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F—PNER: Pre-training, FFAXRELERZESTHTII
FE_MER: Fine-tuning, $XM4SE(IBEHENETE Eﬂﬁ?—}h‘ﬁféﬁﬁ

= *T{E%Tt
.Wa

J m&% ( -

l

AU AIEF



XERfG—

L Fill4x - fEsETy
OHIARNAS: 1BSRE

RELSEHINRZAE A

10000

UK,

University of Chinese Academy of Sciences

NEEIBALSTE

AR BFE RS
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Model Tuning Pre-trained Model
(11B params)
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& Batch (11B params)
E 100 )
(0]
& b1 h
(=)l
£ Task B Task B Model
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Language Models are Few-Shot Learners. 2021.
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MLM
head

MIRSET\
IMER

S NBIESEMA—K

great MLM no CLS label:positive
terrible v head utterly 4 head label:negative v/

Vocab V Vocab V Label space YV

[ [CLS] it'sa MASK movie in every regard , and [MASK ]| painful to watch . [SEP] J

No reason to watch . [SEP] ]

(a) MLM pre-training (b) Fine-tuning

UM — T ¥E Y1) N5 1BRAIRA!

Making Pre-trained Language Models Better Few-shot Learners. 2020. 6
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RENE YRR

dE3=> (Prompt Learning) BWigitFlZIiEa (prompt) |
B NESEFRA TSGR E BRI

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021. 12
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RAIiE: ESgiHaNRTRERIERGEDNIRESX

“E RRFX RRIIE
(VR LAE ATLRT / BohES ATLigit B>
=ald 2 ({fittprompt24R) & (FHESE)
BRI I wE (T £ ("5
RiglE HYEE (FEFZ) = (FJBERTEEX)
RERZE Prompt Tuning, Prefix Tuning In-Context Learning, CoT

IRARFES): BIRFMEATEISHBNERNFMZEATR
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REDE

RaIiE: ESigiHaNRTRERIERGE DI

B—MER: SBRER:
In-Context Learning Chain-of-Thought
I A
r ) e A

OpenAlZRfHGPT-3, }2 Google’RfFLAN, %¥5[@Decoder In-Context Learningffizy, Google&ZfiLaMDA Google’kfiPaLM (540B) OpenAlk
BAMB  yiDemonstrationtfi 2 onlyf®&! 12 HInstruction-tuning ffl21MetalCL, CBU  (137B) 3|AXfi&Prompt {#FChain-of-Thought #GPT-4

EERE
2020458 20214108 2022458 2022414 20224F4H 2023438
O O O O O O O O O O O
i ey s 8 2021412 ~20225H 20224F1F ~20224508 202265 ~2023%35
13.‘5%*’& PET. LM-BFF PPT, P-tuning, MetaPrompt Tuning. PromptiE S TIHESH)  Promptix RE/MEE
== REDEES Prefix-tuning%ig ProQAS R 4T — 1R [z F3 EORER
85X B BURAR AR
& 2 J
| @ [
B—hrEr: SBRER:
FOE/IMERARRIZIT Promptgi—ER Z1EHF)

IRARFES): BIRFMEATEISHBNERFMZEATR
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EZ (Elements)
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® 5= (Instruction) : BAIRSIRARETEZSWNIIES, U “‘REXEX AR
® "X (Context) : Ok, REKRHIBRBEFZTESHVEESR
® G A\ZHE (Input Data) : Tk, REHREIKENVEIBEER
® fi15/n (Output Indicator) : Ok, RMREERDENNE
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Dbkﬂif&ﬂ% QIEMBLA NEHRN:
o {EFENT. PRNESHRIOM
o ENBHRHTLHNERER
® BIRARME. I SHIRENRIA

L EFRETIER:

® Awesome ChatGPT Prompts https://github.com/f/[prompts.chat
® Prompting Guidexhfix https://www.promptingguide.ai/zh
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AT I S NS

J ZIRRIEEX o
® Zero-shot: Fofll, (ESBHER it el sl sk o
® One-shot: BB e —
® Few-shot: DEFA (AT

Few-shot

In addition to the task description, the model sees a few One-shot

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

example of the task. No gradient updates are performed.
Translate English to French: task description
Translate English to French: task description

sea otter => loutre de mer examples sea otter => loutre de mer example
peppermint => menthe poivrée N cheese => prompt
plush girafe => girafe peluche J: 3 <
cheese => prompt
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® HiZi®a (Direct Prompting) :

o BRI (Chain-of-Thought, CoT)

® B—1E (Self-Consistency)

® 28I (Reflection)

L URE

=

BGOSR
. S|HIRE
IR EIREN DS

(o EE;;EEH_T Direct Prompting )
2

TN\e
(et = @ D)

R\, BERELSR,

QAR BEERELEE. MEHNER)

BISEYRTESHITE. BARAREAY)

9 U?ﬁﬁiﬁa‘: Chain of Thoughtw
8 A=5,B=10, what is A+B? _J\?
(Let A=5 )= (Let B=1®\ (G_¢

(So A+B:5=10) @e answer i@
S| FEMEREFEETE,

BEFS1E

[ 9 E_ﬂﬁﬁﬂ? Self-Consiste

@@
(ER @@= 2

i1 R, EH—HER.

\ REEEHRE

N@Eno=Q) P

N

ncy

!LZHEE:

é h
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\
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%FE& EIE
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4 GPT-3 818

H ETx=> (In-Context Learning, ICL) |, 7E

Zero-shot, Few-shotiz= NiFBA SBMM

Accuracy

Lambada
Human

90

80

70 __ Zero-Shot SOTA W
60 </
50 //'/

40

—e— Zero-Shot
30 —e— One-Shot

—e— Few-Shot (K=15)
20

0.1B 0.4B 08B 1.3B 2.6B 6.7B 13B 175B
Parameters in LM (Billions)

Figure 3.2: On LAMBADA, the few-shot capability of language models results in a strong boost to accuracy. GPT-3
2.7B outperforms the SOTA 17B parameter Turing-NLG [Tur20] in this setting, and GPT-3 175B advances the state of

the art by 18%. Note zero-shot uses a different format from one-shot and few-shot as described in the text.

Language Models are Few-Shot Learners. 2020. 22
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T ARICL?

O AHIENER, NESRENBEIRARTPHNISETRTH,
TmemiRiiSEl, Bl NBES

(Review: Delicious food!  Sentiment: Positive |
k Demonstration { Review: The food is awful. Sentiment: Negative
Examples
Template Nei Review: Terrible dishes!  Sentiment: Negative
Review: [Text] Query '{ \Review: Good meal! Sentiment: )
Sentiment: [Label] l Input
Text T Label [ Large Language Model J
Delicious food! 1 Parameter Freeze
The food is awful.
Terrible dishes! 0 J, Output
Positive

A Survey on In-context Learning. 2023. 23
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R, AR

UEOBERVAIN

B WRHISRE: BMRARE, SrbRE
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1 MVERSETHINE. THEXN. BAESDH. FES
8. WA, ERENE

Demonstrations Distribution of inputs Label space
Circulation revenue has increased by 5% in Finland. \n Positive
Format
Panostaja did not disclose the purchase price. \n Neutral (Th e use
Paying off the national debt will be extremely painful. \n Negative Of pairs)
Test example Input-label mapping

The acquisition will have an immediate positive impact. \n ?

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021. 20
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Q1. RIS : ;RaC

1B M zero-shot
— few-shot —»

many-shot, 4gE
ZLEFH, B
W OJRES|IAIRE

[

Accuracy (%)

T HEEBIEE

Zero-shot One-shot Few-shot

175B Params

Natural Language
60 Prompt

\

50
40
30 No Prompt

20

10
1.3B Params

0 10 10
Number of Examples in Context (K)

26

Language Models are Few-Shot Learners. 2020.
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0 2. R plERM: TBEIS=R0RIABIE XL

il

® {FABXmBl (BEATIE — BT L)
The movie is boring — Negative

® SR

The food is terrible — Negative

© WERTIEL, EEEEEE,
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3. WAXAEDH: BREIXDH. BEXME. XEEREST,
TBIEHER D MR ERITNVEIA

() 1ERIVHDHEIERT (2) ANEFFDHBVRT

FEMRITMANIER T 5%, \n FAK AR ARE. R E. \n \n 57
Panostajazk i E UL . \n H4 (2 =¢: - E Bo \n \n fAH
EZEEEFREEREREN, \n SHK N SRAAE DL — 2 T fife e+ +\n \n IETH
ZASITEEAHISERINE, \n %A E O EE AN A FraE . \n

" ' {

M CCHFIFFEYL 7HFF )
RIS AR 168 FASmigy, thisr B

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?. 2022. 28
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Q5. BA-IRERSY: WASITERRERRE

() mEESMNERLERR

FENRITIAIERT 5%, \n
Panostajazk# Z WM 1L, \n
EREREEREEER, \n
ZAE Tt EEWFEISEEIRE, \n
{
AR IEH!

