoRR, vol. abs/2106.10715, 2021.

E. Nijkamp, B. Pang, H. Hayashi, L. Tu, H. Wang,
Y. Zhou, S. Savarese, and C. Xiong, “Codegen: An open
large language model for code with mtulti-turn program
synthesis,” arXiv preprint arXiv:2203.13474, 2022.

S. Black, S. Biderman, E. Hallahan, Q. Anthony,
L. Gao, L. Golding, H. He, C. Leahy, K. McDonell,
J. Phang, M. Pieler, U. S. Prashanth, S. Purohit,
L. Reynolds, J. Tow, B. Wang, and S. Weinbach,
“Gpt-neox-20b: An open-source autoregressive language
model,” CoRR, vol. abs/2204.06745, 2022.

Y. Wang, S. Mishra, P. Alipoormolabashi, Y. Kordi,
A. Mirzaei, A. Naik, A. Ashok, A. S. Dhanasekaran,
A. Arunkumar, D. Stap, E. Pathak, G. Karamanolakis,
H. G. Lai, I. Purohit, I. Mondal, J. Anderson, K. Kuz-
nia, K. Doshi, K. K. Pal, M. Patel, M. Moradshahi,
M. Parmar, M. Purohit, N. Varshney, P. R. Kaza,
P. Verma, R. S. Puri, R. Karia, S. Doshi, S. K. Sampat,
S. Mishra, S. R. A, S. Patro, T. Dixit, and X. Shen,
“Super-naturalinstructions: Generalization via declara-
tive instructions on 1600+ NLP tasks,” in Proceedings
of the 2022 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2022, Abu Dhabi, United
Arab Emirates, December 7-11, 2022, 2022, pp. 5085—
5109.

Y. Tay, M. Dehghani, V. Q. Tran, X. Garcia, J. Wei,

[95]

[96]

[97]

[98]

[99]

[100]

[101]

X. Wang, H. W. Chung, D. Bahri, T. Schuster,
H. Zheng, D. Zhou, N. Houlsby, and D. Metzler, “Ul2:
Unifying language learning paradigms,” 2022.

S. Zhang, S. Roller, N. Goyal, M. Artetxe, M. Chen,
S. Chen, C. Dewan, M. T. Diab, X. Li, X. V. Lin,
T. Mihaylov, M. Ott, S. Shleifer, K. Shuster, D. Simig,
P. S. Koura, A. Sridhar, T. Wang, and L. Zettlemoyer,
“OPT: open pre-trained transformer language models,”
CoRR, vol. abs/2205.01068, 2022.

M. R. Costa-jussa, J. Cross, O. Celebi, M. Elbayad,
K. Heafield, K. Heffernan, E. Kalbassi, J. Lam,
D. Licht, J. Maillard, A. Sun, S. Wang, G. Wenzek,
A. Youngblood, B. Akula, L. Barrault, G. M. Gonzalez,
P. Hansanti, J. Hoffman, S. Jarrett, K. R. Sadagopan,
D. Rowe, S. Spruit, C. Tran, P. Andrews, N. F. Ayan,
S. Bhosale, S. Edunov, A. Fan, C. Gao, V. Goswami,
F. Guzméan, P. Koehn, A. Mourachko, C. Ropers,
S. Saleem, H. Schwenk, and J. Wang, “No language left
behind: Scaling human-centered machine translation,”
CoRR, vol. abs/2207.04672, 2022.

A. Zeng, X. Liu, Z. Du, Z. Wang, H. Lai, M. Ding,
Z. Yang, Y. Xu, W. Zheng, X. Xia, W. L. Tam, Z. Ma,
Y. Xue, J. Zhai, W. Chen, P. Zhang, Y. Dong, and
J. Tang, “GLM-130B: an open bilingual pre-trained
model,” vol. abs/2210.02414, 2022.

N. Muennighoff, T. Wang, L. Sutawika, A. Roberts,
S. Biderman, T. L. Scao, M. S. Bari, S. Shen, Z. X. Yong,
H. Schoelkopf, X. Tang, D. Radev, A. F. Aji, K. Al-
mubarak, S. Albanie, Z. Alyafeai, A. Webson, E. Raff,
and C. Raffel, “Crosslingual generalization through
multitask finetuning,” CoRR, vol. abs/2211.01786,
2022.

S. Iyer, X. V. Lin, R. Pasunuru, T. Mihaylov, D. Simig,
P. Yu, K. Shuster, T. Wang, Q. Liu, P. S. Koura, X. Li,
B. O’Horo, G. Pereyra, J. Wang, C. Dewan, A. Celikyil-
maz, L. Zettlemoyer, and V. Stoyanov, “OPT-IML: scal-
ing language model instruction meta learning through
the lens of generalization,” CoRR, vol. abs/2212.12017,
2022.

Q. Zheng, X. Xia, X. Zou, Y. Dong, S. Wang, Y. Xue,
Z. Wang, L. Shen, A. Wang, Y. Li et al., “Codegeex:
A pre-trained model for code generation with mul-
tilingual evaluations on humaneval-x,”
arXiv:2303.17568, 2023.

S. Biderman, H. Schoelkopf, Q. Anthony, H. Bradley,
K. O'Brien, E. Hallahan, M. A. Khan, S. Purohit, U. S.
Prashanth, E. Raff et al., “Pythia: A suite for analyz-

arXiv preprint



AXFENF. BR. REEHA RUC Al Box FiF, HRAREASRKLAMESHIIIEERE. 41

[102]

[103]

[104]

[105]

[106]

[107]

[108]

ing large language models across training and scaling,”
arXiv preprint arXiv:2304.01373, 2023.

D. Lepikhin, H. Lee, Y. Xu, D. Chen, O. Firat,
Y. Huang, M. Krikun, N. Shazeer, and Z. Chen,
“Gshard: Scaling giant models with conditional com-
putation and automatic sharding,” in 9th International
Conference on Learning Representations, ICLR 2021,
Virtual Event, Austria, May 3-7, 2021, 2021.

Y. Sun, S. Wang, S. Feng, S. Ding, C. Pang, J. Shang,
J. Liu, X. Chen, Y. Zhao, Y. Lu, W. Liu, Z. Wu,
W. Gong, J. Liang, Z. Shang, P. Sun, W. Liu,
X. Ouyang, D. Yu, H. Tian, H. Wu, and H. Wang,
“ERNIE 3.0: Large-scale knowledge enhanced pre-
training for language understanding and generation,”
CoRR, vol. abs/2107.02137, 2021.

O. Lieber, O. Sharir, B. Lenz, and Y. Shoham,
“Jurassic-1: Technical details and evaluation,” White
Paper. AI21 Labs, vol. 1, 2021.

Kim, H. Kim, S. Lee, G. Lee, D. Kwak, D. H. Jeon,
Park, S. Kim, S. Kim, D. Seo, H. Lee, M. Jeong,
Lee, M. Kim, S. Ko, S. Kim, T. Park, J. Kim,
Kang, N. Ryu, K. M. Yoo, M. Chang, S. Suh,
S. In, J. Park, K. Kim, H. Kim, J. Jeong, Y. G. Yeo,
D. Ham, D. Park, M. Y. Lee, J. Kang, I. Kang, J. Ha,
W. Park, and N. Sung, “What changes can large-scale

B.
S.
S.
S.

language models bring? intensive study on hyperclova:
Billions-scale korean generative pretrained transform-
ers,” in Proceedings of the 2021 Conference on Empirical
Methods in Natural Language Processing, EMNLP 2021,
Virtual Event / Punta Cana, Dominican Republic, 7-
11 November, 2021.
Linguistics, 2021.

S. Wu, X. Zhao, T. Yu, R. Zhang, C. Shen, H. Liu, F. Li,
H. Zhu, J. Luo, L. Xu et al., “Yuan 1.0: Large-scale
pre-trained language model in zero-shot and few-shot
learning,” arXiv preprint arXiv:2110.04725, 2021.

A. Askell, Y. Bai, A. Chen, D. Drain, D. Ganguli,
T. Henighan, A. Jones, N. Joseph, B. Mann, N. Das-
Sarma, N. Elhage, Z. Hatfield-Dodds, D. Hernandez,
J. Kernion, K. Ndousse, C. Olsson, D. Amodei, T. B.
Brown, J. Clark, S. McCandlish, C. Olah, and J. Ka-
plan, “A general language assistant as a laboratory for
alignment,” CoRR, vol. abs/2112.00861, 2021.

S. Wang, Y. Sun, Y. Xiang, Z. Wu, S. Ding, W. Gong,
S. Feng, J. Shang, Y. Zhao, C. Pang, J. Liu, X. Chen,
Y. Lu, W. Liu, X. Wang, Y. Bai, Q. Chen, L. Zhao,
S. Li, P. Sun, D. Yu, Y. Ma, H. Tian, H. Wu, T. Wu,

Association for Computational

[109]

[110]

[111]

[112]

[113]

[114]

W. Zeng, G. Li, W. Gao, and H. Wang, “ERNIE 3.0
titan: Exploring larger-scale knowledge enhanced pre-
training for language understanding and generation,”
CoRR, vol. abs/2112.12731, 2021.

N. Du, Y. Huang, A. M. Dai, S. Tong, D. Lepikhin,
Y. Xu, M. Krikun, Y. Zhou, A. W. Yu, O. Firat,
B. Zoph, L. Fedus, M. P. Bosma, Z. Zhou, T. Wang,
Y. E. Wang, K. Webster, M. Pellat, K. Robinson, K. S.
Meier-Hellstern, T. Duke, L. Dixon, K. Zhang, Q. V. Le,
Y. Wu, Z. Chen, and C. Cui, “Glam: Efficient scaling of

” in Interna-

language models with mixture-of-experts,
tional Conference on Machine Learning, ICML 2022,
17-23 July 2022, Baltimore, Maryland, USA, 2022, pp.
5547-5569.

S. Smith, M. Patwary, B. Norick, P. LeGresley, S. Rajb-
handari, J. Casper, Z. Liu, S. Prabhumoye, G. Zerveas,
V. Korthikanti, E. Zheng, R. Child, R. Y. Aminabadi,
J. Bernauer, X. Song, M. Shoeybi, Y. He, M. Hous-
ton, S. Tiwary, and B. Catanzaro, “Using deepspeed
and megatron to train megatron-turing NLG 530b,
A large-scale generative language model,” CoRR, vol.
abs/2201.11990, 2022.

Y. Li, D. H. Choi, J. Chung, N. Kushman, J. Schrit-
twieser, R. Leblond, T. Eccles, J. Keeling, F. Gi-
meno, A. D. Lago, T. Hubert, P. Choy, C. de Mas-
son d’Autume, I. Babuschkin, X. Chen, P. Huang,
J. Welbl, S. Gowal, A. Cherepanov, J. Molloy, D. J.
Mankowitz, E. S. Robson, P. Kohli, N. de Freitas,
K. Kavukcuoglu, and O. Vinyals, “Competition-level
code generation with alphacode,” Science, 2022.

S. Soltan, S. Ananthakrishnan, J. FitzGerald, R. Gupta,
W. Hamza, H. Khan, C. Peris, S. Rawls, A. Rosenbaum,
A. Rumshisky, C. S. Prakash, M. Sridhar, F. Triefen-
bach, A. Verma, G. Tiir, and P. Natarajan, “Alexatm
20b: Few-shot learning using a large-scale multilingual
seq2seq model,” CoRR, vol. abs/2208.01448, 2022.

A. Glaese, N. McAleese, M. Trebacz, J. Aslanides,
V. Firoiu, T. Ewalds, M. Rauh, L. Weidinger, M. Chad-
wick, P. Thacker, L. Campbell-Gillingham, J. Ue-
sato, P. Huang, R. Comanescu, F. Yang, A. See,
S. Dathathri, R. Greig, C. Chen, D. Fritz, J. S. Elias,
R. Green, S. Mokra, N. Fernando, B. Wu, R. Foley,
S. Young, I. Gabriel, W. Isaac, J. Mellor, D. Hass-
abis, K. Kavukcuoglu, L. A. Hendricks, and G. Irving,
“Improving alignment of dialogue agents via targeted
human judgements,” CoRR, vol. abs/2209.14375, 2022.
H. Su, X. Zhou, H. Yu, Y. Chen, Z. Zhu, Y. Yu,



AXFENF. BR. REEHA RUC Al Box FiF, HRAREASRKLAMESHIIIEERE. 42

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

and J. Zhou, “Welm: A well-read pre-trained language
model for chinese,” CoRR, vol. abs/2209.10372, 2022.
Y. Tay, J. Wei, H. W. Chung, V. Q. Tran, D. R. So,
S. Shakeri, X. Garcia, H. S. Zheng, J. Rao, A. Chowdh-
ery, D. Zhou, D. Metzler, S. Petrov, N. Houlsby, Q. V.
Le, and M. Dehghani, “Transcending scaling laws with
0.1% extra compute,” CoRR, vol. abs/2210.11399, 2022.
X. Ren, P. Zhou, X. Meng, X. Huang, Y. Wang,
W. Wang, P. Li, X. Zhang, A. Podolskiy, G. Arshinov,
A. Bout, I. Piontkovskaya, J. Wei, X. Jiang, T. Su,
Q. Liu, and J. Yao, “Pangu-3: Towards trillion parame-
ter language model with sparse heterogeneous comput-
ing,” CoRR, vol. abs/2303.10845, 2023.

L. Huawei Technologies Co., “Huawei mindspore ai
development framework,” in Artificial Intelligence Tech-
nology. Springer, 2022, pp. 137-162.

R. Taori, I. Gulrajani, T. Zhang, Y. Dubois, X. Li,
C. Guestrin, P. Liang, and T. B. Hashimoto, “Stan-
ford alpaca: An instruction-following llama model,”
https://github.com/tatsu-lab/stanford alpaca, 2023.
W.-L. Chiang, Z. Li, Z. Lin, Y. Sheng, Z. Wu, H. Zhang,
L. Zheng, S. Zhuang, Y. Zhuang, J. E. Gonzalez,
I. Stoica, and E. P. Xing, “Vicuna: An open-source
chatbot impressing gpt-4 with 90%* chatgpt quality,”
2023. [Online]. Available: https://vicuna.lmsys.org
2023. [Online]. Available: https://github.com/nebuly-

ai/nebullvm /tree/main/apps/accelerate/chatllama

Y. You, “Colossalchat: An open-source
solution for cloning chatgpt with a
complete rlhf pipeline,” 2023. [Online].
Available: https://medium.com/@yangyou_ berkeley/

colossalchat-an-open-source-solution-for-cloning-
chatgpt-with-a-complete-rlhf-pipeline-5edf08tb538b
Y. Zhu, R. Kiros, R. S. Zemel, R. Salakhutdinov,
R. Urtasun, A. Torralba, and S. Fidler, “Aligning books
and movies: Towards story-like visual explanations by
watching movies and reading books,” in 2015 IEEE
International Conference on Computer Vision, ICCV
2015, Santiago, Chile, December 7-13, 2015. IEEE
Computer Society, 2015, pp. 19-27.

“Project gutenberg.” [Online]. Available: https://www.
sutenberg.org/

T. H. Trinh and Q. V. Le, “A simple method for
commonsense reasoning,” CoRR, vol. abs/1806.02847,
2018.

R. Zellers, A. Holtzman, H. Rashkin, Y. Bisk,
A. Farhadi, F. Roesner, and Y. Choi, “Defending

[126]

[127]

[128

[129

[130]

[131]

[132]

[133]

[134]

[135]

against neural fake news,” in Advances in Neural
Information Processing Systems 32: Annual Confer-
ence on Neural Information Processing Systems 2019,
NeurIPS 2019, December 8-14, 2019, Vancouver, BC,
Canada, H. M. Wallach, H. Larochelle, A. Beygelzimer,
F. d’Alché-Buc, E. B. Fox, and R. Garnett, Eds., 2019,
pp. 9051-9062.