*I \*&
%
HIR

A, —3X

(2) mEREVIREREEIRT

BZ=MAITVNIER T 5%, \n
Panostajazx i UMM 1L \n
ERERGEREREN, \n
ZAEITHAEZ EN DS BFINE, \n
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4 6. ARV RBPINALRA TN (WBRIBES. FME. JSONF)

AUk
o BRIESHBAN
BIANYZA: |love it
SRS Positive
® JSONER
(“SCARIAR”: “l love it”, “IERXFRE " "Positive"}
< REES WERHE) BSBUSIEIRLE.
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ICLAMNIfE?

U RENEESEIIIGNER N S @BRFMES Bl1, BE%
EEFMRNRBAEMES LHIEEE) 7

ICLALIB 737 :
fRTVIUITHTHEER AR

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021.
Transformers Learn In-Context by Gradient Descent. 2022. 52
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ICL-BRzV AT ETER BRI

QBE=T7H (BRA, REWFE) , REQOENHITHIKT?

'BERD2E (Sentiment Classification) J DR (Topic Classification)
F=RRTTHINIERT 5%, // IEH S =RIRITINIBK T 5%, // EFl
PanostajaRiKE WM. // % tfIENFCEERZREW T ... // BB
= E i EREREEN, / Al ERAT. . BESHNFAR. // B
ZAB T EEWAERENE. // ZAB)TEEWAEAREENRE. //

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021. 33
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ICL-BRV AT HT R RIS

NS

O RIBRENTA, REZFIM{ES RO (Z)IRRERED R

(B), HISE—EBRGHNNN R \
SF=HRITENIBKT 5%, // IEE SF=HRITUEANIEKT 5%, // &R/l
Panostajazx X WM&, // iE I ENFCEERZEREMT ... // AB
EREFEENEREN. / A ERRE.L.BESCHREAL. /B \_/\i_-l%%%/_{?]
BT EHEWFEEENE., // At EHEWAEGERE., // q-_.llgrmlu\
(concept)
ERbFTEER )

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021. e
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ICL-BRzV AT ETER BRI

O AETIZRNTE:, REBEINARENZR SERBEBAMS
O AEHIEME, RERBR™IPRA, REUMINGZPIISH
RLEBHEMS, PALSTRFETES

l—iﬁl\g?ﬂ%g i S THUF MEEXERIT. BUER, B7E 1861
(BIn, f5a%a) G, wrmEpe)) = EE 1865 FHEEXREE 16 E5%. MERLFR
PEFTER, thiE...

A () Wit (y) SR
2. M—’l\#ﬁt&%ﬁﬂ@ 0 L Ty — |
S en - TEEF AR XEA
7 , BEBE
;;%%?%Efﬂ’—ﬁ@% — BiRKE-HiE BDEA \n

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021. 45
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® SCnth FTRENREER)

® VAT, FENENSIELI)

® FTE S FRBVKEX

® U\ REMBNSOARARFH
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An Explanation of In-context Learning as Implicit Bayesian Inference. 2021.



“ .
68 YT RRT
o 4 University of Chinese Academy of Sciences

ICL-BRzV AT ETER BRI

1 ESERTS Ui IS FE T RANAHSMZ0 I HHATEE,
IREUEREHENT I IZS, RIREXN RS (ESRTTUN

p(output|prompt) = / p(output|concept, prompt)p(concept|prompt)d(concept).

concept \ \

S RTIROE K T 5%, // S
iy | TENFCRERRENT .. /4R
FEERR oo mrsrwnme. /g

ZAB it EEWFHESRNE. //

An Explanation of In-context Learning as Implicit Bayesian Inference. 2021. e
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fR\ UL Hr R RS . SERURR

O MO THEIRFICLEYSRIB =

A — 7 . . . .
® EHU }\_ *l-ﬁ%ﬂg&%j Demonstrations s ibyrion of inputs Label space
Circulation revenue has increased by 5% in Finland. \n Positive
Py E,ar /\ ﬁj\?ﬁ . Format
H_I Panostaja did not disclose the purchase price. \n Neutral (Th e use
. $:l__ K/‘\ rB Paying off the national debt will be extremely painful. \n Negative Of pairs)
o — . Test example Input-label mapping
. ]:IE/_J_\*%Ik , The acquisition will have an immediate positive impact. \n ?

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?. 2022. 38
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FRTV DU HT R AR SRR

H

181 ICLOR g A - e
® No Demos: {Xiai A2

® Demos w/ gold labels: RIS EKHA - BIEXN (NELETNEY)
® Demos w/ random labels: RRIAWAARE, WHMEILEESHEYRE

liml

s 2R F-FHA

65 Classification 75 Multi-choice

60 No Demos Demos w/ gold labels Demos w/ random labels 70 No Demos Demos w/ gold labels Demos w/ random labels
~55 ~ 65
X X
=50 .50
Las @ 55
5 =
g 40 0 50

Q

2 35 <45

30 40

> MetalCL (774M) GPT (6B) GPT-3 (175B) 3" MetalCL (774M) GPT (6B) GPT-3 (175B)

BSOS BIRNMEARE, RATIMASERR e, R

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?. 2022.
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FRTV DU HT R AR SRR

1 £5i82: ICLOMERDMmIMNGE (OOD) =SEUREUIERE T

60
355
X
<50
I 45
1
© 40
S35
= 30
25

60
~55

X

< 50

§45

~

2

@]

< 30
25

2 Classification

A

Direct MetalCL Channel MetalCL Direct GPT]

Multi-choice

Channel GPT-]

L

Direct MetalCL Channel MetalCL Direct GPT-]

Channel GPT-]

FLI M
Gold labels VA4
Random labels KX —
OOD + Random labels v v X X o=
No demonstrations X X XX

F: Format

L: Label space o
I: Input distribution ¢
M: Input-Label Mapping

OOD: &R hINIE

T

Figure 8: Impact of the distribution of the inputs. Evaluated in classification (top) and multi-choice (bottom). The

impact of the distribution of the input text can be measured by comparing ! and

exception 1n Direct MetalCL (discussion 1n Section J.1).

.|The gap is substantial, with an

40

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?. 2022.
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FRTV DU HT R AR SRR

H £5i83: = EeY
}

60
~55
S

<50
I 45
© 40
S35
= 30

25

Classification

<

|

A

Direct MetalCL Channel MetaIlCL Direct GPT-] Channel GPT]

Multi-choice J

L)
8

Direct MetalCL Channel MetalCL Direct GPT-] Channel GPT]

—tREFATIRE MR
|

F
Gold labels v
Random labels v
Random English words v
No demonstrations X

> X
ERNENEN
> XX T

F: Format p—
L: Label space

I: Input distribution

M: Input-Label Mapping

MRERAS T EFBENL
LB RESRSE

Figure 9: Impact of the label space. Evaluated in classification (top) and multi-choice (bottom). The impact of

the label space can be measured by comparing I and " . [The gap is significant in the direct models but not in the

channel models (discussion 1n Section J.2).

Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?. 2022.
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RV HTEEE A% SREuZ518

O ICLEYMEREIR R EERIRT

WAL, ARSI

Signal for Bayesian inference

Input distribution

Output space

Circulation revenue has increased by 5% in Finland.

\n Neutral

Panostaja did not disclose the purchase price.

Paying off the national debt will be extremely painful.

\n Positive

\_/
Input—Mpping

x: RFETXZINRENG, SAFLEESH

ANEMREERSR, BARERGSE—SIE.

Random outputs add noise,
but doesn’t remove all signals
for Bayesian inference

https://ai.stanford.edu/blog/understanding-incontext/ 42
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BT

4 B49% (Chain of Thought, CoT) BEIZEIVEMNDPEIEIRSE,
PABaR KiESREESMMESPEVEIREED

fnER T IE BRI
(( BWREEA = /( RN
BARES MWK, XL T20MIK, SiHEE3 . BANESTWEK, T T2HENIK, SiEE3
AWJISR it INER Z D NRIEK? AWHSR thIM7ER 2 NRIIR?
A: BER, A: BARFHABS TNk, 25ESH3IMIK, H64
. AWBR°5+6 1, BRENM,
Q: BEF23MNER, MRMIIE20MIFE,
NETET, 1&&&%""%35’&? D BREE2MER, MRMMB20MEIFE, X
;&76’\ fNIMERZ D INER?
e P,
.
| ERmgw | ERGE
A: §§15E27° x A: ﬁgﬁME23Aﬁ%o ﬂﬂfﬂﬁZO’\ﬂfFﬁo Fﬁ
AR 23-20 =3 4, HAIINZT6NER,

FRAti 1B 3+6 =91, =§E9 v

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. 2022. 44
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31, 61 B, 5+6=11,

BERRB .

7/

Q: FTH1EI500MBFRERSZ D
KRR

IEIR: (a) 1156 (b) 1392 (c) 1480
(d) 1562 (e) 1788 O]

A 1BI9FIN—I, 10319975
901N FEfiIE. 100%I50084014
I¥. 9 +90(2) +401(3) = 1392, |
ZEXE b) .

BB
Q BEFREREF 1943F681H%

, BHIET—XEISK, 10XH]
B’JE%EILEJTLE (MM/DD/YYYY)?

A: 1943F6 H1HEMN—XKZE 1943
F6H2H, FﬁLA@?&E1943‘:‘EGH
2H., @352‘1&91035& —0-
58238, FIAERE
05/23/1943,

A HEER

Q UM TFaF2E5E? "E65-18
EEEFNFC%%'REEF'?&E? R#

A EG-BRERE—B RGN
51, NFCIRiR#E 2R MR —

EE?AJFEEH% @ '
FEERE, @‘ A

BE— 1 FEHHE

Q: BY "Lady Gaga" 2RM&E—1
FEFFHEHBHE,

A: "Lady" NERE—1FBR "Y'
"Gaga" MRE—1FEE "a"
HHEEIZ "ya". FIERE »~

ya. Loyl
G*9%

Em#E (CATIRER)

Q: iEmIEm#A L. HBIUREEY% THE
. DR BEEETD. Bhik
= 1IEHE A L03?

A: BEM#RMBIU/REREE T . PRLAREMD
BT UR, XB—1TFH. @m
FANETRL, MY ®
B, CHREYL.

F ﬁ Lxggmgo
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L BERALIZTR.

MultiArith
SST2 GSM8K

IBIEIEIE

AddSub

CoNLLO3

86.6 92.6

SAMsum AQUA-RAT

38.8

MuTual SingleEq
90.2 : 924
86.4 90
BoolQ 204 £8.8 o7 @ SVAMP
93.2 #5216 79.4
96.6 6 81.2
CcB : CSQA
69.8 gy 4 41.2
92.8 74.6
72.2 0.8
87.6
RTE i g StrategyQA
/ 74.6 80.4
93
Object \ COPA
Date ) Last Letter
Coin Flip
mmmm ChatGPT  mssss GPT-3.5 Fine-tuning
J

BT RHHER

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. 2022.

SHRIEBFIIR

SVAMP
S

solve rate (%)
NS O
o S O

University of Chinese Academy of Sciences

I

hERINZRL

—

Standard prompting
—o— Chain of thought prompting
Prior supervised best

042 8 137 035 7

175 8 62 540

Model scale (# parameters in billions)
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BT TFRIE

O BAERAENIE:

'
ul

LA

M =RE2'E

=
an

5 | SRS R ERHEL
> ToREGEIRAIERK.

RS L

P HERERRINTE—T
PEET, NES

{ESERAYHRER

BRI, ZUREIHZSA],

RSN,

R,
TCiEE

ALEtR A R SIS HEER RIS EMETT, (£5
BT T RARAI R FEFIL.

Standard Prompt

Cirectly diffedirectly on
error answer. for inssmen:

There answer ansaver you ‘an error
shoul to the task.

he =5 40,6

CoT Standard Prompt

Gives this prompt, cloes the arouing
sstep to presenring at 1 (— 5) and
enfor step =1

Do effoeng presswe ssint:

[at+31—0) 7 }

~Such + (a,..,0)

LsUCm( o]{-z——z j
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! C) Unevaluated\‘:
thought |

(a)lo

@ Positive '
thought |

- - -

C} Negative i
.\ thought |

(b) CoT

T
L

(c) CoT-SC
Input
-

Voo
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Zero-shot CoT

O BRERBLEHE: NRERH, RI0—0R:: “Let’s think
step by step.” (IER{1—FFBE)

O DERBHES: TP THEEIERG]

(b) Few-shot-CoT

LT

ﬁRoger has 5 tennis balls. He buys 2 more cans of teﬁ
(d) Zero-shot-CoT (Ours) balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
/QZ A juggler can juggle 16 balls. Half of the balls are golf balls,\ A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
and half of the golf balls are blue. How many blue golf balls are tennis balls. 5 + 6 = 11. The answer is 11.
?
X]:eiii,s think step by step. Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
(Output) There are 16 balls in total. Half of the balls are golf there?
balls. That means that there are 8 golf balls. Half of the golf balls A:
Qre blue. That means that there are 4 blue golf balls. v/ J , _
(Output) The juggler can juggle 16 balls. Half of the balls are golf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
\{ue. So there are 8/ 2 = 4 blue golf balls. The answer is 4. .//

Large Language Models are Zero-Shot Reasoners. 2022.
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Zero-shot CoT

O SHERRDEGEIOE: SR TPromptiX NI THEE

HeEX

[1st prompt]
Reasoning Extraction

Q: On average Joe throws 25 punches per
minute. A fight lasts 5 rounds of 3 minutes. How
many punches did he throw?

A: Let's think step by step.

2 >~
LLM !
L '
1
/
In one minute, Joe throws 25 punches. /

In three minutes, Joe throws 3 * 25 = 75 punches.
In five rounds, Joe throws 5 * 75 = 375 punches.

[2nd prompt]
Answer Extraction

University of Chinese Academy of Sciences

RIS 3

fQ: On average Joe throws 25 punches per
minute. A fight lasts 5 rounds of 3 = -+
A: Let's think step by step.

\

In one minute, Joe throws 25 punches. - -In five

rounds, Joe throws 5 * 75 = 375 punches. .
Uherefore, the answer (arabic numerals) is

/

<

LLM

L

| 375.

Large Language Models are Zero-Shot Reasoners. 2022.
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Auto-CoT

d B&)B4EHE (Auto-CoT) : —FfIB)CEYBEIHRTIEN DA
A WP ZINRRE: ( ) (3w s mry‘

Q: While shopping for music online, Zoe bought 3 ... ] . .

PE9 d pop albums. Each album came with a lyric sheet and had 3 songs. How |
many songs did Zoe buy total?
A: Let's think step by step. Zoe bought 3 country albums. Each album has 3

1

1

1

1

1

:

1

I songs. So she bought 3*3=9 songs from the country albums. Zoe bought 5
! pop albums. Each album has 3 songs. So she bought 5*3=15 songs from
1

1

1

1

1

1

1

1

1

1

1

1. BIREEESE: RO :

[ Q: A chef needs to cook 9 potatoes. He has already... ]
/

-1 ¢¢ /"ﬁ b N Y,
— / b (\)\\-\ usterin / /O \ )
2 ROUBR: MEZGER | S T S

the pop albums. Zoe bought 9+15=24 songs in total. The answer is 24.