A. Gokaslan, V. C. E. Pavlick, and S. Tellex,
“Openwebtext corpus,”  http://Skylion007.github.io/
OpenWebTextCorpus, 2019.

J. Baumgartner, S. Zannettou, B. Keegan, M. Squire,
and J. Blackburn, “The pushshift reddit dataset,” in
Proceedings of the Fourteenth International AAAI Con-
ference on Web and Social Media, ICWSM 2020, Held
Virtually, Original Venue: Atlanta, Georgia, USA, June
8-11, 2020. AAAIT Press, 2020, pp. 830-839.
“Wikipedia.” [Online]. Available: https://en.wikipedia.
org/wiki/Main_Page

“Bigquery dataset.” [Online]. Available: https://cloud.
soogle.com/bigquery?hl=zh-cn

L. Gao, S. Biderman, S. Black, L. Golding, T. Hoppe,
C. Foster, J. Phang, H. He, A. Thite, N. Nabeshima,
S. Presser, and C. Leahy, “The pile: An 800gb dataset
of diverse text for language modeling,” CoRR, vol.
abs/2101.00027, 2021.

H. Laurengon, L. Saulnier, T. Wang, C. Akiki, A. V. del
Moral, T. Le Scao, L. Von Werra, C. Mou, E. G. Ponfer-
rada, H. Nguyen et al., “The bigscience roots corpus: A
1.6 tb composite multilingual dataset,” in Thirty-sizth
Conference on Neural Information Processing Systems
Datasets and Benchmarks Track, 2022.

“Common crawl”  [Online].  Available:  https:
//commoncrawl.org/

“A reproduction version of cc-stories on hugging face.”
[Online]. Available: https://huggingface.co/datasets/
spacemanidol /cc-stories

B. Wang and A. Komatsuzaki, “GPT-J-6B: A 6 Billion
Parameter Autoregressive Language Model,” https://
oithub.com/kingoflolz /mesh-transformer-jax, 2021.

T. Wolf, L. Debut, V. Sanh, J. Chaumond, C. Delangue,
A. Moi, P. Cistac, T. Rault, R. Louf, M. Funtowicz,
J. Davison, S. Shleifer, P. von Platen, C. Ma, Y. Jernite,
J. Plu, C. Xu, T. L. Scao, S. Gugger, M. Drame,
Q. Lhoest, and A. M. Rush, “Transformers: State-of-

9

the-art natural language processing,” in Proceedings of
the 2020 Conference on Empirical Methods in Natural

Language Processing: System Demonstrations, EMNLP


https://github.com/tatsu-lab/stanford_alpaca
https://vicuna.lmsys.org
https://github.com/nebuly-ai/nebullvm/tree/main/apps/accelerate/chatllama
https://github.com/nebuly-ai/nebullvm/tree/main/apps/accelerate/chatllama
https://medium.com/@yangyou_berkeley/colossalchat-an-open-source-solution-for-cloning-chatgpt-with-a-complete-rlhf-pipeline-5edf08fb538b
https://medium.com/@yangyou_berkeley/colossalchat-an-open-source-solution-for-cloning-chatgpt-with-a-complete-rlhf-pipeline-5edf08fb538b
https://medium.com/@yangyou_berkeley/colossalchat-an-open-source-solution-for-cloning-chatgpt-with-a-complete-rlhf-pipeline-5edf08fb538b
https://www.gutenberg.org/
https://www.gutenberg.org/
http://Skylion007.github.io/OpenWebTextCorpus
http://Skylion007.github.io/OpenWebTextCorpus
https://en.wikipedia.org/wiki/Main_Page
https://en.wikipedia.org/wiki/Main_Page
https://cloud.google.com/bigquery?hl=zh-cn
https://cloud.google.com/bigquery?hl=zh-cn
https://commoncrawl.org/
https://commoncrawl.org/
https://huggingface.co/datasets/spacemanidol/cc-stories
https://huggingface.co/datasets/spacemanidol/cc-stories
https://github.com/kingoflolz/mesh-transformer-jax
https://github.com/kingoflolz/mesh-transformer-jax

AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 43

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

2020 - Demos, Online, November 16-20, 2020. Associ-
ation for Computational Linguistics, 2020, pp. 38—45.
J. Bradbury, R. Frostig, P. Hawkins, M. J. Johnson,
D. Maclaurin, G. Necula, A. Paszke,
J. VanderPlas, S. Wanderman-Milne, and Q. Zhang,
“JAX: composable transformations of Python+NumPy
programs,” 2018. [Online]. Available: http://github.
com/google/jax

Z. Bian, H. Liu, B. Wang, H. Huang, Y. Li, C. Wang,
F. Cui, and Y. You, “Colossal-ai: A unified deep learning

C. Leary,

system for large-scale parallel training,” CoRR, vol.
abs/2110.14883, 2021.
Y. Yu, S. Li, Y. You, and J. Zhou,

“Patrickstar: Parallel training of pre-trained models

J. Fang,

via a chunk-based memory management,” CoRR, vol.
abs/2108.05818, 2021.

“Bmtrain: Effient training for big models.” [Online].
Available: https://github.com/OpenBMB/BMTrain

J. He, J. Qiu, A. Zeng, Z. Yang, J. Zhai, and J. Tang,
“Fastmoe: A fast mixture-of-expert training system,”
CoRR, vol. abs/2103.13262, 2021.

A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury,
G. Chanan, T. Killeen, Z. Lin, N. Gimelshein, L. Antiga,
A. Desmaison, A. Kopf, E. Z. Yang, Z. DeVito, M. Rai-
son, A. Tejani, S. Chilamkurthy, B. Steiner, L. Fang,
J. Bai, and S. Chintala, “Pytorch: An imperative style,
high-performance deep learning library,” in Advances
in Neural Information Processing Systems 82: Annual
Conference on Neural Information Processing Systems
2019, NeurIPS 2019, December 8-14, 2019, Vancouver,
BC, Canada, H. M. Wallach, H. Larochelle, A. Beygelz-
imer, F. d’Alché-Buc, E. B. Fox, and R. Garnett, Eds.,
2019, pp. 8024-8035.

M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis,
J. Dean, M. Devin, S. Ghemawat, G. Irving, M. Is-
ard, M. Kudlur, J. Levenberg, R. Monga, S. Moore,
D. G. Murray, B. Steiner, P. A. Tucker, V. Vasudevan,
P. Warden, M. Wicke, Y. Yu, and X. Zheng, “Ten-
sorflow: A system for large-scale machine learning,” in
12th USENIX Symposium on Operating Systems Design
and Implementation, OSDI 2016, Savannah, GA, USA,
November 2-4, 2016, K. Keeton and T. Roscoe, Eds.
USENIX Association, 2016, pp. 265—283.

T. Chen, M. Li, Y. Li, M. Lin, N. Wang, M. Wang,
T. Xiao, B. Xu, C. Zhang, and Z. Zhang, “Mxnet: A flex-
ible and efficient machine learning library for heteroge-
neous distributed systems,” CoRR, vol. abs/1512.01274,

[144]

[145]

[146]

[147)

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

2015.

Y. Ma, D. Yu, T. Wu, and H. Wang, “Paddlepaddle:
An open-source deep learning platform from industrial
practice,” Frontiers of Data and Domputing, vol. 1,
no. 1, p. 105, 2019.

J. Yuan, X. Li, C. Cheng, J. Liu, R. Guo, S. Cai, C. Yao,
F. Yang, X. Yi, C. Wu, H. Zhang, and J. Zhao, “One-
flow: Redesign the distributed deep learning framework
from scratch,” CoRR, vol. abs/2110.15032, 2021.

S. Roller, E. Dinan, N. Goyal, D. Ju, M. Williamson,
Y. Liu, J. Xu, M. Ott, E. M. Smith, Y. Boureau,
and J. Weston, “Recipes for building an open-domain
chatbot,” in Proceedings of the 16th Conference of the
European Chapter of the Association for Computational
Linguistics: Main Volume, EACL 2021, Online, April 19
- 28, 2021, 2021, pp. 300-325.

A. Lewkowycz, A. Andreassen, D. Dohan, E. Dyer,
H. Michalewski, V. V. Ramasesh, A. Slone, C. Anil,
I. Schlag, T. Gutman-Solo, Y. Wu, B. Neyshabur,
G. Gur-Ari, and V. Misra, “Solving quantitative rea-
soning problems with language models,” CoRR, vol.
abs/2206.14858, 2022.

T. Saier, J. Krause, and M. Férber, “unarxive 2022:
All arxiv publications pre-processed for nlp, includ-
ing structured full-text and citation network,” arXiv
preprint arXiv:2303.14957, 2023.

H. A. Simon, “Experiments with a heuristic compiler,”
J. ACM, vol. 10, no. 4, pp. 493-506, 1963.

Z. Manna and R. J. Waldinger, “Toward automatic
program synthesis,” Commun. ACM, vol. 14, no. 3, pp.
151-165, 1971.

Z. Feng, D. Guo, D. Tang, N. Duan, X. Feng, M. Gong,
L. Shou, B. Qin, T. Liu, D. Jiang, and M. Zhou, “Code-
bert: A pre-trained model for programming and natural
languages,” in Findings of EMNLP, 2020.

J. Austin, A. Odena, M. L. M. Bosma,
H. Michalewski, D. Dohan, E. Jiang, C. J. Cai, M. Terry,
Q. V. Le, and C. Sutton, “Program synthesis with large
language models,” CoRR, vol. abs/2108.07732, 2021.

S. Black, L. Gao, P. Wang, C. Leahy, and S. Biderman,
“GPT-Neo: Large Scale Autoregressive Language Mod-
eling with Mesh-Tensorflow,” 2021.

F. F. Xu, U. Alon, G. Neubig, and V. J. Hellendoorn,
“A systematic evaluation of large language models of
code,” in MAPS@PLDI, 2022.

D. Fried, A. Aghajanyan, J. Lin, S. Wang, E. Wallace,
F. Shi, R. Zhong, W. Yih, L. Zettlemoyer, and M. Lewis,

Nye,


http://github.com/google/jax
http://github.com/google/jax
https://github.com/OpenBMB/BMTrain

AXFENF. BR. REEHA RUC Al Box FiF, HRAREASRKLAMESHIIIEERE. 44

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

“Incoder: A generative model for code infilling and
synthesis,” in ICLR, 2023.

A. Madaan, S. Zhou, U. Alon, Y. Yang, and G. Neu-
big, “Language models of code are few-shot common-
sense learners,” in Proceedings of the 2022 Conference
on Empirical Methods in Natural Language Process-
ing, EMNLP 2022, Abu Dhabi, United Arab Emirates,
December 7-11, 2022, Y. Goldberg, Z. Kozareva, and
Y. Zhang, Eds.  Association for Computational Lin-
guistics, 2022, pp. 1384-1403.

Y. Wu, A. Q. Jiang, W. Li, M. N. Rabe, C. Staats,
M. Jamnik, and C. Szegedy, “Autoformalization with
large language models,” CoRR, vol. abs/2205.12615,
2022.

D. Hernandez, T. B. Brown, T. Conerly, N. DasSarma,
D. Drain, S. E. Showk, N. Elhage, Z. Hatfield-Dodds,
T. Henighan, T. Hume, S. Johnston, B. Mann, C. Olah,
C. Olsson, D. Amodei, N. Joseph, J. Kaplan, and S. Mc-
Candlish, “Scaling laws and interpretability of learning
from repeated data,” CoRR, vol. abs/2205.10487, 2022.
A. Holtzman, J. Buys, L. Du, M. Forbes, and Y. Choi,
“The curious case of neural text degeneration,” in 8th
International Conference on Learning Representations,
ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020.
OpenReview.net, 2020.

K. Lee, D. Ippolito, A. Nystrom, C. Zhang, D. Eck,
C. Callison-Burch, and N. Carlini, “Deduplicating train-
ing data makes language models better,” in Proceedings
of the 60th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers), ACL
2022, Dublin, Ireland, May 22-27, 2022, 2022, pp. 8424—
8445.

N. Carlini, D. Ippolito, M. Jagielski, K. Lee, F. Tramer,
and C. Zhang, “Quantifying memorization across neural
language models,” CoRR, 2022.

N. Carlini, F. Tramer, E. Wallace, M. Jagielski, A. Her-
bert-Voss, K. Lee, A. Roberts, T. B. Brown, D. Song,
U. Erlingsson, A. Oprea, and C. Raffel, “Extracting
training data from large language models,” in 30th
USENIX Security Symposium, USENIX Security 2021,
August 11-13, 2021, 2021, pp. 2633—-2650.

N. Kandpal, E. Wallace, and C. Raffel, “Deduplicating
training data mitigates privacy risks in language mod-
els,” in International Conference on Machine Learning,
ICML 2022, 17-23 July 2022, Baltimore, Maryland,
USA. PMLR, 2022, pp. 10697-10 707.

T. Kudo and J. Richardson, “Sentencepiece: A simple

[165]

[166]

[167]

[168]

[169]

[170]

[171]

and language independent subword tokenizer and deto-
kenizer for neural text processing,” in Proceedings of
the 2018 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2018: System Demon-
strations, Brussels, Belgium, October 31 - November
4, 2018, E. Blanco and W. Lu, Eds.
Computational Linguistics, 2018.

R. Sennrich, B. Haddow, and A. Birch, “Neural machine
translation of rare words with subword units,” in Pro-
ceedings of the 54th Annual Meeting of the Association
for Computational Linguistics, ACL 2016, August 7-12,
The

Association for

2016, Berlin, Germany, Volume 1: Long Papers.
Association for Computer Linguistics, 2016.

M. Davis and M. Diirst, “Unicode normalization forms,”
2001.

D. Paperno, G. Kruszewski, A. Lazaridou, Q. N. Pham,
R. Bernardi, S. Pezzelle, M. Baroni, G. Boleda, and
R. Fernandez, “The LAMBADA dataset: Word predic-
tion requiring a broad discourse context,” in ACL (1).
The Association for Computer Linguistics, 2016.

P. Nakkiran, G. Kaplun, Y. Bansal, T. Yang, B. Barak,
and I. Sutskever, “Deep double descent: Where bigger
models and more data hurt,” in 8th International Con-
ference on Learning Representations, ICLR 2020, Addis
Ababa, Ethiopia, April 26-30, 2020.
2020.

L. Dong, N. Yang, W. Wang, F. Wei, X. Liu, Y. Wang,
J. Gao, M. Zhou, and H. Hon,

model pre-training for natural language understanding

OpenReview.net,

“Unified language

and generation,” in Advances in Neural Information
Processing Systems 32: Annual Conference on Neural
Information Processing Systems 2019, NeurIPS 2019,
December 8-14, 2019, Vancouwver, BC, Canada, 2019,
pp. 13042-13054.

A. Clark, D. de Las Casas, A. Guy, A. Mensch,
M. Paganini, J. Hoffmann, B. Damoc, B. A. Hecht-
man, T. Cai, S. Borgeaud, G. van den Driessche,
E. Rutherford, T. Hennigan, M. J. Johnson, A. Cassirer,
C. Jones, E. Buchatskaya, D. Budden, L. Sifre, S. Osin-
dero, O. Vinyals, M. Ranzato, J. W. Rae, E. Elsen,
K. Kavukcuoglu, and K. Simonyan, “Unified scaling
laws for routed language models,” in International Con-
ference on Machine Learning, ICML 2022, 17-23 July
2022, Baltimore, Maryland, USA, 2022, pp. 4057-4086.
M. Ding, Z. Yang, W. Hong, W. Zheng, C. Zhou, D. Yin,
J. Lin, X. Zou, Z. Shao, H. Yang, and J. Tang, “Cogview:

Mastering text-to-image generation via transformers,”



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 45

[172]

[173]

[174]

[175]

[176]

[177]

[178]

[179]

[180]

[181]

[182]

in Advances in Neural Information Processing Systems
34: Annual Conference on Neural Information Process-
ing Systems 2021, NeurIPS 2021, December 6-1/, 2021,
virtual, 2021, pp. 19 822-19 835.