- —>{1 Q: A chef needs to cook 9 potatoes. He has already cooked 7. If each

| potato takes 3 minutes to cook, how long will it take him to cook the rest?

| A: Let's think step by step. The chef has already cooked 7 potatoes. That
means it has taken him 7 * 3 minutes to cook those 7 potatoes. That means

it will take him 3 more minutes to cook each of the remaining 2 potatoes ...

i S —

\ ~ —_ : —_ e
1‘bﬁ | Dj Bﬁ ’ Ze rO—S h Ot S ., g Q: A pet store had 64 puppies. In one day they sold 28 of them and put

I 1
I 1
I 1
1 the rest into cages with 4 in each cage. How many cages did they use?
Demo Construction | y g yeag Y ;
I |

A: Let’s think step by step.

CoT LR IRAEEN T < S B

[ Q: While shopping for music online ... A: Let's ... ] Test Question In-Context Reasoning

V.

The pet store had 64 puppies. They sold 28 of them. That means they have

[ ]
[ ]
[ Q: A chef needs to cook 9 potatoes ... A: Let’s ... ] 36 puppies left. They put the rest into cages with 4 in each cage. That
means they have 9 cages. The answer is 9.

: Sampling by Selection Criteria

Automatic Chain of Thought Prompting in Large Language Models. 2022. 53



CoT-SC

d B588445% (Self Consistency with CoT)

11J-

ERF

Chain-of-thought
prompting

Self-consistency

ﬂ): If there are 3 cars in the parking \
lot and 2 more cars arrive, how many

cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2=>5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How

A RRHETRERIR, I

much does she make every daly?

Q:

Self-Consistency Improves Chain of Thought Reasoning in Language Models. 2022.

Language
model

Language
model

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasoning paths ”,
e e e e e - w— —
She has 16 - 3 - 4 = 9 eggs
{ left. So she makes $2* 9= | The answer is $18.
$18 per day. |

J
~

This means she she sells the

remainder for $2 * (16 - 4 - 3)  The answer is $26.

= $26 per day. |
1 J

~

She eats 3 for breakfast, so |
she has 16 - 3 =13 left. Then |
she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So

shehas 9 eggs* $2=$18. |

YA TRRT

University of Chinese Academy of Sciences

LT EEREFS

'Lﬁﬁgﬁhw—ﬂﬁax

The answer is $14.

Marginalize out reasoning paths
to aggregate final answers

The answer is $18. }
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CoTLSHERAR: XoTFRA

O BEFENSATREE: BEN (Tree of Thought) | B4H
(Graph of Thought) LI XoT &2,

(d) ToT (e) GoT (f) XoT
| '
@ Initial state
Extracted
thoughts
— N
Extrac
Revise
- J
Check +
Resolve

|

|

|

|

: A 4

| i :
. Solution 2 @ Policy/Value
|

|

Network

Language Models are Few-Shot Learners 20



ToTl

4 BN (Tree-of-Thought, ToT) KR4I AHLR ANPIRGSHA,
HRIRISEREE (WBFS/DFS) #7H &, L@?ﬂzﬁﬁ:ﬁﬁ

OQ ...........

Input : thought i

I ority vote

(a) Input-Output  (c) Chain of Thought  (c) Self Consistency

Prompting IQ)  Prompting (CoT) ~ with CoT (CoT-SC) (d) Tree of Thoughts (ToT)

56

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. 2023.



A ToT RHEQORZERAEN LHRR, BEEFENT™MILERE:

® RS D

Input thoughté ® E\gﬁﬁﬁg
---------- ,I—J-E:I B__H:::
® BLUELEM

L{ } AT FEES R E 4

(Decomposition)

PUEIREN DT REDR

(Generation) :

(Evaluation) :

------ N TRSEITH DS F T

® BREEX

(d) Tree of Thoughts (ToT) ﬂE!J . ;g%

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. 2023.

(Search) :
8%, T RREEBONEHMN.
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ToTl

D E 24 /\\\IB?XjZJ':

ToT FFalA o iEFEAZ

= )

P2 ML EEH

Input: 491013

...... 10-4=6 4+9=13
(lefe: 6 913) (left: 1013 13)
13-6=7 13-9=4 ..
(left: 79) left: 4 6)
4+6=10 4*6=24
(left:10) (left: 24)

- (a) Propose Prompt

I _’ \ J
I Input: 491013 LM
Possible next steps:

T,

ﬂiJlE

(b) Value Prompt
Evaluate if given numbers can

reach 24 (sure/likely/impossible)
1014:10 +14 = 24. sure

101313

hid]
i BFS {RE5

rsity of Chin

j ~f’(§) 4%7’ WJL/?

RIAT,, B4

ISR

Thought Generation

4+9=13(left: 101313)
10-4=6(left:6913)

| —

e

Thought Evaluation
(13-10)*13=3*13=39

10 +13 +13 =36 There is no way

to obtain 24 with these big

numbers. impossible

Figure 2: ToT in a game of 24. The LM is prompted for (a) thought generation and (b) valuation.

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. 2023.



ToTl

D 24/\\\[)3?XjZ7knl—Lé:£7a

Method Success
IO prompt 7.3%
CoT prompt 4.0%

CoT-SC k=100) 9.0%
ToT (ours) (b=1) 45%
ToT (ours) (b=5) 74 %

10 + Refine k=100 27%
1O (best of 100) 33%
CoT (best of 100) 49%

Table 2: Game of 24 Results.

BN B LENC
BRI

=

rsity of Chinese Academy of Sciei

(a) Success rate with nodes visited (b) Samples failed at each step
//" CoT
-~ m= ToT (b=
0.6 0.6 oT (b=5)
0.4 0.4
— 10 (best of k)
0.2 0.2
// CoT (best of k)
---- ToT (b=1...5)

o Al = =
0 25 50 75 100 1 2 3 4 Correct

Figure 3: Game of 24 (a) scale analysis & (b) error analysis.

IRRD KRR, FHH RSN G, ToT BERRFHIER,
A P2 REIREY CoT,

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. 2023.

59



YA TRRT

University of Chinese Academy of Sciences

GoT

4 B4R (Graph-of-Thought, GoT) : 7 ToT BYEM EiH T SH
B, BRI EEENARESHE, RiFARTRNRG

Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) @l Graph of Thoughts (GoT) .
Output (I0) -Thought : [This work]
(CoT) M
Il’lpllt Input Backtracking (] Refining Input
Input Input Branching out Y 7 from a chain 0 p
p ; from a chain / s \ ’ ’e \
. ]
\ | , : 2 =
A & 0 Backtrackin,
Output ; ' 4 . g q
¢ . ‘
‘ ’
(]
by :
Thoughts: ‘ ' ’ 0
Unscored : ? ? j
Positive ? ? : 5
score ‘ ’ Aggregating Aggregating
Negative . chains thoughts
- score i Key novelty
Output Abandon a chain Output (beyond CoT-SC): Output : Key novelty (beyond ToT):
Dependencies Generating several M S o o e (T e Output
between thoughts Key novelty Selecting new thoughts based Intermediate M i f::ryn agt iOIl"lS oo ating
Key m:ielty: geyom‘! COT?,_:I ipl a chain with on a given arbitrary Lidzud (] thoughts into a nev%gong ¢
I i i i :
@] Abandon thought I?I:il;lmﬂno?gtits mﬁ:j&z%tnéhaig: the best score g‘;ﬂz’::géo;;%ibly also scored (] looping over a thought to
*. Backtrack within a chain of thoughts backtracking from it : refine it)

Figure 1: Comparison of Graph of Thoughts (GoT) to other prompting strategies.

Graph of Thoughts: Solving Elaborate Problems with Large Language Models. 2023. 60
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O BHERRARRMCISTT, MABRIESRH S REHT B

B

N
7k

Architecture overview

Goal: Initiate, coordinate, manage,

/A N\ bt .
and progress the GoT execution — N COIltl‘Oller/_ Graph of G OT 'j z J L I *z ’ L\)\*%ik
Co3i dhedly  Operations

LM thougitt ® Prompter: NHLLMEZEHER

Goal: Build a prompt Graph Reasoning State
to be sent to the LL

~ A ® Parser: MLLMBYOEPIREVEE
1 of oy

User

o/o
ol . N r N
= Prompter <= = o Scorlng: gﬁu__ELLM O E, yj =\L#
LLM =NV,
, Vs
sl Parser

P

. TS

PZINN
ing)(r)far}ét}iz(;(r??rcc}m Goal: Maintain . CO n t ro I I e r Tﬂ\ .l,n ?EK AN j:E EE * E
LLM thought Goal: Assess the the ongoing LLM
|/ C]lllle/lhty Olf tthe reasoning process D #{ }
s’solution lszQ 1j j- E

N/ \_/ \_/ )
» ) : e Y o X o

Human <= Scoring &

Ranking Goal: Indicate the
= idati SN top-scoring thoughts
or LLM _£.A validation 2.2,

R
\"

!III Q!

ek e
/l X /
LK )%

K /

Graph of Thoughts: Solving Elaborate Problems with Large Language Models. 2023.
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XOT

1 Everything of Thoughts (XOT) RFrEHIELGH (. MR,

BR) Fi—2—TIERERPEVHEIESTED

(d) ToT

(f) XoT

@ Initial state
Extracted
thoughts

m
5 &
s 3
gV g

Check +
Resolve
@ @ @ Policy/Value

' Network

Everything of Thoughts- Defying the Law of Penrose Triangle for Thought Generation. 2023. 62
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J XOTK -MCTS LLMiDEIBY R4S IENH], BYR/IVELLMAZ
F NS RERVIARIREY

- — - - - =
-
-

Identified

Extract error state

\. ~

Extracted ~ . ‘
Simulations thoughts Add't"’_“alL Revised g
Simulations thoughts nference

Everything of Thoughts- Defying the Law of Penrose Triangle for Thought Generation. 2023. 63



XOT

1 CIZS

Table 3: Performance comparison on Game of 24.

) PaTRRT

s University of Chinese Academy of Sciences

Model GPT-3.5 GPT4
Acc. [%] LLM fo Acc. [%] LLM fo
invoked invoked invoked invoked
10 6.57 1.00 - 10.22 1.00 -
CoT 2.19 1.00 - 4.38 1.00 -
CoT-SC 2.19 10.00 - 4.38 10.00 -
ToT (b=1) 5.84 22.11 - 34.31 23.50 -
ToT (b=3) 10.22 43.96 - 60.58 39.83 -
GoT (k=1) 2.92 7.00 - 10.95 7.00 -
LLaMA-2-13B 2.19 - - 2.19 - -
MCTS 62.77 - - 62.77 - -
XoT (w/1r) 79.56 1.39 92.15 74.45 1.38 88.20
XoT (w/2r) 88.32 1.58 93.87 83.94 1.57 89.63
XoT (w/3r) 90.51 1.72 95.94 85.40 1.78 92.48

XYF7E 240059% . XoTE
(revision) EAREHZ, HERXWS.

"GPT-3.5 ] GPT-4 F9itF

2%, 121

Everything of Thoughts- Defying the Law of Penrose Triangle for Thought Generation. 2023.
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BT

X

\

Instruction Generation

2
Zetg—j_li'\ot Let's think step by step.

Plan-and- Let’s first understand the problem
and devise a plan to solve the
SOIV‘? problem. Then, let’s carry out the
Prompting ' 1 1an and solve the problem step
by step.

Automatic Let's work this out in a step
Prompt by step way to be sure we
Engineer have the right answer.

OPRO

Exemplar Generation

0)
(=]

Manual-CoT

Active-Prompt

Auto-CoT

Automate-CoT

CoT Reasoning

Cot Formulation

Program-of-Thoughts z22] Tab-CoT

Graph-of-Thought

£» Tree-of-Thoughts i+ (Rationale)

Skeleton-of-Thought Recursion of Thought

Reasoning Aggregation

Rati le-A
ationale-Augmented Self-consistency CoT

Ensembles
CoT Verification
Natural Program PRM
Self-Verification CRITIC
Verify-and-Edit External o
L Knowledge e
AuRORA Google Wi

CoT Application

Cot Extension [EA Multimodal-CoT

Graph-of-Thought

Multilingual-CoT “2 (Input)

CoT for Classic NLP Task

SumCoT Self-Prompting
CoT for Agent
Android in the
ReAcT wild
A1 ToolLLM 2] MM-ReAcT
CoT for Science
ChemCrow Med-PaLM
CoT Explanation
Implicit Bayesian Locality of
Inference Experience
CoT Safety
Faithful CoT Bias and Toxicity

YA TRRT

University of Chinese Academy of Sciences

4 CoTHIS

1 I’RART
BIEMN. TPIER
2. *E'H'Ef/_t
CoTnTl. HERS.
COTE\.\LlIE

=]
3. MHIZ=

ZIBS. IRG. &
REALIRIERES

Igniting Language Intelligence- The Hitchhiker‘s Guide From Chain-of-Thought Reasoning to Language Agents. 2023.
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BHERNBNA: RS

Input Multimodalities

Output Multimodalities

(c R

A small sunflower has 3 dozen seeds and a
large sunflower has 50% more seeds than a
small sunflower. How many sunflower
seeds are there altogether?

Image

Caption:

There are two flowers
in the picture. One is
large and the other

one is small.
Kosmos-1
Graph
8 4 54
dozen seeds
small seeds /
sunflowe / has
r N
has \ large
s sunflower
"Gy

Graph-of-Thought (Input)

Language Model

A small sunflower
has3x 12 =36
seeds. A large
sunflower has
50% more seeds
than a small
sunflower, which is
36 x0.5=18
more seeds. So a
large sunflower
has 36 + 18 = 54
seeds. Altogether,
there are 36 + 54
= 90 sunflower
seeds.

The answer is 90.

A small sunflower has 3
dozen seeds and a large
sunflower has 50% more
seeds than a small
sunflower. How many
sunflower seeds are

Image

Caption:
There are two
flowers in the
picture. One is
large and the
other one is

é there altogether? small. E
' @ I i
: Language Model
; I :
' ( N )
E A small sunflower has 3 x i
: 12 = 36 seeds. A large :
: sunflower has 50% more
' seeds than a small :
; sunflower, which is 36 x 0.5 F
E = 18 more seeds. So a :
) large sunflower has 36 + 18 E
E = 54 seeds. Altogether, i
i A small sunflower A large sunflower| there are 36 + 54 = 90 ;
E has 36 seeds. has 54 seeds. sunflower seeds. :
; The answer is 90. :
L T

MM-CoT:A Benchmark for Probing Visual Chain-of-Thought Reasoning in Multimodal Models

2025 66
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/uﬁﬁﬁgﬁL/HAjﬁl ggh:::

d BEZIES A d BiESTHRS

/—{ Model input (multilingual exemplar prompting) ]\ e T 0
Cross-lingual Alignment Prompting
. ) 3apauva: y Maiikna 6bino 58 msueii ans ronbda. ... - - — — N
Russian question == Ckonbko Msiueit ansi ronbga 0cTanock y Hero K KOHUY @ Please act as an expert in multi-lingual understanding in
cpenp!? Request: B LIzl ¥, FRILAF KBS . 4R AT 20 ? 254

Mowarosoe peweHue: BHa4yane y Mavikna 6bino 58
|~ Ms4elt ans ronb@a, 23 OH NOTepsn, U Y HEro 0CcTanochb
58 -23 =35. ... Oteer — 33.

EALHEFRERRS
Let's understand the task in step-by-step!

3 J

P
1. "3 79 kb 37/ 7 ¥ " means "Mary is two years younger than Joan."
2. "= tb A% K A % " means "Joan is five years older than Jessie. "

Russian chain _|
of thought

Chinese question —{— js)gi: BF) 1% 23 %3 ... MRS D& 2

S::;ii;ﬁ?ain c g;;ﬁ%ﬁ;ﬁéﬁf 3 MBS PIEAER 573 =15 3. "3 R A 20 %" means "If Jessie is 20 years old. "...

Bengali question —— o foaft = foo ATt 93 TR 90 AT BTG oo
o nifSeeT (ofs e | 933 2o foxaf fofr afsfuer
FIIOE IONE IfS O $2 uE =7 F@e| fofer a0
A et Fo TATT S FEA?

\&m&mﬂr@—sﬁ Y,

@ [ After understanding, you should act as an expert in arithmetic reasoning\
in :

Let's resolve the task you understand above step-by-step!
Finally, you should format your answer as 'Answer: [num]'".

. J

QNvp ~N
Sure! Let's solve the task step-by-step:
1. According to the first sentence, Mary is two years younger than

Joan. Let's suppose Joan's age is J, then Mary's age is J - 2.