L. J. Ba, J. R. Kiros, and G. E. Hinton, “Layer normal-
ization,” vol. abs/1607.06450, 2016.

B. Zhang and R. Sennrich, “Root mean square layer
normalization,” in Advances in Neural Information Pro-
cessing Systems 32: Annual Conference on Neural In-
formation Processing Systems 2019, NeurIPS 2019, De-
cember 8-14, 2019, Vancowver, BC, Canada, 2019, pp.
12360-12371.

H. Wang, S. Ma, L. Dong, S. Huang, D. Zhang, and
F. Wei, “Deepnet: Scaling transformers to 1, 000 layers,”
vol. abs/2203.00555, 2022.

V. Nair and G. E. Hinton, “Rectified linear units im-

prove restricted boltzmann machines,”

in Proceedings
of the 27th international conference on machine learning
(ICML-10), 2010, pp. 807-814.

A. Wang, A. Singh, J. Michael, F. Hill, O. Levy,
“GLUE: A multi-task bench-

mark and analysis platform for natural language un-

and S. R. Bowman,

derstanding,” in Proceedings of the Workshop: Analyz-
ing and Interpreting Neural Networks for NLP, Black-
boxNLP@QEMNLP 2018, Brussels, Belgium, November
1, 2018, T. Linzen, G. Chrupala, and A. Alishahi, Eds.
Association for Computational Linguistics, 2018, pp.
353-355.

P. Ramachandran, B. Zoph, and Q. V. Le,
“Searching for activation functions,” arXiv preprint
arXiv:1710.05941, 2017.

N. Shazeer, “GLU variants improve transformer,” vol.
abs,/2002.05202, 2020.

J. Su, Y. Lu, S. Pan, B. Wen, and Y. Liu, “Roformer:
Enhanced transformer with rotary position embed-
ding,” vol. abs/2104.09864, 2021.

O. Press, N. A. Smith, and M. Lewis, “Train short,
test long: Attention with linear biases enables input
length extrapolation,” in The Tenth International Con-
ference on Learning Representations, ICLR 2022, Vir-
tual Event, April 25-29, 2022, 2022.

R. Xiong, Y. Yang, D. He, K. Zheng, S. Zheng, C. Xing,
H. Zhang, Y. Lan, L. Wang, and T. Liu, “On layer nor-
malization in the transformer architecture,” in ICML,
2020.

T. L. Scao, T. Wang, D. Hesslow, S. Bekman, M. S. Bari,
S. Biderman, H. Elsahar, N. Muennighoff, J. Phang,

[183]

[184]

[185)]

[186]

[187]

[188]

[189)]

[190]

[191]

[192]

O. Press, C. Raffel, V. Sanh, S. Shen, L. Sutawika,
J. Tae, Z. X. Yong, J. Launay, and 1. Beltagy, “What
language model to train if you have one million GPU
hours?” in Findings of the Association for Computa-
tional Linguistics: EMNLP 2022, Abu Dhabi, United
Arab Emirates, December 7-11, 2022, 2022, pp. 765-782.
D. Hendrycks and K. Gimpel, “Gaussian error linear
units (gelus),” arXiv preprint arXiv:1606.08415, 2016.
Y. N. Dauphin, A. Fan, M. Auli, and D. Grangier, “Lan-
guage modeling with gated convolutional networks,” in
Proceedings of the 34th International Conference on Ma-
chine Learning, ICML 2017, Sydney, NSW, Australia,
6-11 August 2017, 2017, pp. 933-941.

S. Narang, H. W. Chung, Y. Tay, L. Fedus, T. Févry,
M. Matena, K. Malkan, N. Fiedel, N. Shazeer, Z. Lan,
Y. Zhou, W. Li, N. Ding, J. Marcus, A. Roberts, and
C. Raffel, “Do transformer modifications transfer across
implementations and applications?” in Proceedings of
the 2021 Conference on Empirical Methods in Natu-
ral Language Processing, EMNLP 2021, Virtual Fvent
/ Punta Cana, Dominican Republic, 7-11 November,
2021, 2021, pp. 5758-5773.

R. Child, S. Gray, A. Radford, and I. Sutskever, “Gener-
ating long sequences with sparse transformers,” CoRR,
vol. abs/1904.10509, 2019.

H. Peng, N. Pappas, D. Yogatama, R. Schwartz, N. A.
Smith, and L. Kong, “Random feature attention,” in 9th
International Conference on Learning Representations,
ICLR 2021, Virtual Event, Austria, May 3-7, 2021.

M. Zaheer, G. Guruganesh, K. A. Dubey, J. Ainslie,
C. Alberti, S. Ontanén, P. Pham, A. Ravula, Q. Wang,
L. Yang, and A. Ahmed, “Big bird: Transformers for

i

longer sequences,” in Advances in Neural Information
Processing Systems 33: Annual Conference on Neural
Information Processing Systems 2020, NeurIPS 2020,
December 6-12, 2020, virtual, 2020.

T. Dao, D. Y. Fu, S. Ermon, A. Rudra, and C. Re,
“Flashattention: Fast and memory-efficient exact atten-
tion with IO-awareness,” in NeurIPS, 2022.

D. P. Kingma and J. Ba, “Adam: A method for stochas-
tic optimization,” in 8rd International Conference on
Learning Representations, ICLR 2015, San Diego, CA,
USA, May 7-9, 2015, Conference Track Proceedings,
Y. Bengio and Y. LeCun, Eds., 2015.

I. Loshchilov and F. Hutter, “Fixing weight decay regu-
larization in adam,” CoRR, vol. abs/1711.05101, 2017.

N. Shazeer and M. Stern, “Adafactor: Adaptive learning



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 46

193]

[194]

[195]

[196]

[197]

[198]

[199]

[200]

201]

rates with sublinear memory cost,” in Proceedings of
the 35th International Conference on Machine Learning,
ICML 2018, Stockholmsmdssan, Stockholm, Sweden,
July 10-15, 2018, ser. Proceedings of Machine Learn-
ing Research, J. G. Dy and A. Krause, Eds., vol. 80.
PMLR, 2018, pp. 4603-4611.

Y. Huang, Y. Cheng, A. Bapna, O. Firat, D. Chen,
M. X. Chen, H. Lee, J. Ngiam, Q. V. Le, Y. Wu,
and Z. Chen, “Gpipe: Efficient training of giant neu-
ral networks using pipeline parallelism,” in Advances
in Neural Information Processing Systems 32: Annual
Conference on Neural Information Processing Systems
2019, NeurIPS 2019, December 8-14, 2019, Vancouver,
BC, Canada, H. M. Wallach, H. Larochelle, A. Beygelz-
imer, F. d’Alché-Buc, E. B. Fox, and R. Garnett, Eds.,
2019, pp. 103-112.

A. Harlap, D. Narayanan, A. Phanishayee, V. Seshadri,
N. R. Devanur, G. R. Ganger, and P. B. Gibbons,
“Pipedream: Fast and efficient pipeline parallel DNN
training,” CoRR, vol. abs/1806.03377, 2018.

S. Rajbhandari, J. Rasley, O. Ruwase, and Y. He,
“Zero: memory optimizations toward training trillion
parameter models,” in Proceedings of the International
Conference for High Performance Computing, Network-
ing, Storage and Analysis, SC 2020, Virtual Fvent /
Atlanta, Georgia, USA, November 9-19, 2020, C. Cuic-
chi, I. Qualters, and W. T. Kramer, Eds. IEEE/ACM,
2020, p. 20.

P. Micikevicius, S. Narang, J. Alben, G. F. Di-
amos, E. Elsen, D. Garcia, B. Ginsburg, M. Houston,
0. Kuchaiev, G. Venkatesh, and H. Wu, “Mixed preci-
sion training,” CoRR, vol. abs/1710.03740, 2017.

Q. Xu, S. Li, C. Gong, and Y. You, “An efficient 2d
method for training super-large deep learning models,”
CoRR, vol. abs/2104.05343, 2021.

B. Wang, Q. Xu, Z. Bian, and Y. You, “Tesseract:
Parallelize the tensor parallelism efficiently,” in Pro-
ceedings of the 51st International Conference on Parallel
Processing, ICPP 2022, Bordeauzx, France, 29 August
2022 - 1 September 2022. ACM, 2022.

Z. Bian, Q. Xu, B. Wang, and Y. You, “Maximizing
parallelism in distributed training for huge neural net-
works,” CoRR, vol. abs/2105.14450, 2021.

S. Li, F. Xue, C. Baranwal, Y. Li, and Y. You, “Se-
quence parallelism: Long sequence training from system
perspective,” arXiv e-prints, pp. arXiv-2105, 2021.

FairScale authors, “Fairscale: A general purpose mod-

[202]

203]

204]

205]

206]

207]

208

209]

[210]

ular pytorch library for high performance and large
scale training,” https://github.com/facebookresearch/
fairscale, 2021.

L. Zheng, Z. Li, H. Zhang, Y. Zhuang, Z. Chen,
Y. Huang, Y. Wang, Y. Xu, D. Zhuo, E. P. Xing et al.,
“Alpa: Automating inter-and {Intra-Operator} paral-
lelism for distributed deep learning,” in OSDI, 2022, pp.
559-578.

T. Chen, B. Xu, C. Zhang, and C. Guestrin, “Training
deep nets with sublinear memory cost,” CoRR, vol.
abs/1604.06174, 2016.

Z. Yao, C. Li, X. Wu, S. Youn, and Y. He, “A com-
prehensive study on post-training quantization for large
language models,” CoRR, vol. abs/2303.08302, 2023.

T. Dettmers, M. Lewis, Y. Belkada, and L. Zettlemoyer,
“Llm.int8(): 8-bit matrix multiplication for transform-
ers at scale,” CoRR, vol. abs/2208.07339, 2022.

C. Tao, L. Hou, W. Zhang, L. Shang, X. Jiang, Q. Liu,
P. Luo, and N. Wong, “Compression of generative pre-
trained language models via quantization,” in Proceed-
ings of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
ACL 2022, Dublin, Ireland, May 22-27, 2022, S. Mure-
san, P. Nakov, and A. Villavicencio, Eds.
for Computational Linguistics, 2022, pp. 4821-4836.

S. Mishra, D. Khashabi, C. Baral, and H. Hajishirzi,

“Cross-task generalization via natural language crowd-

Association

sourcing instructions,” in Proceedings of the 60th An-
nual Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), ACL 2022, Dublin,
Ireland, May 22-27, 2022, S. Muresan, P. Nakov, and
A. Villavicencio, Eds., 2022, pp. 3470-3487.

Q. Ye, B. Y. Lin, and X. Ren, “Crossfit: A few-shot
learning challenge for cross-task generalization in NLP,”
in EMNLP (1).
guistics, 2021, pp. 7163-7189.

S. H. Bach, V. Sanh, Z. X. Yong, A. Webson, C. Raffel,
N. V. Nayak, A. Sharma, T. Kim, M. S. Bari, T. Févry,
Z. Alyafeai, M. Dey, A. Santilli, Z. Sun, S. Ben-David,
C. Xu, G. Chhablani, H. Wang, J. A. Fries, M. S.
AlShaibani, S. Sharma, U. Thakker, K. Almubarak,
X. Tang, D. R. Radev, M. T. Jiang, and A. M. Rush,

“Promptsource: An integrated development environ-

Association for Computational Lin-

ment and repository for natural language prompts,” in
ACL (demo). Association for Computational Linguis-
tics, 2022, pp. 93-104.

V. Aribandi, Y. Tay, T. Schuster, J. Rao, H. S. Zheng,


https://github.com/facebookresearch/fairscale
https://github.com/facebookresearch/fairscale

AXFENF. BR. REEHA RUC Al Box FiF, HRAREASRKLAMESHIIIEERE. 47

[211]

[212]

213]

214]

[215]

[216]

[217]

[218]

[219]

[220]

S. V. Mehta, H. Zhuang, V. Q. Tran, D. Bahri, J. Ni,
J. P. Gupta, K. Hui, S. Ruder, and D. Metzler, “Ext5:
Towards extreme multi-task scaling for transfer learn-
ing,” in ICLR. OpenReview.net, 2022.

T. Xie, C. H. Wu, P. Shi, R. Zhong, T. Scholak, M. Ya-
sunaga, C. Wu, M. Zhong, P. Yin, S. I. Wang, V. Zhong,
B. Wang, C. Li, C. Boyle, A. Ni, Z. Yao, D. Radev,
C. Xiong, L. Kong, R. Zhang, N. A. Smith, L. Zettle-
moyer, and T. Yu, “Unifiedskg: Unifying and multi-
tasking structured knowledge grounding with text-to-
text language models,” in EMNLP.
Computational Linguistics, 2022, pp. 602-631.

T. Tang, J. Li, W. X. Zhao, and J. Wen, “MVP:
multi-task supervised pre-training for natural language
generation,” CoRR, vol. abs/2206.12131, 2022.

R. Lou, K. Zhang, and W. Yin, “Is prompt all you need?

Association for

no. A comprehensive and broader view of instruction
learning,” CoRR, vol. abs/2303.10475, 2023.

X. Liu, P. He, W. Chen, and J. Gao, “Multi-task deep
neural networks for natural language understanding,” in
ACL (1).
2019, pp. 4487-4496.

A. Aghajanyan, A. Gupta, A. Shrivastava, X. Chen,

Association for Computational Linguistics,

L. Zettlemoyer, and S. Gupta, “Muppet: Massive multi-
task representations with pre-finetuning,” in EMNLP
(1). Association for Computational Linguistics, 2021,
pp- 5799-5811.

S. Longpre, L. Hou, T. Vu, A. Webson, H. W. Chung,
Y. Tay, D. Zhou, Q. V. Le, B. Zoph, J. Wei, and
A. Roberts, “The flan collection: Designing data and
methods for effective instruction tuning,” CoRR, vol.
abs/2301.13688, 2023.

Y. Gu, P. Ke, X. Zhu, and M. Huang, “Learning in-
structions with unlabeled data for zero-shot cross-task
generalization,” in EMNLP. Association for Computa-
tional Linguistics, 2022, pp. 1617-1634.

Y. Wang, Y. Kordi, S. Mishra, A. Liu, N. A. Smith,
D. Khashabi, and H. Hajishirzi, “Self-instruct: Align-
ing language model with self generated instructions,”
CoRR, vol. abs/2212.10560, 2022.

O. Honovich, T. Scialom, O. Levy, and T. Schick,
“Unnatural instructions: Tuning language models with
(almost) no human labor,” CoRR, vol. abs/2212.09689,
2022.

R. Taori, I. Gulrajani, T. Zhang, Y. Dubois, X. Li,
C. Guestrin, P. Liang, and T. B. Hashimoto, “Stan-

ford alpaca: An instruction-following llama model,”

[221]

[222]

[223]

[224]

[225]

[226]

227]

[228]

https://github.com/tatsu-lab/stanford_ alpaca, 2023.
Z. Kenton, T. Everitt, L. Weidinger, I. Gabriel,
V. Mikulik, and G. Irving, “Alignment of language
agents,” CoRR, vol. abs/2103.14659, 2021.

A. Askell, Y. Bai, A. Chen, D. Drain, D. Ganguli,
T. Henighan, A. Jones, N. Joseph, B. Mann, N. Das-
Sarma, N. Elhage, Z. Hatfield-Dodds, D. Hernandez,
J. Kernion, K. Ndousse, C. Olsson, D. Amodei, T. B.
Brown, J. Clark, S. McCandlish, C. Olah, and J. Ka-
plan, “A general language assistant as a laboratory for
alignment,” CoRR, vol. abs/2112.00861, 2021.

Y. Bai, A. Jones, K. Ndousse, A. Askell, A. Chen,
N. DasSarma, D. Drain, S. Fort, D. Ganguli,
T. Henighan, N. Joseph, S. Kadavath, J. Kernion,
T. Conerly, S. E. Showk, N. Elhage, Z. Hatfield-
Dodds, D. Hernandez, T. Hume, S. Johnston, S. Kravec,
L. Lovitt, N. Nanda, C. Olsson, D. Amodei, T. B.
Brown, J. Clark, S. McCandlish, C. Olah, B. Mann,
and J. Kaplan, “Training a helpful and harmless assis-
tant with reinforcement learning from human feedback,”
CoRR, vol. abs/2204.05862, 2022.

E. Perez, S. Huang, H. F. Song, T. Cai, R. Ring,
J. Aslanides, A. Glaese, N. McAleese, and G. Irving,
“Red teaming language models with language models,”
in Proceedings of the 2022 Conference on Empirical
Methods in Natural Language Processing, EMNLP 2022,
Abu Dhabi, United Arab Emirates, December 7-11, 2022,
Y. Goldberg, Z. Kozareva, and Y. Zhang, Eds.
ciation for Computational Linguistics, 2022, pp. 3419—
3448.

D. M. Ziegler, N. Stiennon, J. Wu, T. B. Brown,
A. Radford, D. Amodei, P. F. Christiano, and G. Irv-
ing, “Fine-tuning language models from human prefer-
ences,” CoRR, vol. abs/1909.08593, 2019.

J. Menick, M. Trebacz, V. Mikulik, J. Aslanides, H. F.
Song, M. Chadwick, M. Glaese, S. Young, L. Campbell-
Gillingham, G. Irving, and N. McAleese, “Teaching lan-

Asso-

guage models to support answers with verified quotes,”
CoRR, vol. abs/2203.11147, 2022.

J. Wu, L. Ouyang, D. M. Ziegler, N. Stiennon, R. Lowe,
J. Leike, and P. F. Christiano, “Recursively sum-
marizing books with human feedback,” CoRR, vol.
abs/2109.10862, 2021.

N. Ding, Y. Qin, G. Yang, F. Wei, Y. Zonghan, Y. Su,
S. Hu, Y. Chen, C.-M. Chan, W. Chen, J. Yi, W. Zhao,
X. Wang, Z. Liu, H.-T. Zheng, J. Chen, Y. Liu, J. Tang,

J. Li, and M. Sun, “Parameter-efficient fine-tuning of


https://github.com/tatsu-lab/stanford_alpaca

AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 48

[229]

230]

231]

232]

[233]

[234]

[235]

[236]

large-scale pre-trained language models,” Nature Ma-
chine Intelligence, vol. 5, pp. 1-16, 03 2023.

X. L. Li and P. Liang, “Prefix-tuning: Optimizing con-
tinuous prompts for generation,” in Proceedings of the
59th Annual Meeting of the Association for Computa-
tional Linguistics and the 11th International Joint Con-
ference on Natural Language Processing, ACL/IJCNLP
2021, (Volume 1: Long Papers), Virtual Event, August
1-6, 2021, C. Zong, F. Xia, W. Li, and R. Navigli, Eds.
Association for Computational Linguistics, 2021, pp.
4582-4597.

B. Lester, R. Al-Rfou, and N. Constant, “The power
of scale for parameter-efficient prompt tuning,” in Pro-
ceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2021, Virtual
Event / Punta Cana, Dominican Republic, 7-11 Novem-
ber, 2021, M. Moens, X. Huang, L. Specia, and S. W.
Yih, Eds.
2021, pp. 3045-3059.

E. J. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li,
S. Wang, L. Wang, and W. Chen, “Lora: Low-rank

adaptation of large language models,” in The Tenth

Association for Computational Linguistics,

International Conference on Learning Representations,
ICLR 2022, Virtual Event, April 25-29, 2022.
Review.net, 2022.

N. Houlsby, A. Giurgiu, S. Jastrzebski, B. Morrone,
Q. de Laroussilhe, A. Gesmundo, M. Attariyan, and
S. Gelly, “Parameter-efficient transfer learning for
NLP,” in Proceedings of the 36th International Confer-
ence on Machine Learning, ICML 2019, 9-15 June 2019,
Long Beach, California, USA, 2019, pp. 2790-2799.

Z. Hu, Y. Lan, L. Wang, W. Xu, E. Lim, R. K. Lee,
L. Bing, and S. Poria, “Llm-adapters: An adapter fam-

Open-

ily for parameter-efficient fine-tuning of large language
models,” CoRR, vol. abs/2304.01933, 2023.

J. He, C. Zhou, X. Ma, T. Berg-Kirkpatrick, and
G. Neubig, “Towards a unified view of parameter-

>in The Tenth International

efficient transfer learning,’
Conference on Learning Representations, ICLR 2022,
Virtual FEvent, April 25-29, 2022.
2022.

X. Liu, K. Ji, Y. Fu, Z. Du, Z. Yang, and J. Tang, “P-

tuning v2: Prompt tuning can be comparable to fine-

OpenReview.net,

tuning universally across scales and tasks,” CoRR, vol.
abs/2110.07602, 2021.

X. Liu, Y. Zheng, Z. Du, M. Ding, Y. Qian, Z. Yang,
and J. Tang, “GPT understands, too,” CoRR, vol.

237]

[238]

[239]

[240]

[241]

[242]

[243]

[244]

245

[246]

abs/2103.10385, 2021.

Y. Gu, X. Han, Z. Liu, and M. Huang, “Ppt: Pre-trained
prompt tuning for few-shot learning,” in Proceedings of
the 60th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), 2022, pp.
8410-8423.

Z. Jiang, F. F. Xu, J. Araki, and G. Neubig, “How can
we know what language models know?” Transactions
of the Association for Computational Linguistics, vol. 8,
pp. 423-438, 2020.

T. Shin, Y. Razeghi, R. L. Logan IV, E. Wallace, and
S. Singh, “Autoprompt: Eliciting knowledge from lan-
guage models with automatically generated prompts,”
in Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
2020, pp. 4222-4235.

Q. Zhang, M. Chen, A. Bukharin, P. He,
Y. Cheng, W. Chen, and T. Zhao, “Adaptive
budget allocation for parameter-efficient fine-tuning,”
CoRR, vol. abs/2303.10512, 2023. [Online]. Available:
https://doi.org/10.48550/arXiv.2303.10512

M. Valipour, M. Rezagholizadeh, I. Kobyzev, and
A. Ghodsi, “Dylora: Parameter efficient tuning of
pre-trained models using dynamic search-free low-
rank adaptation,” CoRR, vol. abs/2210.07558, 2022.
[Online]. Available: https://doi.org/10.48550/arXiv.
2210.07558

Alpaca-LoRA, “Instruct-tune llama on consumer hard-
ware,” https://github.com/tloen/alpaca-lora, 2023.

R. Zhang, J. Han, A. Zhou, X. Hu, S. Yan, P. Lu,
H. Li, P. Gao, and Y. Qiao, “Llama-adapter: Efficient
fine-tuning of language models with zero-init attention,”
CoRR, vol. abs/2303.16199, 2023.

J. Pfeiffer, I. Vulic, I. Gurevych, and S. Ruder, “MAD-
X: an adapter-based framework for multi-task cross-
lingual transfer,” in Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Processing,
EMNLP 2020, Online, November 16-20, 2020, B. Web-
ber, T. Cohn, Y. He, and Y. Liu, Eds.
Computational Linguistics, 2020, pp. 7654-7673.

S. Mangrulkar, S. Gugger, L. Debut, Y. Belkada, and
S. Paul, “Peft: State-of-the-art parameter-efficient fine-

Association for

tuning methods,” https://github.com/huggingface/
peft, 2022.

S. Min, X. Lyu, A. Holtzman, M. Artetxe, M. Lewis,
H. Hajishirzi, and L. Zettlemoyer, “Rethinking the role

of demonstrations: What makes in-context learning


https://doi.org/10.48550/arXiv.2303.10512
https://doi.org/10.48550/arXiv.2210.07558
https://doi.org/10.48550/arXiv.2210.07558
https://github.com/tloen/alpaca-lora
https://github.com/huggingface/peft
https://github.com/huggingface/peft

AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 49

[247]

[248]

249

[250]

[251]

252]

[253]

work?” in Proceedings of the 2022 Conference on Empir-
ical Methods in Natural Language Processing, EMNLP
2022, Abu Dhabi, United Arab Emirates, December 7-11,
2022. Association for Computational Linguistics, 2022,
pp. 11048-11064.

Y. Lu, M. Bartolo, A. Moore, S. Riedel, and P. Stene-
torp, “Fantastically ordered prompts and where to find
them: Overcoming few-shot prompt order sensitivity,”
in Proceedings of the 60th Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 1: Long
Papers), ACL 2022, Dublin, Ireland, May 22-27, 2022,
S. Muresan, P. Nakov, and A. Villavicencio, Eds., 2022,
pp. 8086-8098.

Z. Zhao, E. Wallace, S. Feng, D. Klein, and S. Singh,
“Calibrate before use: Improving few-shot performance
of language models,” in Proceedings of the 38th Inter-
national Conference on Machine Learning, ICML 2021,
18-24 July 2021, Virtual Event, M. Meila and T. Zhang,
Eds., 2021, pp. 1269712 706.

J. Liu, D. Shen, Y. Zhang, B. Dolan, L. Carin, and
W. Chen, “What makes good in-context examples for
gpt-37” in Proceedings of Deep Learning Inside Out: The
3rd Workshop on Knowledge Extraction and Integration
for Deep Learning Architectures, DeeLIOQACL 2022,
Dublin, Ireland and Online, May 27, 2022, 2022, pp.
100-114.

Y. Lee, C. Lim, and H. Choi, “Does GPT-3 gener-
ate empathetic dialogues? A novel in-context example
selection method and automatic evaluation metric for

empathetic dialogue generation,”

in Proceedings of the
29th International Conference on Computational Lin-
guistics, COLING 2022, Gyeongju, Republic of Korea,
October 12-17, 2022, N. Calzolari, C. Huang, H. Kim,
J. Pustejovsky, L. Wanner, K. Choi, P. Ryu, H. Chen,
L. Donatelli, H. Ji, S. Kurohashi, P. Paggio, N. Xue,
S. Kim, Y. Hahm, Z. He, T. K. Lee, E. Santus, F. Bond,
and S. Na, Eds. International Committee on Compu-
tational Linguistics, 2022, pp. 669-683.

I. Levy, B. Bogin, and J. Berant, “Diverse demonstra-
tions improve in-context compositional generalization,”
CoRR, vol. abs/2212.06800, 2022.

H. Su, J. Kasai, C. H. Wu, W. Shi, T. Wang, J. Xin,
R. Zhang, M. Ostendorf, L. Zettlemoyer, N. A. Smith,
and T. Yu, “Selective annotation makes language mod-
els better few-shot learners,” CoRR, 2022.

X. Ye, S. Iyer, A. Celikyilmaz, V. Stoyanov, G. Durrett,

and R. Pasunuru, “Complementary explanations for

[254]

[255]

256

[257]

258

[259]

260]

[261]

262]

263]

[264]

effective in-context learning,” CoRR, 2022.

X. Li and X. Qiu, “Finding supporting examples for in-
context learning,” CoRR, 2023.

O. Rubin, J. Herzig, and J. Berant, “Learning to retrieve
prompts for in-context learning,” in Proceedings of the
2022 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Lan-
guage Technologies, NAACL 2022, Seattle, WA, United
States, July 10-15, 2022, 2022, pp. 2655-2671.

Y. Zhang, S. Feng, and C. Tan, “Active example selec-
tion for in-context learning,” in Proceedings of the 2022
Conference on Empirical Methods in Natural Language
Processing, EMNLP 2022, Abu Dhabi, United Arab Emi-
rates, December 7-11, 2022, 2022, pp. 9134-9148.

F. Gilardi, M. Alizadeh, and M. Kubli, “Chatgpt
outperforms crowd-workers for text-annotation tasks,”
2023.

H. J. Kim, H. Cho, J. Kim, T. Kim, K. M. Yoo, and
S. Lee, “Self-generated in-context learning: Leveraging
auto-regressive language models as a demonstration
generator,” CoRR, vol. abs/2206.08082, 2022.

Y. Lin, A. Papangelis, S. Kim, S. Lee, D. Hazarika,
M. Namazifar, D. Jin, Y. Liu, and D. Hakkani-Tur,
“Selective in-context data augmentation for intent de-
tection using pointwise v-information,” CoRR, 2023.

S. M. Xie, A. Raghunathan, P. Liang, and T. Ma, “An
explanation of in-context learning as implicit bayesian
inference,” in The Tenth International Conference on
Learning Representations, ICLR 2022, Virtual Event,
April 25-29, 2022, 2022.

Z. Zhang, A. Zhang, M. Li, and A. Smola, “Automatic
chain of thought prompting in large language models,”
CoRR, vol. abs/2210.03493, 2022.

D. Zhou, N. Scharli, L. Hou, J. Wei, N. Scales, X. Wang,
D. Schuurmans, O. Bousquet, Q. Le, and E. H. Chi,
“Least-to-most prompting enables complex reasoning
in large language models,” CoRR, vol. abs/2205.10625,
2022.

Z. Wu, Y. Wang, J. Ye, and L. Kong, “Self-adaptive in-
context learning,” CoRR, vol. abs/2212.10375, 2022.

S. Min, M. Lewis, L. Zettlemoyer, and H. Hajishirzi,
“Metaicl: Learning to learn in context,” in Proceedings
of the 2022 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies, NAACL 2022, Seattle,
WA, United States, July 10-15, 2022, M. Carpuat,
M. de Marneffe, and I. V. M. Ruiz, Eds., 2022, pp. 2791—



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 50

265

[266]

1267]

268

269]

[270]

271]

272)

[273]

[274]

2809.

S. C. Y. Chan, A. Santoro, A. K. Lampinen, J. X.
Wang, A. Singh, P. H. Richemond, J. McClelland,
and F. Hill, “Data distributional properties drive emer-
gent in-context learning in transformers,” CoRR, vol.
abs/2205.05055, 2022.

S. Shin, S. Lee, H. Ahn, S. Kim, H. Kim, B. Kim,
K. Cho, G. Lee, W. Park, J. Ha, and N. Sung, “On the
effect of pretraining corpora on in-context learning by
a large-scale language model,” in NAACL-HLT. Asso-
ciation for Computational Linguistics, 2022, pp. 5168—
5186.

J. von Oswald, E. Niklasson, E. Randazzo, J. Sacra-
mento, A. Mordvintsev, A. Zhmoginov, and M. Vla-
dymyrov, “Transformers learn in-context by gradient
descent,” CoRR, vol. abs/2212.07677, 2022.

C. Olsson, N. Elhage, N. Nanda, N. Joseph, N. Das-
Sarma, T. Henighan, B. Mann, A. Askell, Y. Bai,
A. Chen, T. Conerly, D. Drain, D. Ganguli, Z. Hat-
field-Dodds, D. Hernandez, S. Johnston, A. Jones,
J. Kernion, L. Lovitt, K. Ndousse, D. Amodei,
T. Brown, J. Clark, J. Kaplan, S. McCandlish, and
C. Olah, “In-context learning and induction heads,”
CoRR, vol. abs/2209.11895, 2022.