2. According to the second sentence, Joan is five years older than
Jessie. If Jessie's age is X, then Joan's age is x + 5...

Answer: 68. v

Model output

Bengali chain @) afSfer 1676 fox o1 afSfie fofer foaft o 4t o= sr=fE
of thought —1 1o e sniffel tofel Ser| ©R afefoer fofér 16 - 3-4 = of6
9 oo R T AT fowr 7 $21 O Sfefa fof 9 * 2

= $18 TS F&eT| Taaft $181

{
T (TR TS S 161 3@ 5w TS| fof afsfem Task-specific Solver Prompting

e o5 oo o 5 58 o e 53 ¥ e o e S S

-

""""""""""""""""""""""""""""""""""""""" 67
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L BREARERHMRRIARBERDENR O IVES

Look at the sky,
do you think it
will rain tomorrow?
If so, give the
umbrella to me.

Reasoning from
the current weather
conditions and the
reather reports on
the internet, it is
likely to rain
tomorrow. Here is
your umbrella.

i0c

tion
—{ Tools }—

Calling API ...

. &
ékui

The rise and potential of large language model based agents: a survey. 2023.

Generalize / Transfer

Storage
Memory
|

Knpwledge

—_—
—_

(/I

Summary| | Recall

Learn| |Retrieve

Decision Making

=

Planning
/ Reasoning

e { (1d) ReAct (Reason + Act) ] N

Thought 1: I need to search Apple Remote and find the
program it was originally designed to interact with.

Act 1: Search[Apple Remote]

Obs 1: The Apple Remote is a remote control introduced in
October 2005 by Apple .. originally designed to control the
Front Row media center program ..

Thought 2: Apple Remote was originally designed to control
the Front Row media center program. I need to search Front
Row next and find what other device can control it.

Act 2: Search[Front Row]

Obs 2: Could not find [Front Row].
Seat to Earth', 'Front Row Motorsports','
(software) ', ..]

Similar: ['Front Row
Front Row

Thought 3: Front Row is not found. I need to search
Row (software)

Act 3: Search[Front Row (software) ]

Obs 3: Front Row is a discontinued media center software ..

Front

Thought 4: Front Row (software) is controlled by an Apple
Remote or the keyboard function keys. So the answer is
keyboard function keys.

Act 4: Finish[keyboard function keys ]

N v
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\)-L\

D}E,—J—-\#S (Prompt Learning) @13 iTHFHESIRET (prompt)

REIEA (A=) BERSEHRIER Tk N ES
I T

CLS label:positive MLM | | great (label:positive)
head label:negative v/ head (label:negative) v/

Label space ) Label mapping M()))

Bz

CLS No reason to watch . [SEP] ] [[CLS] No reason to watch . It was [MP:SK]_. [SEP] J
ETFFine-tuneWIEREXDHTIES HTFPrompttIIERDITES
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NLI

LM

QA

IR +MIESE TN

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021.

NLI
Sl
| MT ] | | ~| Chunk
Sum , Parsing
QA

IR+ RSBV
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R
£y mﬁ

DIfR: AESEIVECIR

A S L A
J NLPS & B IU1SET
o E—ER: WMRFAITIIANTEINESS), ((snt: seracsisme | (= *iﬁﬂ'li%?+'z"iﬁ%wﬁ\
AIiQi-l_*DfES{ %ﬁE*ﬁ*}i BRFEITATR: BETIE+E5% (Naive Bayes/SVM/LR/KNN----) = Ejf}j
o ETBR: REFINKNELLEES, 3 Ef s || Se=E=
\ A oo (B8 ol K% g g
IRRE MBIESNERE =C" W i e
L WS o— i) E— IR B y

® F=EI\: FIZ+HETEIN, SIAZIN

_ . (m-mst: BEABESIIGHE N\ (EmE: »8 %) wESZE )
B BRI E SR, DUEILE : |
. ey U il iEE
EER TS, - EEQ = [ ¥
e N 8 — 4+ \ \ \ \ % ‘ g ﬁ
® FBIE,: FllZ&+IRET, Bixhi&it o - =

-l
e

(| REZINR: SRRIE (RS wamsx ) |

BIERYpromptSEINNY NIBEFBZE S TY
BFENX

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021. 72
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Source Input x: [ love this movie.
Template: [X] Overall, it was a [Z] movie
Prompt Input x’: I love this movie. Overall, it was a [Z] movie

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021. 73
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RS SNEN

1 mEF
® LSERAx, MLy, IWESIRE: P(ylx; 0)
® IFRADMBI:  Input x: [ love this movie.

Output y: ++(very positive) Y={++,+, ~, -, --}

W =
® MZ=IJP(ylx; O)UNZFIP(x;0), BRIy

® NS | AR AX AR NTIEZIS TR X' = f, prompt(x) , BEB
BRmASPRES—LE, NAESKRETNEER TRy

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021.
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J IRTVRIR fprompt
® XARIRER, BRE—TRARXIF—TEREIZ] , BRAKEAEX]

Source Input x: [ love this movie.
Template: [X] Overall, it was a [Z] movie
Prompt Input x’: I love this movie. Overall, it was a [Z] movie

® &R O] CL2BR1BStokeng{IEBR1ES token

® Z=[Z]gjfEgdh (cloze prompt, NLUEH)S{ Q> (prefix prompt,
NLGEHR) , B ETIUNERT

75

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021.
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RS SNEN

1 BRIER
® Bx' I AFIESER K MZDIERE/ESENSSRENRERE
z = TP (fin(x', 2); 0)

® ZoJL B EiRERF A A/RItoken (ER{ESS) , BRILIE—MTEIRES
& (WN532=4E33)

® ;. Z={ “excellent” , “good” , "OK" , “bad” , "horrible” }
Y={++, +, ~, -, --}
[ BSIRGY
¢ RFRINBRZESXNESHIRRIY W 1-1ZIN -18REY

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021.
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Name Notation Example Description
Input T I love this movie. One or multiple texts
Output Y ++ (very positive) Output label or text
A function that converts the input into a
Prompting : : specific form by inserting the input 2 and
Function Jorompi () [X] Overall, itwas a [Z] movie, adding a slot [Z] where answer z may
be filled later.
Prompt x’ I love this movie. Overall, it was a [ Z] movie. A text where [X] is instantiated by input

Filled Prompt  fan(2’,z)  Ilove this movie. Overall, it was a bad movie.

x but answer slot [Z] is not.

A prompt where slot [Z] is filled with
any answer.

A . : : : : A prompt where slot [Z] is filled with a
nswered fan(x’, 2z*)  Tlove this movie. Overall, it was a good movie. promp [2]

Prompt true answer.

Answer z “go00d”, “fantastic”, “boring” A token, phrase, or sentence that fills [Z]

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. 2021.

&R R Y

University of Chinese Academy of Sciences
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N AR 3ZEPromptR=fl

Type Task Input ([X]) Template Answer ([Z])
great
Sentiment I love this movie. [X] The movieis [Z]. fantastic
sports
Text CLS Topics He prompted the LM. [X] The text is about [Z]. science
quantity
Intention What is taxi fare to Denver? [X] The question is about [Z]. city
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A EREXPrompt =l

Type Task Input ([X]) Template Answer ([Z])

Bad

Aspect Poor service but good food. [X] What about service? [Z]. Terrible

Text-span CLS Sentiment
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Type Task Input ([X]) Template Answer ([Z])
[X1]: An old man with ... Yes
Text-pair CLS NLI [X2]: A man walks ... [X117 [2], [X2] No
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Type Task Input ([X]) Template Answer ([Z])
[X1]: Mike went to Paris. organization
Tagging NER [X2]: Paris [X1] [X2] 1sa [Z] entity. location
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"Too Long; Didn't Read”

1

&R R Y

University of Chinese Academy of Sciences

Type Task Input ([X]) TemplaXte Answer ([Z])
The victim ...
Summarization Las Vegas police ... [X] TL;:DR: [Z] A woman ...
Text Generation
I love you.
Translation Je vous aime. French: [X] English: [Z] I fancy you.
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® i

[It is pretty damned funny .

/l\\

It was ([MASK] ).

e

It was (great).
\

p
It is pretty damned funny .

It was (terrible).

\_

\
It is pretty damned funny .