H. Bansal, K. Gopalakrishnan, S. Dingliwal, S. Boda-
pati, K. Kirchhoff, and D. Roth, “Rethinking the role
of scale for in-context learning: An interpretability-
based case study at 66 billion scale,” CoRR, vol.
abs/2212.09095, 2022.

Y. Li, M. E. Ildiz, D. S. Papailiopoulos, and S. Oy-
mak, “Transformers as algorithms: Generalization and
implicit model selection in in-context learning,” CoRR,
vol. abs/2301.07067, 2023.

E. Akyiirek, D. Schuurmans, J. Andreas, T. Ma, and
D. Zhou, “What learning algorithm is in-context learn-
ing? investigations with linear models,” CoRR, vol.
abs/2211.15661, 2022.

S. Garg, D. Tsipras, P. Liang, and G. Valiant, “What
can transformers learn in-context? A case study of sim-
ple function classes,” CoRR, vol. abs/2208.01066, 2022.
K. Cobbe, V. Kosaraju, M. Bavarian, J. Hilton,
R. Nakano, C. Hesse, and J. Schulman, “Training
verifiers to solve math word problems,” CoRR, vol.
abs/2110.14168, 2021.

A. Patel, S. Bhattamishra, and N. Goyal, “Are NLP
models really able to solve simple math word prob-

lems?” in NAACL-HLT.  Association for Computa-

[275]

[276]

277]

[278]

[279]

[280]

[281]

[282]

[283)]

[284]

[285)]

tional Linguistics, 2021, pp. 2080-2094.

S. Miao, C. Liang, and K. Su, “A diverse corpus for
evaluating and developing english math word problem
solvers,” in Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics, ACL
2020, Online, July 5-10, 2020, D. Jurafsky, J. Chai,
N. Schluter, and J. R. Tetreault, Eds.
Computational Linguistics, 2020, pp. 975-984.

Association for

A. Talmor, J. Herzig, N. Lourie, and J. Berant, “Com-
monsenseqa: A question answering challenge targeting
commonsense knowledge,” in Proceedings of the 2019
Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Lan-
guage Technologies, NAACL-HLT 2019, Minneapolis,
MN, USA, June 2-7, 2019, Volume 1 (Long and Short
Papers), J. Burstein, C. Doran, and T. Solorio, Eds.
Association for Computational Linguistics, 2019, pp.
4149-4158.

M. Geva, D. Khashabi, E. Segal, T. Khot, D. Roth, and
J. Berant, “Did aristotle use a laptop? A question an-
swering benchmark with implicit reasoning strategies,”
Trans. Assoc. Comput. Linguistics, vol. 9, pp. 346-361,
2021.

Y. Li, Z. Lin, S. Zhang, Q. Fu, B. Chen, J. Lou, and
W. Chen, “On the advance of making language models
better reasoners,” CoRR, vol. abs/2206.02336, 2022.

Y. Fu, H. Peng, A. Sabharwal, P. Clark, and T. Khot,
“Complexity-based prompting for multi-step reason-
ing,” CoRR, vol. abs/2210.00720, 2022.

T. Kojima, S. S. Gu, M. Reid, Y. Matsuo, and Y. Iwa-
sawa, “Large language models are zero-shot reasoners,”
CoRR, vol. abs/2205.11916, 2022.

X. Wang, J. Wei, D. Schuurmans, Q. V. Le, E. H.
Chi, and D. Zhou, “Self-consistency improves chain of
thought reasoning in language models,” CoRR, vol.
abs/2203.11171, 2022.

——, “Rationale-augmented ensembles in language
models,” CoRR, 2022.

S. Imani, L. Du, and H. Shrivastava, “Mathprompter:
Mathematical reasoning using large language models,”
arXiv preprint arXiv:2303.05398, 2023.

E. Zelikman, J. Mu, N. D. Goodman, and Y. T.
Wu, “Star: Self-taught reasoner bootstrapping reason-
ing with reasoning,” 2022.

J. Huang, S. S. Gu, L. Hou, Y. Wu, X. Wang, H. Yu,
and J. Han, “Large language models can self-improve,”
CoRR, vol. abs/2210.11610, 2022.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 51

[236]

287]

288

[289)]

290]

291]

292]

293]

294]

295

[296]

P. Liang, R. Bommasani, T. Lee, D. Tsipras, D. Soylu,
M. Yasunaga, Y. Zhang, D. Narayanan, Y. Wu, A. Ku-
mar, B. Newman, B. Yuan, B. Yan, C. Zhang, C. Cos-
grove, C. D. Manning, C. Ré, D. Acosta-Navas, D. A.
Hudson, E. Zelikman, E. Durmus, F. Ladhak, F. Rong,
H. Ren, H. Yao, J. Wang, K. Santhanam, L. J.
Orr, L. Zheng, M. Yiiksekgoniil, M. Suzgun, N. Kim,
N. Guha, N. S. Chatterji, O. Khattab, P. Henderson,
Q. Huang, R. Chi, S. M. Xie, S. Santurkar, S. Gan-
guli, T. Hashimoto, T. Icard, T. Zhang, V. Chaudhary,
W. Wang, X. Li, Y. Mai, Y. Zhang, and Y. Koreeda,
“Holistic evaluation of language models,” CoRR, vol.
abs/2211.09110, 2022.

A. Madaan and A. Yazdanbakhsh, “Text and patterns:
For effective chain of thought, it takes two to tango,”
CoRR, vol. abs/2209.07686, 2022.

7. Zhang, A. Zhang, M. Li, H. Zhao, G. Karypis, and
A. Smola, “Multimodal chain-of-thought reasoning in
language models,” CoRR, vol. abs/2302.00923, 2023.
F. Shi, M. Suzgun, M. Freitag, X. Wang, S. Sri-
vats, S. Vosoughi, H. W. Chung, Y. Tay, S. Ruder,
D. Zhou, D. Das, and J. Wei, “Language models are
multilingual chain-of-thought reasoners,” CoRR, vol.
abs/2210.03057, 2022.

K. Shridhar, A. Stolfo, and M. Sachan, “Distilling multi-
step reasoning capabilities of large language models into
smaller models via semantic decompositions,” ArXiv,
vol. abs/2212.00193, 2022.

N. Ho, L. Schmid, and S. Yun, “Large language models
are reasoning teachers,” CoRR, vol. abs/2212.10071,
2022.

L. C. Magister, J. Mallinson, J. Addmek, E. Malmi,
and A. Severyn, “Teaching small language models to
reason,” CoRR, vol. abs/2212.08410, 2022.

Y. Fu, H. Peng, L. Ou, A. Sabharwal, and T. Khot,
“Specializing smaller language models towards multi-
step reasoning,” CoRR, vol. abs/2301.12726, 2023.

A. Chan, Z. Zeng, W. Lake, B. Joshi, H. Chen, and
X. Ren, “Knife: Distilling meta-reasoning knowledge
with free-text rationales,” in ICLR 2023 Workshop on
Pitfalls of limited data and computation for Trustworthy
ML.

Z. Li, C. Wang, P. Ma, C. Liu, S. Wang, D. Wu, and
C. Gao, “On the feasibility of specialized ability stealing
for large language code models,” CoRR, 2023.

Z. Dai, V. Y. Zhao, J. Ma, Y. Luan, J. Ni, J. Lu,
A. Bakalov, K. Guu, K. B. Hall, and M. Chang, “Promp-

297]

298]

299]

300]

301

302]

tagator: Few-shot dense retrieval from 8 examples,”
CoRR, 2022.

M. P. Marcus, B. Santorini, and M. A. Marcinkiewicz,
“Building a large annotated corpus of english: The penn
treebank,” Comput. Linguistics, vol. 19, no. 2, pp. 313—
330, 1993.

S. Merity, C. Xiong, J. Bradbury, and R. Socher,
“Pointer sentinel mixture models,” in ICLR (Poster).
OpenReview.net, 2017.

O. Bojar, C. Buck, C. Federmann, B. Haddow,
P. Koehn, J. Leveling, C. Monz, P. Pecina, M. Post,
H. Saint-Amand, R. Soricut, L. Specia, and A. Tam-
chyna, “Findings of the 2014 workshop on statistical
machine translation,” in WMT@ACL. The Association
for Computer Linguistics, 2014, pp. 12-58.

O. Bojar, R. Chatterjee, C. Federmann, Y. Graham,
B. Haddow, M. Huck, A. Jimeno-Yepes, P. Koehn,
V. Logacheva, C. Monz, M. Negri, A. Névéol, M. L.
Neves, M. Popel, M. Post, R. Rubino, C. Scarton,
L. Specia, M. Turchi, K. Verspoor, and M. Zampieri,
“Findings of the 2016 conference on machine trans-
lation,” in WMT. The Association for Computer
Linguistics, 2016, pp. 131-198.

L. Barrault, O. Bojar, M. R. Costa-jussa, C. Federmann,
M. Fishel, Y. Graham, B. Haddow, M. Huck, P. Koehn,
S. Malmasi, C. Monz, M. Miiller, S. Pal, M. Post,
and M. Zampieri, “Findings of the 2019 conference
on machine translation (WMT19),” in Proceedings of
the Fourth Conference on Machine Translation, WMT
2019, Florence, Italy, August 1-2, 2019 - Volume 2:
Shared Task Papers, Day 1, O. Bojar, R. Chatterjee,
C. Federmann, M. Fishel, Y. Graham, B. Haddow,
M. Huck, A. Jimeno-Yepes, P. Koehn, A. Martins,
C. Monz, M. Negri, A. Névéol, M. L. Neves, M. Post,
M. Turchi, and K. Verspoor, Eds.
Computational Linguistics, 2019, pp. 1-61.

L. Barrault, M. Biesialska, O. Bojar, M. R. Costa-
jussa, C. Federmann, Y. Graham, R. Grundkiewicz,
B. Haddow, M. Huck, E. Joanis, T. Kocmi, P. Koehn,
C. Lo, N. Ljubesic, C. Monz, M. Morishita, M. Na-
gata, T. Nakazawa, S. Pal, M. Post, and M. Zampieri,

Association for

“Findings of the 2020 conference on machine transla-
tion (WMT20),” in Proceedings of the Fifth Confer-
ence on Machine Translation, WMTQEMNLP 2020,
Online, November 19-20, 2020, L. Barrault, O. Bo-
jar, F. Bougares, R. Chatterjee, M. R. Costa-jussa,
C. Federmann, M. Fishel, A. Fraser, Y. Graham,



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 52

303]

304]

305]

[306]

P. Guzman, B. Haddow, M. Huck, A. Jimeno-Yepes,
P. Koehn, A. Martins, M. Morishita, C. Monz, M. Na-
gata, T. Nakazawa, and M. Negri, Eds. Association for
Computational Linguistics, 2020, pp. 1-55.

F. Akhbardeh, A. Arkhangorodsky, M. Biesialska,
O. Bojar, R. Chatterjee, V. Chaudhary, M. R. Costa-
jussa, C. Espana-Bonet, A. Fan, C. Federmann, M. Fre-
itag, Y. Graham, R. Grundkiewicz, B. Haddow, L. Har-
ter, K. Heafield, C. Homan, M. Huck, K. Amponsah-
Kaakyire, J. Kasai, D. Khashabi, K. Knight, T. Kocmi,
P. Koehn, N. Lourie, C. Monz, M. Morishita, M. Na-
gata, A. Nagesh, T. Nakazawa, M. Negri, S. Pal, A. A.
Tapo, M. Turchi, V. Vydrin, and M. Zampieri, “Find-
ings of the 2021 conference on machine translation
(WMT21),” in Proceedings of the Sizth Conference
on Machine Translation, WMT@QEMNLP 2021, Online
Event, November 10-11, 2021, L. Barrault, O. Bojar,
F. Bougares, R. Chatterjee, M. R. Costa-jussa, C. Fed-
ermann, M. Fishel, A. Fraser, M. Freitag, Y. Graham,
R. Grundkiewicz, P. Guzman, B. Haddow, M. Huck,
A. Jimeno-Yepes, P. Koehn, T. Kocmi, A. Martins,
M. Morishita, and C. Monz, Eds.
Computational Linguistics, 2021, pp. 1-88.

T. Kocmi, R. Bawden, O. Bojar, A. Dvorkovich, C. Fe-
dermann, M. Fishel, T. Gowda, Y. Graham, R. Grund-
kiewicz, B. Haddow, R. Knowles, P. Koehn, C. Monz,
M. Morishita, M. Nagata, T. Nakazawa, M. Novék,
M. Popel, and M. Popovic, “Findings of the 2022 confer-

ence on machine translation (WMT22),” in Proceedings

Association for

of the Seventh Conference on Machine Translation,
WMT 2022, Abu Dhabi, United Arab Emirates (Hybrid),
December 7-8, 2022, P. Koehn, L. Barrault, O. Bojar,
F. Bougares, R. Chatterjee, M. R. Costa-jussa, C. Fed-
ermann, M. Fishel, A. Fraser, M. Freitag, Y. Graham,
R. Grundkiewicz, P. Guzman, B. Haddow, M. Huck,
A. Jimeno-Yepes, T. Kocmi, A. Martins, M. Morishita,
C. Monz, M. Nagata, T. Nakazawa, M. Negri, A. Névéol,
M. Neves, M. Popel, M. Turchi, and M. Zampieri, Eds.
Association for Computational Linguistics, 2022, pp. 1—-
45.

N. Goyal, C. Gao, V. Chaudhary, P. Chen, G. Wen-
zek, D. Ju, S. Krishnan, M. Ranzato, F. Guzmén, and
A. Fan, “The flores-101 evaluation benchmark for low-
resource and multilingual machine translation,” Trans.
Assoc. Comput. Linguistics, vol. 10, pp. 522-538, 2022.
R. Bawden, E. Bilinski, T. Lavergne, and S. Rosset,

“Diabla: a corpus of bilingual spontaneous written di-

307

308

309]

[310]

311]

312]

[313]

[314]

alogues for machine translation,” Lang. Resour. Evalu-
ation, vol. 55, no. 3, pp. 635—660, 2021.

R. Nallapati, B. Zhou, C. N. dos Santos, C. Giilcehre,
and B. Xiang, “Abstractive text summarization using
sequence-to-sequence rnns and beyond,” in Proceed-
ings of the 20th SIGNLL Conference on Computational
Natural Language Learning, CoNLL 2016, Berlin, Ger-
many, August 11-12, 2016, Y. Goldberg and S. Riezler,
Eds. ACL, 2016, pp. 280-290.

S. Narayan, S. B. Cohen, and M. Lapata, “Don’t give
me the details, just the summary! topic-aware convolu-
tional neural networks for extreme summarization,” in
EMNLP. Association for Computational Linguistics,
2018, pp. 1797-1807.

F. Ladhak, E. Durmus, C. Cardie, and K. Mckeown,
“Wikilingua: A new benchmark dataset for cross-lingual
abstractive summarization,” in Findings of the Associa-
tion for Computational Linguistics: EMNLP 2020, 2020,
pp- 4034-4048.

S. Moon, P. Shah, A. Kumar, and R. Subba, “Open-
dialkg: Explainable conversational reasoning with
attention-based walks over knowledge graphs,” in ACL
(1). Association for Computational Linguistics, 2019,
pp. 845-854.

A. Wang, Y. Pruksachatkun, N. Nangia, A. Singh,
J. Michael, F. Hill, O. Levy, and S. R. Bowman, “Super-
glue: A stickier benchmark for general-purpose language
understanding systems,” in NeurIPS, 2019, pp. 3261—
3275.

D. Hendrycks, C. Burns, S. Basart, A. Zou, M. Mazeika,
D. Song, and J. Steinhardt, “Measuring massive mul-
titask language understanding,” in ICLR. OpenRe-
view.net, 2021.

M. Suzgun, N. Scales, N. Schérli, S. Gehrmann, Y. Tay,
H. W. Chung, A. Chowdhery, Q. V. Le, E. H. Chi,
D. Zhou, and J. Wei, “Challenging big-bench tasks and
whether chain-of-thought can solve them,” CoRR, vol.
abs/2210.09261, 2022.

L. Xu, H. Hu, X. Zhang, L. Li, C. Cao, Y. Li, Y. Xu,
K. Sun, D. Yu, C. Yu, Y. Tian, Q. Dong, W. Liu, B. Shi,
Y. Cui, J. Li, J. Zeng, R. Wang, W. Xie, Y. Li, Y. Pat-
terson, Z. Tian, Y. Zhang, H. Zhou, S. Liu, Z. Zhao,
Q. Zhao, C. Yue, X. Zhang, Z. Yang, K. Richardson,
and Z. Lan, “CLUE: A chinese language understanding
evaluation benchmark,” in COLING.
Committee on Computational Linguistics, 2020, pp.
4762-4772.

International



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 53

[315]

316]

317]

318

319

320]

321]

322]

323]

D. Hendrycks, S. Basart, S. Kadavath, M. Mazeika,
A. Arora, E. Guo, C. Burns, S. Puranik, H. He, D. Song,
and J. Steinhardt, “Measuring coding challenge com-
petence with APPS,” in NeurIPS Datasets and Bench-
marks, 2021.

Y. Lai, C. Li, Y. Wang, T. Zhang, R. Zhong, L. Zettle-
moyer, S. W. Yih, D. Fried, S. I. Wang, and T. Yu, “DS-
1000: A natural and reliable benchmark for data science
code generation,” CoRR, vol. abs/2211.11501, 2022.

Z. Wang, S. Zhou, D. Fried, and G. Neubig, “Execution-
based evaluation for open-domain code generation,”
CoRR, vol. abs/2212.10481, 2022.

T. Kwiatkowski, J. Palomaki, O. Redfield, M. Collins,
A. P. Parikh, C. Alberti, D. Epstein, I. Polosukhin,
J. Devlin, K. Lee, K. Toutanova, L. Jones, M. Kelcey,
M. Chang, A. M. Dai, J. Uszkoreit, Q. Le, and S. Petrov,
“Natural questions: a benchmark for question answering
research,” Trans. Assoc. Comput. Linguistics, pp. 452—
466, 2019.

P. Clark, I. Cowhey, O. Etzioni, T. Khot, A. Sabhar-
wal, C. Schoenick, and O. Tafjord, “Think you have
solved question answering? try arc, the AI2 reasoning
challenge,” CoRR, vol. abs/1803.05457, 2018.

S. Lin, J. Hilton, and O. Evans, “Truthfulqa: Measuring

”

how models mimic human falsehoods,” in Proceedings
of the 60th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers), ACL
2022, Dublin, Ireland, May 22-27, 2022, 2022, pp. 3214~
3252.

J. Berant, A. Chou, R. Frostig, and P. Liang, “Semantic
parsing on freebase from question-answer pairs,” in Pro-
ceedings of the 2013 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2013, 18-21
October 2013, Grand Hyatt Seattle, Seattle, Washington,
USA, A meeting of SIGDAT, a Special Interest Group
of the ACL, 2013, pp. 1533-1544.

M. Joshi, E. Choi, D. S. Weld, and L. Zettlemoyer,
“Triviaga: A large scale distantly supervised challenge
dataset for reading comprehension,” in Proceedings of
the 55th Annual Meeting of the Association for Com-
putational Linguistics, ACL 2017, Vancouver, Canada,
July 80 - August 4, Volume 1: Long Papers, 2017, pp.
1601-1611.

Y. Bisk, R. Zellers, R. L. Bras, J. Gao, and Y. Choi,
“PIQA: reasoning about physical commonsense in nat-
ural language,” in The Thirty-Fourth AAAI Confer-
ence on Artificial Intelligence, AAAI 2020, The Thirty-

324]

325]

326

[327]

328

329]

330]

331]

Second Innovative Applications of Artificial Intelligence
Conference, IAAI 2020, The Tenth AAAI Symposium
on Educational Advances in Artificial Intelligence, EAAT
2020, New York, NY, USA, February 7-12, 2020, 2020,
pp. 7432-7439.

M. Dubey, D. Banerjee, A. Abdelkawi, and J. Lehmann,
“Le-quad 2.0: A large dataset for complex question
answering over wikidata and dbpedia,” in The Semantic
Web - ISWC 2019 - 18th International Semantic Web
Conference, Auckland, New Zealand, October 26-30,
2019, Proceedings, Part II, 2019, pp. 69-78.

Y. Gu, S. Kase, M. Vanni, B. M. Sadler, P. Liang,
X. Yan, and Y. Su, “Beyond I.I.D.: three levels of gener-
alization for question answering on knowledge bases,” in
WWW ’21: The Web Conference 2021, Virtual Event /
Ljubljana, Slovenia, April 19-23, 2021, 2021, pp. 3477—
3488.

S. Cao, J. Shi, L. Pan, L. Nie, Y. Xiang, L. Hou,
J. Li, B. He, and H. Zhang, “KQA pro: A dataset with
explicit compositional programs for complex question
answering over knowledge base,” in Proceedings of the
60th Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), ACL 2022,
Dublin, Ireland, May 22-27, 2022, 2022, pp. 6101-6119.
X. Hu, X. Wu, Y. Shu, and Y. Qu, “Logical form
generation via multi-task learning for complex question

)

answering over knowledge bases,” in Proceedings of the
29th International Conference on Computational Lin-
guistics, COLING 2022, Gyeongju, Republic of Korea,
October 12-17, 2022, 2022, pp. 1687-1696.

S. Longpre, Y. Lu, and J. Daiber, “MKQA: A linguisti-
cally diverse benchmark for multilingual open domain
question answering,” Trans. Assoc. Comput. Linguis-
tics, vol. 9, pp. 1389-1406, 2021.

T. Saikh, T. Ghosal, A. Mittal, A. Ekbal, and P. Bhat-
tacharyya, “Scienceqa: a novel resource for question
answering on scholarly articles,” Int. J. Digit. Libr.,
vol. 23, no. 3, pp. 289-301, 2022.

T. Mihaylov, P. Clark, T. Khot, and A. Sabharwal,
“Can a suit of armor conduct electricity? A new dataset
for open book question answering,” in Proceedings of
the 2018 Conference on Empirical Methods in Natural
Language Processing, Brussels, Belgium, October 31 -
November 4, 2018, 2018, pp. 2381-2391.

T. Nguyen, M. Rosenberg, X. Song, J. Gao, S. Tiwary,
R. Majumder, and L. Deng, “MS MARCO: A human

generated machine reading comprehension dataset,” in



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 54

332]

333]

334]

335]

336]

337

338

Proceedings of the Workshop on Cognitive Computation:
Integrating neural and symbolic approaches 2016 co-
located with the 30th Annual Conference on Neural In-
formation Processing Systems (NIPS 2016), Barcelona,
Spain, December 9, 2016, 2016.

T. Khot, P. Clark, M. Guerquin, P. Jansen, and A. Sab-
harwal, “QASC: A dataset for question answering via
sentence composition,” in The Thirty-Fourth AAAI
Conference on Artificial Intelligence, AAAI 2020, The
Thirty-Second Innovative Applications of Artificial In-
telligence Conference, IAAI 2020, The Tenth AAAI
Symposium on Educational Advances in Artificial In-
telligence, FAAI 2020, New York, NY, USA, February
7-12, 2020, 2020, pp. 8082-8090.

P. Rajpurkar, J. Zhang, K. Lopyrev, and P. Liang,
“Squad: 100, 000+ questions for machine comprehen-
sion of text,” in Proceedings of the 2016 Conference
on Empirical Methods in Natural Language Process-
ing, EMNLP 2016, Austin, Texas, USA, November 1-4,
2016, 2016, pp. 2383-2392.

A. H. Miller, A. Fisch, J. Dodge, A. Karimi, A. Bor-
des, and J. Weston, “Key-value memory networks for
directly reading documents,” in Proceedings of the 2016
Conference on Empirical Methods in Natural Language
Processing, EMNLP 2016, Austin, Texas, USA, Novem-
ber 1-4, 2016, 2016, pp. 1400-1409.

B. Goodrich, V. Rao, P. J. Liu, and M. Saleh, “Assessing
the factual accuracy of generated text,” in Proceedings
of the 25th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining, KDD 2019,
Anchorage, AK, USA, August 4-8, 2019, 2019, pp. 166—
175.

K. Toutanova and D. Chen, “Observed versus latent
features for knowledge base and text inference,” in
Proceedings of the 3rd Workshop on Continuous Vector
Space Models and their Compositionality, CVSC 2015,
Beijing, China, July 26-31, 2015, 2015, pp. 57—66.

K. D. Bollacker, C. Evans, P. K. Paritosh, T. Sturge,
and J. Taylor, “Freebase: a collaboratively created
graph database for structuring human knowledge,” in
Proceedings of the ACM SIGMOD International Con-
ference on Management of Data, SIGMOD 2008, Van-
couver, BC, Canada, June 10-12, 2008, 2008, pp. 1247—
1250.

T. Dettmers, P. Minervini, P. Stenetorp, and S. Riedel,
“Convolutional 2d knowledge graph embeddings,” in
Proceedings of the Thirty-Second AAAI Conference on

339]

340]

[341]

[342]

343]

[344]

[345]

[346]

Artificial Intelligence, (AAAI-18), the 30th innovative
Applications of Artificial Intelligence (IAAI-18), and the
8th AAAI Symposium on Educational Advances in Arti-
ficial Intelligence (EAAI-18), New Orleans, Louisiana,
USA, February 2-7, 2018, 2018, pp. 1811-1818.

G. A. Miller, “Wordnet: A lexical database for english,”
Commun. ACM, pp. 39-41, 1995.

F. Petroni, T. Rocktéschel, S. Riedel, P. S. H. Lewis,
A. Bakhtin, Y. Wu, and A. H. Miller, “Language models
as knowledge bases?” in Proceedings of the 2019 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Conference on
Natural Language Processing, EMNLP-IJCNLP 2019,
Hong Kong, China, November 3-7, 2019, 2019, pp. 2463—
2473.

F. Mahdisoltani, J. Biega, and F. M. Suchanek,
“YAGO3:
wikipedias,’
vative Data Systems Research, CIDR 2015, Asilomar,
CA, USA, January 4-7, 2015, Online Proceedings, 2015.
F. M. Suchanek, G. Kasneci, and G. Weikum, “Yago: a
core of semantic knowledge,” in Proceedings of the 16th
International Conference on World Wide Web, WWW
2007, Banff, Alberta, Canada, May 8-12, 2007, 2007,
pp- 697-706.

C. Clark, K. Lee, M. Chang, T. Kwiatkowski,
M. Collins, and K. Toutanova, “Boolq: Exploring the

A knowledge base from multilingual

I

in Seventh Biennial Conference on Inno-

surprising difficulty of natural yes/no questions,” in
Proceedings of the 2019 Conference of the North Amer-
ican Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, NAACL-HLT
2019, Minneapolis, MN, USA, June 2-7, 2019, Volume
1 (Long and Short Papers), J. Burstein, C. Doran,
and T. Solorio, Eds.  Association for Computational
Linguistics, 2019, pp. 2924-2936.

M. Sap, H. Rashkin, D. Chen, R. L. Bras, and Y. Choi,
“Socialiqa: Commonsense reasoning about social inter-
actions,” CoRR, vol. abs/1904.09728, 2019.

R. Zellers, A. Holtzman, Y. Bisk, A. Farhadi, and
Y. Choi, “Hellaswag: Can a machine really finish your
sentence?” in Proceedings of the 57th Conference of the
Association for Computational Linguistics, ACL 2019,
Florence, Italy, July 28- August 2, 2019, Volume 1: Long
Papers, A. Korhonen, D. R. Traum, and L. Marquez,
Eds. Association for Computational Linguistics, 2019,
pp- 4791-4800.

K. Sakaguchi, R. L. Bras, C. Bhagavatula, and Y. Choi,



AXFENF. BR. REEHA RUC Al Box FiF, HRAREASRKLAMESHIIIEERE.

[347]

348

349

[350]

351]

352]

“Winogrande: An adversarial winograd schema chal-
lenge at scale,” in AAAIL.  AAAI Press, 2020, pp. 8732—
8740.

M. Roemmele, C. A. Bejan, and A. S. Gordon, “Choice
of plausible alternatives: An evaluation of common-
sense causal reasoning,” in Logical Formalizations of
Commonsense Reasoning, Papers from the 2011 AAAI
Spring Symposium, Technical Report SS-11-06, Stan-
ford, California, USA, March 21-23, 2011. AAAI, 2011.
K. Sakaguchi, C. Bhagavatula, R. L. Bras, N. Tan-
don, P. Clark, and Y. Choi, “proscript: Partially or-
dered scripts generation,” in Findings of the Asso-
ciation for Computational Linguistics: EMNLP 2021,
Virtual Event / Punta Cana, Dominican Republic, 16-
20 November, 2021, M. Moens, X. Huang, L. Specia,
and S. W. Yih, Eds.
Linguistics, 2021, pp. 2138-2149.

B. Dalvi, L. Huang, N. Tandon, W. Yih, and P. Clark,

“Tracking state changes in procedural text: a challenge

Association for Computational

dataset and models for process paragraph comprehen-
sion,” in Proceedings of the 2018 Conference of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies, NAACL-
HLT 2018, New Orleans, Louisiana, USA, June 1-6,
2018, Volume 1 (Long Papers), M. A. Walker, H. Ji,
and A. Stent, Eds.  Association for Computational
Linguistics, 2018, pp. 1595-1604.

S. Saha, P. Yadav, L. Bauer, and M. Bansal, “Ex-
plagraphs: An explanation graph generation task for
structured commonsense reasoning,”
the 2021 Conference on Empirical Methods in Natu-
ral Language Processing, EMNLP 2021, Virtual Event
/ Punta Cana, Dominican Republic, 7-11 November,
2021, M. Moens, X. Huang, L. Specia, and S. W. Yih,
Eds. Association for Computational Linguistics, 2021,
pp. 7716-7740.

O. Tafjord, B. Dalvi, and P. Clark, “Proofwriter: Gen-

erating implications, proofs, and abductive statements

in Proceedings of

i

in Findings of the Association
for Computational Linguistics: ACL/IJCNLP 2021,
Online FEvent, August 1-6, 2021, ser. Findings of ACL,
C. Zong, F. Xia, W. Li, and R. Navigli, Eds., vol.
ACL/IJCNLP 2021.
Linguistics, 2021, pp. 3621-3634.

B. Dalvi, P. Jansen, O. Tafjord, Z. Xie, H. Smith, L. Pi-

patanangkura, and P. Clark, “Explaining answers with

over natural language,’

Association for Computational

entailment trees,” in Proceedings of the 2021 Conference

353]

354]

355]

356]

357

358

55

on Empirical Methods in Natural Language Processing,
EMNLP 2021, Virtual Event / Punta Cana, Dominican
Republic, 7-11 November, 2021, M. Moens, X. Huang,
L. Specia, and S. W. Yih, Eds. Association for Com-
putational Linguistics, 2021, pp. 7358-7370.