J U

)

=’

IRITEVRTRIR, SISIRE

great \/
terrlble

|A fun ride. <x> great <Y>|—

|A pleasure to watch. <X> great <Y> |- 2

=TT/ Training examples for label:positive
TR ) .
No reason to watch. <X> terrible <Y>|—
. ( N . . 3
c(great) Dis. replaced |Thls junk. <x> terrible <Y>|- ---------
head original v/ B
——— - ~/ —Training examples for label:negative —————
G 4 A
C(terrible)| Dis. replaced\/ positive: great, negatlve terrible
iginal Label mapping M (Y
head _ origina g

’ g3
AL REIRTERR

r

University of Chinese Academy of Sciences

Decode

<Sl> This is [MASK
<Sl>A [MASK] one.

Generated templates

<Sl>

Flne tune and
evaluate

[MASK]

one.
Best template

Bn)E R TMRAR
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Fine-tuning

Transformer (Translation)
r 1 1 1 —1 [—1 (1 [—1 [ 7]

Transformer (Summarization)
1 1 1 r—1 [~

Transformer (Table-to-text)

FNrnnnni

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

ESRIERES

University of Chinese Academy of Sciences

SOE,

____________________

SR

Prefix
(Translation)

Prefix : Prefix-tuning
(Summarization)

Prefix

(Table-to-text) Transformer (Pretrained)

R RN

Ename Starbucks type coffee shop [SEP] Starbucks serves coffee
1 Input (table-to-text) Output (table-to-text)
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1 BIRTOA
e _LM-BFF
® BET
® AutoPrompt
1 PRI_ROA
® Prefix tuning
® Prompt Tuning
® P-tuning / v2

EJ—EEHZEC‘—EEIE@

6699 \[ & n.{E}

EJE:T Rt
(Hard Prompt) (Soft Prompt

FILigit. BEXAE. dill, E5RE.
ATk X7

£ i antgy
'F')OSiti.V?', "Thi fl : float float float

s e G 3>
BRXE EFEER EERE hlGsH
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1. LM-BFF (Better Few-Shot)

Q BEMT
® e RhR: BnlalTER (EFTH)
® 7)5IUN0TAAI (In-context Demonstrations) : RIBEOBEITIIENW
ML (EFSentence-Bert) fl5, BHEBISBIHIAG

MLM great (label:positive)
head (label:negative) l/

Label mapping M (Y

[ [CLS] No reason to watch . It was MASK .:[SEP] A funride . It was great . [SEP] The drama discloses nothing . It was . [SEP] ]

Input il Template — = F— Demonstration for label:positive — | Demonstration for label:negative

Prompt-based fine-tuning with demonstrations (our approach)

Making Pre-trained Language Models Better Few-shot Learners. 2021.(F&FHE, SHERIR). 36
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1. LM-BFF (Better Few-Shot)

R
® F T iRITEVRIRIVIRELMERERZ IWBIY LR K
® FTSIRAIG RN<X>5<Y>YYHYspan, MITTEMNIRITARNR :

Template Label words  Accuracy [A fun ride. <x> great <y>}---------- - _’

il
'

Decode

i <Sl> This is [MASK
i <Sl>A [MASK] one.

SNLI (entailment/neutral/contradiction) mean (std) |A pleasure to watch. <x> great <y>|-1

<S§1>? [MASK] , <S2> Yes/Maybe/No 77.2 (3.7)
<§1>. [MASK] , <S2> Yes/Maybe/No 76.2 (3.3)

\———Training examples for label:positive————"

(- A
<S51>? [MASK] <S2>  Yes/Maybe/No 74.9 (3.0) |No reason to watch. <x> terrible <y> |——
<S1> <S9> [MASK] Yes/Maybe/No 65.8 (2.4) |This junk. <x> terrible <Y>|~ ————————— - Generated templates
<S> ? [MASK] , <S1> Yes/Maybe/No 629 (4.1) Flne tune and
<S 1> ? [MASK] , < 52 > Maybe /No/Yes 60.6 ( 48) — Training examples for label:negative ————— evaluate

Fine-tuning - 48.4 (4.3) lposmve great, negative: terrible <Sl> [MASK] one.
Label mapping M()) Best template

Table 2: The impact of templates and label words on
prompt-based fine-tuning (K = 16). Figure 2: Our approach for template generation.
87



1. LM-BFF (Better Few-Shot)

%) ‘*’(Q‘ﬂ"/? BRE

SST-2 SST-5 MR CR MPQA Subj TREC CoLA
(acc) (acc) (acc) (acc) (acc) (acc) (acc) (Matt.)
Majority 50.9 23.1 50.0 50.0 50.0 50.0 18.8 0.0
Prompt-based zero-shot? 83.6 35.0 80.8 79.5 67.6 51.4 32.0 2.0
“GPT-3” in-context learning 84.8 (1.3) 30.6(0.9) 80.5(1.7) 87.4(0.8) 63.8(2.1) 53.6(1.0) 262(2.4) -15@2.4)
Fine-tuning 814 (3.8) 439(12.00 769(59) 758(3.2) 72.0(3.8) 90.8(1.8) 88.8(2.1) 33.9(14.3)
Prompt-based FT (man) 92.7(0.9) 474@2.5) 87.0(1.2) 90.3(1.0) 84.7(2.2) 91.2(1.1) 84.8(5.1) 93(7.3)
+ demonstrations 926(0.5) 50.6(1.4) 86.6(22) 90.2(1.2) 87.0(1.1) 923(0.8) 87.5(3.2) 18.7(8.8)
Prompt-based FT (auto) 923(1.0) 492(1.6) 855(28) 89.0(14) 858(1.9 91.2(1.1) 882(2.0) 14.0(14.1)
+ demonstrations 93.0(0.6) 495(.7) 87714 91.0(09) 86.5(2.6) 91.4(1.8) 89.4(1.7) 21.8(15.9)
Fine-tuning (full)f 95.0 58.7 90.8 89.4 87.8 97.0 97.4 62.6
MNLI MNLI-mm SNLI QNLI RTE MRPC QQrP STS-B
(acc) (acc) (acc) (acc) (acc) (F1) (F1) (Pear.)
Majority ' 32.7 33.0 33.8 49.5 52.7 81.2 0.0 -
Prompt-based zero-shot? 50.8 51.7 49.5 50.8 51.3 61.9 49.7 -3.2
“GPT-3” in-context learning 52.0 (0.7) 53.4(0.6) 47.1(0.6) 53.8(0.4) 60.4(1.4) 45.7(6.0) 36.1(5.2) 143 (2.8)
Fine-tuning 458 (6.4) 47.8(6.8) 484(4.8) 60.2(6.5) 544(3.9 766(2.5 60.74.3) 535(.5)
Prompt-based FT (man) 683(2.3) 705019 77237 64542 69.13.6) 745(53) 655(5.3) 71.0(7.0
+ demonstrations 70.7 (1.3) 72.0(1.2) 79.7(1.5) 69.2(19) 68.7(12.3) 77.8(2.0) 69.8(1.8) 73.5(5.1)
Prompt-based FT (auto) 683(2.5 70.126) 77.1@2.1) 683(74) 73922 76212.3) 67.03.00 750(3.3
+ demonstrations 700@3.6) 72.0@3.1) 77.5@3.5) 685054 71.1(05.3) 781(3.4) 67.7(5.8) 764 (6.2
Fine-tuning (full)f 89.8 89.5 92.6 93.3 80.9 91.4 81.7 91.9

University of Chinese Academy of Sciences
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2. PET (Pattern-Exploiting Training)

O B Fibs53 =AESS

N DT

1.

2.

[ ngﬁiﬁijllglﬁ\lzﬁﬁa ( Bestpizzaever! +1 )eT Just gross. €D
ESEE (MLM) 8%
¥IEPVP: Pattern-Verbalizer Pair, b ™" .

4 1{&& %jJMLMﬂ:/JC l ....... ....... .......

RERREY

/I\

3. ZPVPE&ERY:

1.