A. Saparov and H. He, “Language models are greedy
reasoners: A systematic formal analysis of chain-of-
thought,” CoRR, vol. abs/2210.01240, 2022.

C. Anil, Y. Wu, A. Andreassen, A. Lewkowycz,
V. Misra, V. V. Ramasesh, A. Slone, G. Gur-Ari,
E. Dyer, and B. Neyshabur, “Exploring length gen-
eralization in large language models,” CoRR, vol.
abs/2207.04901, 2022.

A. Srivastava, A. Rastogi, A. Rao, A. A. M. Shoeb,
A. Abid, A. Fisch, A. R. Brown, A. Santoro, A. Gupta,
A. Garriga-Alonso, A. Kluska, A. Lewkowycz, A. Agar-
wal, A. Power, A. Ray, A. Warstadt, A. W. Ko-
curek, A. Safaya, A. Tazarv, A. Xiang, A. Parrish,
A. Nie, A. Hussain, A. Askell, A. Dsouza, A. Rahane,
A. 8. Iyer, A. Andreassen, A. Santilli, A. Stuhlmiiller,
A. M. Dai, A. La, A. K. Lampinen, A. Zou, A. Jiang,
A. Chen, A. Vuong, A. Gupta, A. Gottardi, A. Norelli,
A. Venkatesh, A. Gholamidavoodi, A. Tabassum,
A. Menezes, A. Kirubarajan, A. Mullokandov, A. Sab-
harwal, A. Herrick, A. Efrat, A. Erdem, A. Karakas,
and et al., “Beyond the imitation game: Quantifying
and extrapolating the capabilities of language models,”
CoRR, vol. abs/2206.04615, 2022.

L. Gao, A. Madaan, S. Zhou, U. Alon, P. Liu, Y. Yang,
J. Callan, and G. Neubig, “PAL: program-aided lan-
guage models,” CoRR, vol. abs/2211.10435, 2022.

S. Roy and D. Roth, “Solving general arithmetic word
problems,” in Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing,
EMNLP 2015, Lisbon, Portugal, September 17-21, 2015,
L. Marquez, C. Callison-Burch, J. Su, D. Pighin, and
Y. Marton, Eds. The Association for Computational
Linguistics, 2015, pp. 1743-1752.

A. Amini, S. Gabriel, S. Lin, R. Koncel-Kedziorski,
Y. Choi, and H. Hajishirzi, “Mathqa: Towards inter-
pretable math word problem solving with operation-
based formalisms,” in Proceedings of the 2019 Confer-
ence of the North American Chapter of the Association
for Computational Linguistics: Human Language Tech-
nologies, NAACL-HLT 2019, Minneapolis, MN, USA,
June 2-7, 2019, Volume 1 (Long and Short Papers),

J. Burstein, C. Doran, and T. Solorio, Eds. Association



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 56

359]

360]

361]

362]

363]

364]

[365]

[366]

[367]

for Computational Linguistics, 2019, pp. 2357-2367.
W. Ling, D. Yogatama, C. Dyer, and P. Blunsom,
“Program induction by rationale generation: Learning
to solve and explain algebraic word problems,” in Pro-
ceedings of the 55th Annual Meeting of the Association
for Computational Linguistics, ACL 2017, Vancouver,
Canada, July 30 - August 4, Volume 1: Long Papers,
R. Barzilay and M. Kan, Eds.
tational Linguistics, 2017, pp. 158-167.

R. Koncel-Kedziorski, S. Roy, A. Amini, N. Kushman,
and H. Hajishirzi, “Mawps: A math word problem

Association for Compu-

repository,” in Proceedings of the 2016 conference of the
north american chapter of the association for compu-
tational linguistics: human language technologies, 2016,
pp. 1152-1157.

D. Dua, Y. Wang, P. Dasigi, G. Stanovsky, S. Singh, and
M. Gardner, “DROP: A reading comprehension bench-
mark requiring discrete reasoning over paragraphs,”
in Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies, NAACL-
HLT 2019, Minneapolis, MN, USA, June 2-7, 2019,
Volume 1 (Long and Short Papers), 2019, pp. 2368-2378.
S. Welleck, J. Liu, R. L. Bras, H. Hajishirzi, Y. Choi,
and K. Cho, “Naturalproofs: Mathematical theorem
proving in natural language,” in Proceedings of the Neu-
ral Information Processing Systems Track on Datasets
and Benchmarks 1, NeurIPS Datasets and Benchmarks
2021, December 2021, virtual, J. Vanschoren and S. Ye-
ung, Eds., 2021.

A. Q. Jiang, W. Li, J. M. Han, and Y. Wu, “Lisa:
Language models of isabelle proofs,” in 6th Conference
on Artificial Intelligence and Theorem Proving, 2021,
pp- 378-392.

K. Zheng, J. M. Han, and S. Polu, “minif2f: a cross-
system benchmark for formal olympiad-level mathemat-
ics,” in The Tenth International Conference on Learning
Representations, ICLR 2022, Virtual FEvent, April 25-
29, 2022. OpenReview.net, 2022.

Z. Azerbayev, B. Piotrowski, H. Schoelkopf, E. W.
Ayers, D. Radev, and J. Avigad, “Proofnet: Autoformal-
izing and formally proving undergraduate-level mathe-
matics,” CoRR, vol. abs/2302.12433, 2023.

D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine
translation by jointly learning to align and translate,”
in ICLR, 2015.

A. M. Rush, S. Chopra, and J. Weston, “A neural

368

369]

[370]

[371]

[372]

[373]

[374]

[375]

[376]

[377]

attention model for abstractive sentence summariza-
tion,” in EMNLP. The Association for Computational
Linguistics, 2015, pp. 379-389.

D. Chen, A. Fisch, J. Weston, and A. Bordes, “Reading
wikipedia to answer open-domain questions,” in ACL
(1). Association for Computational Linguistics, 2017,
pp. 1870-1879.

K. Papineni, S. Roukos, T. Ward, and W. Zhu, “Bleu:
a method for automatic evaluation of machine transla-
tion,” in Proceedings of the 40th Annual Meeting of the
Association for Computational Linguistics, July 6-12,
2002, Philadelphia, PA, USA. ACL, 2002, pp. 311-318.
C.-Y. Lin, “ROUGE: A package for automatic evalu-

I

ation of summaries,” in Text Summarization Branches
Out.
2004, pp. 74-81.

K. Yang, Y. Tian, N. Peng, and D. Klein, “Re3: Gener-

ating longer stories with recursive reprompting and revi-

Association for Computational Linguistics, Jul.

sion,” in Proceedings of the 2022 Conference on Empir-
ical Methods in Natural Language Processing, EMNLP
2022, Abu Dhabi, United Arab Emirates, December 7-
11, 2022, Y. Goldberg, Z. Kozareva, and Y. Zhang,
Eds. Association for Computational Linguistics, 2022,
pp. 4393-4479.

Y. Bang, S. Cahyawijaya, N. Lee, W. Dai, D. Su,
B. Wilie, H. Lovenia, Z. Ji, T. Yu, W. Chung, Q. V.
Do, Y. Xu, and P. Fung, “A multitask, multilingual,
multimodal evaluation of chatgpt on reasoning, halluci-
nation, and interactivity,” CoRR, vol. abs/2302.04023,
2023.

S. Gulwani, O. Polozov, and R. Singh, “Program syn-
thesis,” Found. Trends Program. Lang., vol. 4, no. 1-2,
pp. 1-119, 2017.

S. Zhang, Z. Chen, Y. Shen, M. Ding, J. B. Tenenbaum,
and C. Gan, “Planning with large language models for
code generation,” 2023.

M. Welsh, “The end of programming,” Commun. ACM,
vol. 66, no. 1, pp. 34-35, 2023.

B. Wang, X. Deng, and H. Sun, “Iteratively prompt
pre-trained language models for chain of thought,” in
Proceedings of the 2022 Conference on Empirical Meth-
ods in Natural Language Processing, EMNLP 2022, Abu
Dhabi, United Arab Emirates, December 7-11, 2022,
Y. Goldberg, Z. Kozareva, and Y. Zhang, Eds.
ciation for Computational Linguistics, 2022, pp. 2714—
2730.

O. Press, M. Zhang, S. Min, L. Schmidt, N. A. Smith,

Asso-



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 57

378]

379]

[380]

381]

382]

383

[384]

[385]

and M. Lewis, “Measuring and narrowing the com-
positionality gap in language models,” CoRR, vol.
abs,/2210.03350, 2022.

J. Ye, X. Chen, N. Xu, C. Zu, Z. Shao, S. Liu, Y. Cui,
Z. Zhou, C. Gong, Y. Shen, J. Zhou, S. Chen, T. Gui,
Q. Zhang, and X. Huang, “A comprehensive capabil-

” arXiv

ity analysis of gpt-3 and gpt-3.5 series models,
preprint arXiv:2308.10420, 2023.

M. McCloskey and N. J. Cohen, “Catastrophic interfer-
ence in connectionist networks: The sequential learning
problem,” in Psychology of learning and motivation,
1989, pp. 109-165.

R. Kemker, M. McClure, A. Abitino, T. L. Hayes,
and C. Kanan, “Measuring catastrophic forgetting in
neural networks,” in Proceedings of the Thirty-Second
AAAI Conference on Artificial Intelligence, (AAAI-
18), the 30th innovative Applications of Artificial In-
telligence (IAAI-18), and the 8th AAAI Symposium on
Educational Advances in Artificial Intelligence (EAAI-
18), New Orleans, Louisiana, USA, February 2-7, 2018,
2018, pp. 3390-3398.

A. Roberts, C. Raffel, and N. Shazeer, “How much
knowledge can you pack into the parameters of a lan-
guage model?” in Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Processing,
EMNLP 2020, Online, November 16-20, 2020, 2020, pp.
5418-5426.

G. Izacard, P. S. H. Lewis, M. Lomeli, L. Hos-
seini, F. Petroni, T. Schick, J. Dwivedi-Yu, A. Joulin,
S. Riedel, and E. Grave, “Few-shot learning with
retrieval augmented language models,” CoRR, vol.
abs/2208.03299, 2022.

K. Guu, K. Lee, Z. Tung, P. Pasupat, and M. Chang,
“Retrieval augmented language model pre-training,” in
Proceedings of the 37th International Conference on
Machine Learning, ICML 2020, 13-18 July 2020, Virtual
Event, 2020, pp. 3929-3938.

P. S. H. Lewis, E. Perez, A. Piktus, F. Petroni,
V. Karpukhin, N. Goyal, H. Kiittler, M. Lewis, W. Yih,
T. Rocktéschel, S. Riedel, and D. Kiela, “Retrieval-
augmented generation for knowledge-intensive NLP
tasks,” in Advances in Neural Information Processing
Systems 33: Annual Conference on Neural Information
Processing Systems 2020, NeurIPS 2020, December 6-
12, 2020, virtual, 2020.

Y. Lan, G. He, J. Jiang, J. Jiang, W. X. Zhao, and

J. Wen, “Complex knowledge base question answering;:

386

[387]

[388]

389]

[390]

391]

A survey,” CoRR, vol. abs/2108.06688, 2021.

S. Borgeaud, A. Mensch, J. Hoffmann, T. Cai,
E. Rutherford, K. Millican, G. van den Driessche,
J. Lespiau, B. Damoc, A. Clark, D. de Las Casas,
A. Guy, J. Menick, R. Ring, T. Hennigan, S. Huang,
L. Maggiore, C. Jones, A. Cassirer, A. Brock, M. Pa-
ganini, G. Irving, O. Vinyals, S. Osindero, K. Simonyan,
J. W. Rae, E. Elsen, and L. Sifre, “Improving lan-
guage models by retrieving from trillions of tokens,” in
International Conference on Machine Learning, ICML
2022, 17-23 July 2022, Baltimore, Maryland, USA, ser.
Proceedings of Machine Learning Research, K. Chaud-
huri, S. Jegelka, L. Song, C. Szepesvari, G. Niu, and
S. Sabato, Eds., vol. 162. PMLR, 2022, pp. 2206-2240.
B. Peng, M. Galley, P. He, H. Cheng, Y. Xie, Y. Hu,
Q. Huang, L. Liden, Z. Yu, W. Chen, and J. Gao,
“Check your facts and try again: Improving large lan-
guage models with external knowledge and automated
feedback,” CoRR, vol. abs/2302.12813, 2023.

S. Agarwal, 1. Akkaya, V. Balcom, M. Bavarian,
G. Bernadett-Shapiro, G. Brockman, M. Brundage,
J. Chan, F. Chantzis, N. Deutsch, B. Eastman, A. Eleti,
N. Felix, S. P. Fishman, I. Fulford, C. Gibson, J. Gross,
M. Heaton, J. Hilton, X. Hu, S. Jain, H. Jin, L. Kil-
patrick, C. Kim, M. Kolhede, A. Mayne, P. McMil-
lan, D. Medina, J. Menick, A. Mishchenko, A. Nair,
R. Nayak, A. Neelakantan, R. Nuttall, J. Parish,
A. T. Passos, A. Perelman, F. de Avila Belbute Peres,
V. Pong, J. Schulman, E. Sigler, N. Staudacher, N. Tur-
ley, J. Tworek, R. Greene, A. Vijayvergiya, C. Voss,
J. Weng, M. Wiethoff, S. Yoo, K. Yu, W. Zaremba,
S. Zhao, W. Zhuk, and B. Zoph, “Chatgpt plugins,”
OpenAlI Blog, March 2023.

A. Lazaridou, E. Gribovskaya, W. Stokowiec, and
N. Grigorev, “Internet-augmented language models
through few-shot prompting for open-domain question
answering,” CoRR, vol. abs/2203.05115, 2022.

A. Madaan, N. Tandon, P. Clark, and Y. Yang,
“Memory-assisted prompt editing to improve GPT-3
after deployment,” in EMNLP. Association for Com-
putational Linguistics, 2022, pp. 2833—-2861.

D. Dai, L. Dong, Y. Hao, Z. Sui, B. Chang, and
F. Wei, “Knowledge neurons in pretrained transform-
ers,” in Proceedings of the 60th Annual Meeting of the
Association for Computational Linguistics (Volume 1:
Long Papers), ACL 2022, Dublin, Ireland, May 22-27,
2022, S. Muresan, P. Nakov, and A. Villavicencio, Eds.



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 58

392]

393

394]

395]

396]

397]

398]

399

400]

Association for Computational Linguistics, 2022, pp.
8493-8502.

K. Meng, D. Bau, A. J. Andonian, and Y. Belinkov,
“Locating and editing factual associations in gpt,” in
Advances in Neural Information Processing Systems,
2022.

Z. Shao, Y. Gong, Y. Shen, M. Huang, N. Duan, and
W. Chen, “Synthetic prompting: Generating chain-of-
thought demonstrations for large language models,”
CoRR, vol. abs/2302.00618, 2023.

N. Bian, X. Han, L. Sun, H. Lin, Y. Lu, and B. He,
“ChatGPT is a Knowledgeable but Inexperienced
Solver: An Investigation of Commonsense Problem in
Large Language Models,” CoRR, 2023.

M. I. Nye, A. J. G. Gur-Ari,
H. Michalewski, J. Austin, D. Bieber, D. Dohan,
A. Lewkowycz, M. Bosma, D. Luan, C. Sutton,

Andreassen,

and A. Odena, “Show your work: Scratchpads for
intermediate computation with language models,”
CoRR, vol. abs/2112.00114, 2021.

J. Qian, H. Wang, Z. Li, S. Li, and X. Yan, “Limitations
of language models in arithmetic and symbolic induc-
tion,” CoRR, vol. abs/2208.05051, 2022.

W. X. Zhao, K. Zhou, Z. Gong, B. Zhang, Y. Zhou,
J. Sha, Z. Chen, S. Wang, C. Liu, and J. Wen, “Ji-
uzhang: A chinese pre-trained language model for math-
ematical problem understanding,” in KDD ’22: The
28th ACM SIGKDD Conference on Knowledge Discov-
ery and Data Mining, Washington, DC, USA, August 1
- 18, 2022, A. Zhang and H. Rangwala, Eds. ACM,
2022, pp. 4571-4581.

Q. Wang, C. Kaliszyk, and J. Urban, “First experiments
with neural translation of informal to formal mathe-
matics,” in Intelligent Computer Mathematics - 11th
International Conference, CICM 2018, Hagenberg, Aus-
tria, August 18-17, 2018, Proceedings, ser. Lecture Notes
in Computer Science, F. Rabe, W. M. Farmer, G. O.
Passmore, and A. Youssef, Eds., vol. 11006.
2018, pp. 255-270.

S. Polu and I. Sutskever, “Generative language mod-

Springer,

eling for automated theorem proving,” CoRR, vol.
abs/2009.03393, 2020.

A. Q. Jiang, W. Li, S. Tworkowski, K. Czechowski,
T. Odrzygézdz, P. Milos, Y. Wu, and M. Jam-
nik, “Thor: Wielding hammers to integrate language
models and automated theorem provers,” CoRR, vol.
abs/2205.10893, 2022.

[401]

[402]

[403]

[404]

405

[406]

407]

[408]

[409]

[410]

[411]

S. Polu, J. M. Han, K. Zheng, M. Baksys, I. Babuschkin,
and I. Sutskever, “Formal mathematics statement cur-
riculum learning,” CoRR, vol. abs/2202.01344, 2022.
A. Q. Jiang, S. Welleck, J. P. Zhou, W. Li, J. Liu,
M. Jamnik, T. Lacroix, Y. Wu, and G. Lample, “Draft,
sketch, and prove: Guiding formal theorem provers with
informal proofs,” CoRR, vol. abs/2210.12283, 2022.

Q. Lyu, S. Havaldar, A. Stein, L. Zhang, D. Rao,
E. Wong, M. Apidianaki, and C. Callison-Burch,
“Faithful chain-of-thought CoRR, vol.
abs,/2301.13379, 2023.

Y. Weng, M. Zhu, S. He, K. Liu, and J. Zhao, “Large
language models are reasoners with self-verification,”
CoRR, vol. abs/2212.09561, 2022.

X. Pi, Q. Liu, B. Chen, M. Ziyadi, Z. Lin, Q. Fu, Y. Gao,

J. Lou, and W. Chen, “Reasoning like program execu-

reasoning,”

tors,” in Proceedings of the 2022 Conference on Empir-
ical Methods in Natural Language Processing, EMNLP
2022, Abu Dhabi, United Arab Emirates, December 7-11,
2022, 2022, pp. 761-779.

A. Parisi, Y. Zhao, and N. Fiedel, “TALM: tool aug-
mented language models,” CoRR, vol. abs/2205.12255,
2022.

N. Nangia, C. Vania, R. Bhalerao, and S. R. Bowman,
“Crows-pairs: A challenge dataset for measuring social

7 in Proceedings of

biases in masked language models,
the 2020 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2020, Online, November
16-20, 2020, 2020, pp. 1953-1967.

R. Rudinger, J. Naradowsky, B. Leonard, and B. V.
Durme, “Gender bias in coreference resolution,” in Pro-
ceedings of the 2018 Conference of the North Ameri-
can Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, NAACL-HLT,
New Orleans, Louisiana, USA, June 1-6, 2018, Volume
2 (Short Papers), 2018, pp. 8-14.

W. Huang, P. Abbeel, D. Pathak, and I. Mordatch,
“Language models as zero-shot planners: Extracting
actionable knowledge for embodied agents,” in ICML,
ser. Proceedings of Machine Learning Research, vol.
162. PMLR, 2022, pp. 9118-9147.

T. Carta, C. Romac, T. Wolf, S. Lamprier, O. Sigaud,
and P. Oudeyer, “Grounding large language models
in interactive environments with online reinforcement
learning,” CoRR, vol. abs/2302.02662, 2023.

X. Puig, K. Ra, M. Boben, J. Li, T. Wang, S. Fidler,

and A. Torralba, “Virtualhome: Simulating household



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 59

[412]

[413]

[414]

[415)

[416]

[417)

[418]

[419]

activities via programs,” in CVPR. Computer Vision
Foundation / IEEE Computer Society, 2018, pp. 8494—
8502.

M. Shridhar, J. Thomason, D. Gordon, Y. Bisk,
W. Han, R. Mottaghi, L. Zettlemoyer, and D. Fox,
“ALFRED: A benchmark for interpreting grounded in-
structions for everyday tasks,” in CVPR. Computer
Vision Foundation / IEEE, 2020, pp. 10 737-10 746.

S. Srivastava, C. Li, M. Lingelbach, R. Martin-Martin,
F. Xia, K. E. Vainio, Z. Lian, C. Gokmen, S. Buch, C. K.
Liu, S. Savarese, H. Gweon, J. Wu, and L. Fei-Fei, “BE-
HAVIOR: benchmark for everyday household activities
in virtual, interactive, and ecological environments,” in
CoRL, ser. Proceedings of Machine Learning Research,
vol. 164. PMLR, 2021, pp. 477-490.

M. Ahn, A. Brohan, N. Brown, Y. Chebotar, O. Cortes,
B. David, C. Finn, K. Gopalakrishnan, K. Hausman,
A. Herzog, D. Ho, J. Hsu, J. Ibarz, B. Ichter, A. Ir-
pan, E. Jang, R. J. Ruano, K. Jeffrey, S. Jesmonth,
N. J. Joshi, R. Julian, D. Kalashnikov, Y. Kuang,
K. Lee, S. Levine, Y. Lu, L. Luu, C. Parada, P. Pastor,
J. Quiambao, K. Rao, J. Rettinghouse, D. Reyes, P. Ser-
manet, N. Sievers, C. Tan, A. Toshev, V. Vanhoucke,
F. Xia, T. Xiao, P. Xu, S. Xu, and M. Yan, “Do as
I can, not as I say: Grounding language in robotic
affordances,” CoRR, vol. abs/2204.01691, 2022.

J. Liang, W. Huang, F. Xia, P. Xu, K. Hausman,
B. Ichter, P. Florence, and A. Zeng, “Code as poli-
cies: Language model programs for embodied control,”
CoRR, vol. abs/2209.07753, 2022.

I. Singh, V. Blukis, A. Mousavian, A. Goyal, D. Xu,
J. Tremblay, D. Fox, J. Thomason, and A. Garg, “Prog-
prompt: Generating situated robot task plans using
large language models,” CoRR, vol. abs/2209.11302,
2022.

J. H. Clark, J. Palomaki, V. Nikolaev, E. Choi, D. Gar-
rette, M. Collins, and T. Kwiatkowski, “Tydi QA: A
benchmark for information-seeking question answering
in typologically diverse languages,” Trans. Assoc. Com-
put. Linguistics, vol. 8, pp. 454-470, 2020.

L. Gao, J. Tow, S. Biderman, S. Black, A. DiPofi, C. Fos-
ter, L. Golding, J. Hsu, K. McDonell, N. Muennighoff,
J. Phang, L. Reynolds, E. Tang, A. Thite, B. Wang,
K. Wang, and A. Zou, “A framework for few-shot lan-
guage model evaluation,” Sep. 2021.

Q. Zhong, L. Ding, J. Liu, B. Du, and D. Tao, “Can

chatgpt understand too? A comparative study on chat-

[420]

[421]

[422]

[423]

[424]

[425]

[426]

[427]

[428]

[429]

[430]

[431]

gpt and fine-tuned BERT,” CoRR, vol. abs/2302.10198,
2023.

J. Kocon, I. Cichecki, O. Kaszyca, M. Kochanek,
D. Szydlo, J. Baran, J. Bielaniewicz, M. Gruza, A. Janz,
K. Kanclerz, A. Kocon, B. Koptyra, W. Mieleszczenko-
Kowszewicz, P. Milkowski, M. Oleksy, M. Piasecki,
L. Radlinski, K. Wojtasik, S. Wozniak, and P. Kazienko,
“Chatgpt: Jack of all trades, master of none,” CoRR,
vol. abs/2302.10724, 2023.

C. Qin, A. Zhang, Z. Zhang, J. Chen, M. Yasunaga, and
D. Yang, “Is chatgpt a general-purpose natural language
processing task solver?” CoRR, vol. abs/2302.06476,
2023.

Y. Ma, Y. Cao, Y. Hong, and A. Sun, “Large language
model is not a good few-shot information extractor,
but a good reranker for hard samples!” CoRR, vol.
abs/2303.08559, 2023.

X. Chen, J. Ye, C. Zu, N. Xu, R. Zheng, M. Peng,
J. Zhou, T. Gui, Q. Zhang, and X. Huang, “How robust
is gpt-3.5 to predecessors? a comprehensive study on
language understanding tasks,” 2023.

M. Jang and T. Lukasiewicz, “Consistency analysis of
chatgpt,” CoRR, vol. abs/2303.06273, 2023.

R. Tang, X. Han, X. Jiang, and X. Hu, “Does synthetic
data generation of llms help clinical text mining?” arXiv
preprint arXiv:2303.04360, 2023.

O. Nov, N. Singh, and D. M. Mann, “Putting chat-
gpt’s medical advice to the (turing) test,” CoRR, vol.
abs,/2301.10035, 2023.

S. Chen, B. H. Kann, M. B. Foote, H. J. Aerts, G. K.
Savova, R. H. Mak, and D. S. Bitterman, “The utility
of chatgpt for cancer treatment information,” medRxiv,
2023.

L. Yunxiang, L. Zihan, Z. Kai, D. Ruilong, and Z. You,
“Chatdoctor: A medical chat model fine-tuned on llama
model using medical domain knowledge,” 2023.

K. Jeblick, B. Schachtner, J. Dexl, A. Mittermeier, A. T.
Stiiber, J. Topalis, T. Weber, P. Wesp, B. O. Sabel,
J. Ricke, and M. Ingrisch, “Chatgpt makes medicine
easy to swallow: An exploratory case study on simplified
radiology reports,” CoRR, vol. abs/2212.14882, 2022.
H. Nori, N. King, S. M. McKinney, D. Carignan, and
E. Horvitz, “Capabilities of gpt-4 on medical challenge
problems,” vol. abs/2303.13375, 2023.

B. Guo, X. Zhang, Z. Wang, M. Jiang, J. Nie, Y. Ding,
J. Yue, and Y. Wu, “How close is chatgpt to human

experts? comparison corpus, evaluation, and detection,”



AXFEXF. BR. RERIA RUC Al Box BT, HRZRERAZRLAESEXIEERRE. 60

[432]

[433]

[434]

[435]

[436]

[437]

438]

[439]

440]

[441]

[442]

[443)

[444]

[445]

[446)

CoRR, vol. abs/2301.07597, 2023.

V. Liévin, C. E. Hother, and O. Winther, “Can large
language models reason about medical questions?”
CoRR, vol. abs/2207.08143, 2022.

G. Kortemeyer, “Could an artificial-intelligence agent
pass an introductory physics course?” arXiv preprint
arXiw:2301.12127, 2023.

S. Bordt and U. von Luxburg, “Chatgpt participates in
a computer science exam,” CoRR, vol. abs/2303.09461,
2023.

K. Malinka, M. Peresini, A. Firc, O. Hujnak, and
F. Janus, “On the educational impact of chatgpt: Is ar-
tificial intelligence ready to obtain a university degree?”
CoRR, vol. abs/2303.11146, 2023.

T. Susnjak, “Chatgpt: The end of online exam in-
tegrity?” CoRR, vol. abs/2212.09292, 2022.

A. Blair-Stanek, N. Holzenberger, and B. V. Durme,
“Can GPT-3 perform statutory reasoning?” CoRR, vol.
abs,/2302.06100, 2023.

F. Yu, L. Quartey, and F. Schilder, “Legal prompting:
Teaching a language model to think like a lawyer,”
CoRR, vol. abs/2212.01326, 2022.

D. Trautmann, A. Petrova, and F. Schilder, “Legal
prompt engineering for multilingual legal judgement
prediction,” CoRR, vol. abs/2212.02199, 2022.

J. H. Choi, K. E. Hickman, A. Monahan,
D. Schwarcz, “Chatgpt goes to law school,” Awvailable
at SSRN, 2023.

J. J. Nay, “Law informs code: A legal informatics ap-

and

proach to aligning artificial intelligence with humans,”
CoRR, vol. abs/2209.13020, 2022.

A. Tamkin, M. Brundage, J. Clark, and D. Ganguli,
“Understanding the capabilities, limitations, and so-
cietal impact of large language models,” CoRR, vol.
abs/2102.02503, 2021.

Z. Sun, “A short survey of viewing large language mod-
els in legal aspect,” CoRR, vol. abs/2303.09136, 2023.
A. Abid, M. Farooqi, and J. Zou, “Persistent anti-
muslim bias in large language models,” in AIES ’21:
AAAI/ACM Conference on Al, Ethics, and Society,
Virtual FEvent, USA, May 19-21, 2021, M. Fourcade,
B. Kuipers, S. Lazar, and D. K. Mulligan, Eds. ACM,
2021, pp. 298-306.

A. Borji, “A categorical archive of chatgpt failures,”
CoRR, vol. abs/2302.03494, 2023.

M. Kosinski, “Theory of mind may have sponta-

neously emerged in large language models,” CoRR, vol.

[447]

[448]

[449]

[450]

abs/2302.02083, 2023.

M. M. Amin, E. Cambria, and B. W. Schuller, “Will
affective computing emerge from foundation models and
general ai? A first evaluation on chatgpt,” CoRR, vol.
abs/2303.03186, 2023.

R. Aiyappa, J. An, H. Kwak, and Y.-Y. Ahn, “Can we
trust the evaluation on chatgpt?” vol. abs/2303.12767,
2023.

H. Cho, H. J. Kim, J. Kim, S. Lee, S. Lee, K. M. Yoo,
and T. Kim, “Prompt-augmented linear probing: Scal-
ing beyond the limit of few-shot in-context learners,”
CoRR, vol. abs/2212.10873, 2022.

Y. Tay, M. Dehghani, D. Bahri, and D. Metzler, “Ef-
ficient transformers: A survey,” ACM Comput. Surv.,
vol. 55, no. 6, pp. 109:1-109:28, 2023.



	引言
	概述
	大语言模型的背景
	GPT系列模型的技术演进

	大语言模型资源
	公开可用的模型检查点或API
	常用语料库
	代码库资源

	预训练
	数据收集
	数据来源
	数据预处理
	预训练数据对大语言模型的影响

	架构
	主流架构
	详细配置
	预训练任务
	总结与讨论

	模型训练
	优化设置
	可扩展的训练技术


	大语言模型的适配微调
	指令微调
	格式化实例的构建
	指令微调策略
	指令微调的效果

	对齐微调
	对齐微调的背景和标准
	人类反馈的收集
	基于人类反馈的强化学习

	高效微调
	参数高效微调方法
	大语言模型上的参数高效微调


	使用
	上下文学习
	上下文学习的形式
	示范设计：
	底层机制

	思维链提示
	使用思维链的上下文学习
	关于思维链的进一步讨论


	能力评测
	基础评测任务
	语言生成
	知识利用
	复杂推理

	高级能力评估
	与人类对齐
	与外部环境的互动
	工具使用

	公开基准和经验性分析
	评测基准
	大语言模型能力的综合分析


	总结与未来方向