Tprompt, ZPHREL
“L "75% l)z=0)

(BN

/

l:
C
o,
=
<
~
(@

m

c

= {ayE LMREY

&itAE

s, s ' t‘iiwj

great : 0.8

B’J %}Q_J_ bad :0.2 +1:0.1

CEMTEE+AE

(RIRZZ)

CEIE i ........... : Just gross.  -1:0.9

3\ ¥
+1:0.8

-1:02 C

Exploiting Cloze Questions for Few Shot Text Classification and Natural Language Inference. 2021.
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2. PET (Pattern-Exploiting Training)

0 feeRpgA: iPET (iterative PET) £ PE"

)
=y

B IR

il

y NN,
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2. PET (Pattern-Exploiting Training)

L SCHZS
ERDEIET, PETAPET RISRAEA T RS mEF

Line Examples Method Yelp AG’s Yahoo MNLI (m/mm)
1 unsupervised (avg) 33.8496 695472 440491  39.1 £43/39.8 £5.1
2 |T|=0 unsupervised (max)  40.8 £00  79.4 +£00  56.4 +00  43.8 +£0.0/45.0 £0.0
3 iPET 56.7 02  87.5+01  70.7 0.1  53.6 +0.1/54.2 +0.1
4+ supervised 21.1 £16  25.0 0.1 10.1 0.1 342 42.1/34.1 £20
5 [T]=10 PET 529 +01 875400 63.8+02 41.8+0.1/41.5+02
6 iPET 57.6 00  89.3 0.1  70.7 0.1  43.2 +0.0/45.7 0.1
7 supervised 448 +27  82.1 £25 525431 456 £18/47.6 +24
8 |T]=50 PET 60.0 £0.1  86.3 £00  66.2 +0.1  63.9 0.0/ 64.2 £0.0
9 iPET 60.7 +0.1  88.4 0.1 69.7 00 67.4 +03/68.3 +03
10 supervised 53.0 £3.1 86.0 £0.7 629 09 479 +28/51.2 +26
11 |7| =100  PET 619 00 883 +01  69.2+00 74.74+03/75.9 +04
12 iPET 62.9 +00 89.6 t01  71.2 +01  78.4 +0.7/78.6 +05
13 7] = 1000 supervised 63.0 £05  86.9 04  70.5+03  73.1 +02/74.8 £03
14 - PET 64.8 0.1  86.9 +02  72.7 00 85.3 +02/85.5 +04

Table 1: Average accuracy and standard deviation for ROBERTa (large) on Yelp, AG’s News, Yahoo and MNLI
(m:matched/mm:mismatched) for five training set sizes |7 |.
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3. AutoPrompt

Bz v

® HNWFaNFZitiESIRNEIRAIARENR, 7 PLM ASAIFTN
?‘ﬁ*&%&ﬁ%’“”%ﬂlﬂﬁ’]ﬁﬁiﬂ (trigger tokens)

BEDAIEEEER, KA
® AutoPrompt& ST

Original Input @i

a real joy.

Trigger Tokens @yig

atmosphere, alot, dialogue, Clone...

Template /\(winpa CUtrig)
{sentence}[T][T][T][T][T][P].

Autoprompt: Eliciting knowledge from language models with automatically generated prompts. 2021.

S B HE IR RAHIE

iR N

AUTOPROMPT @ prompt

a real joy. atmosphere alot dialogue Clone totally

P([MASK] |2 prompt)

Masked LM

p(y | mprompt)

] Cris -
—— marve@@— | positive
[ philanthrop

worse
incompetence negative
Worse
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3. AutoPrompt

1 SCIfZE
AutoPrompt=Z 2|V R EAXB R AE SO

t, AR SEARIERE

Task Prompt Template Prompt found by AUTOPROMPT Label Tokens
Sentiment {sentence} [T]...[T] [P]. unflinchingly bleak and desperate pos: partnership, extraordinary, ##bla
Analysis Writing academicswhere overseas neg: worse, persisted, unconstitutional
will appear [MASK].
NLI {prem}[P][T]...[T]{hyp} Two dogs are wrestling and con: Nobody, nobody, nor
hugging [MASK] concretepathic ent: ##found, ##ways, Agency
workplace There is no dog neu: ##ponents, ##lary, ##uated
wrestling and hugging
F%Ct X plays Y music Hall Overton fireplacemade antique
Retrieval  {sub}[T].. . [T][P]. son alto [MASK].
Relation X is a Y by profession Leonard Wood (born February 4,
Extraction {sent}{sub}[T]...[T][P]. 1942) is a former Canadian
politician.

Leonard Wood gymnasium
brotherdicative himself another
[MASK].

Table 3: Example Prompts by AUTOPROMPT for each task. On the left, we show the prompt template, which
combines the input, a number of trigger tokens [T|, and a prediction token [P|. For classification tasks (sentiment
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3. AutoPrompt

1 SChuZ5 R

MBIES (BRI, S

AutoPromptEANE

Model Dev Test
BiLSTM - 8281
BiLSTM + ELMo - 89.31
BERT (linear probing) 85.2 83.4
BERT (finetuned) - 9357
RoBERTa (linear probing) 879  88.8
RoBERTa (finetuned) - 96.7"
BERT (manual) 63.2 63.2
BERT (AUTOPROMPT) 80.9 823
RoBERTa (manual) 85.3 85.2
RoBERTa (AUTOPROMPT) 91.2 914

Table 1: Sentiment Analysis performance

=SCMER) BRIMLR

Original T-REx
Prompt Type MRR P@l0 P@l MRR P@l0 P@I
LAMA 40.27 5949 31.10 3579 5429 26.38
LPAQA (Topl) 43.57 62.03 34.10 3986 5727 31.16
AUTOPROMPT 5 Tokens 53.06 72.17 4294 5442 70.80 45.40
AUTOPROMPT 7 Tokens 53.89 7393 4334 5489 72.02 45.57

Table 4: Factual Retrieval: On the left, we evaluate BERT on fact retrieval

University of Chinese Academy of Sciences
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1RSI TN :

(D FEERTR IR0 XH

BEBE/)\MEZAR (Few-shot) EEZHEAR (
Zero-shot) B TNL{E, tRAMBD 3R
ERUBITK .

T 2HE

TRMEARENEE S, (XBRAEVER
TERANZE (0Prompt Tuning) , AKX
fRAE STHERE.

CO IRFHERTILAL

BT A ISR ELEIB AR, RERED
BISHZ R FTESAFTRIR, ENARTY
N 7R

Q@ LRI

RAVRIRENIITHERIRERRRIIZEENE
B9, DR SREIOR, 1LHEESESRS
TR,
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1 ERSS

A ISEYR
® A\ZSANNERVIR?

VT IB)ER

TN FLMEIRA—E—TEBIRER, X

FRNIETHYsub-optimal CRL) 14

T

IR

® IERBYIEENFINIIGFRENFIDIEE K
Prompt P@]
X] 1s located 1n [Y]. (original) 31.29
X] 1s located in which country or state? [Y]. | 19.78
 X] 1s located in which country? [Y]. 31.40
 X] 1s located in which country? In [Y]. 51.08

“ .
68 YT RRT
o 4 University of Chinese Academy of Sciences
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QR (BIRNESHRT)

S8, BT

® IR TR N OS5I BV

Fine-tuning

Transformer (Translation)
1 1 r—1 1 "1 11 1 [ 7]

|

Transformer (Summarization)
1 1 1 —1 1 [~—1 [—1

Transformer (Table-to-text)

FNrnniii

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

ESRIERES

____________________

Prefix
(Translation)

Prefix
(Summarization)

68 YT RRT

g University of Chinese Academy of Sciences

KB

Prefix-tuning

Prefix
(Table-to-text)

i

Transformer (Pretrained)

LI

name Starbucks type coffee shop [SEP] Starbucks serves coffee

Input (table-to-text) Output (table-to-text)
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A B~=>] Prompt Learning

E——

1 B~ Prompt Engineering

A _EFX=E>) In-Context Learning

0 B4EpE Chain of Thought
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SZ N

d Pre-train, Prompt, and Predict: A Systematic Survey of
Prompting Methods in Natural Language Processing. 2021.

L

Language Models are Few-Shot Learners. 2020.

L

A Survey on In-context Learning. 2022.

L

An Explanation of In-context Learning as Implicit Bayesian
Inference. 2021.

d Chain-of-Thought Prompting Elicits Reasoning in Large
Language Models. 2022.
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@ PRUYPRRE 2022 EHFRWLIFIE

BAIES G IEER

fundamentals of Natural language Processing
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