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Oxygen is used in cellular ? LSO, WEliEH =R B ERSH U EERENX
respiration and released by & | BYe)ER?

photosynthesis, which uses l

the energy of sunlight to /

produce oxygen from water.

Sentence:
~ The game was played on February 7, 2016, at Levi’s

Stadium in the San Francisco Bay Area at Santa Clara,

* Whatis used in cellular California.
respiration? Generated questions :
 [Q1: On what date was the game played ?

*  Q2: Where was the [Everton F¢ Stadium located?

Ground truth questions:

: ;ZD{E_H?E%UWL%%EEEEE%EI‘J |\'ﬂIEl!JP_j7 * GTQI: When was the game at Levi’s Stadium
- | GneEAERE, EERERENEE) played?

® y l * GTQ2: Which state is the Levi’s Stadium in?
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SIMASER: WATTRIIAS A, AT AERHTHE,
o\ EFXARSAES, AUBHERAIAE

; —X. FEESERENEM
Sentence: \ / By Area

The game was played on February 7, 2016, at Levi’s Stadium
in the San Francisco Bay Area at Santa Clara, California.

at
Santa Clara, Cali

Generated questions:
* Q1: On what date was the game played ?
* Q2: Where was the Everton Fc Stadium located?

Ground truth questions: \
* GTQI1: When was the game at Levi’s Stadium played? B February 7, 2016 e
\. GTQ2: Which state is the Levi’s Stadium in? / \ B 4

L#ESZZISEF'E’J$;E§1’JE%I (BNEEL=T0EMRRIERFFS) | FrETH BRI ee
W REINAEXRS I SEEINHEE, £RE—HEBERERYE-

PP 1) BT (query representation learing) , SRS EF T
%‘E}’f&ﬂ’]?{l@, QETFEHFRTRIIBIMAELL (query-based question generation)

PathQG: Neural Question Generation from Facts. EMNLP-20.
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o FB-1. \XAFRBIHEIERIANFAENEHERT,
2l (-a > -B), RENEBEFFSZIARNEEXR.

o ¥IR-2: IRIEZIESNEIITEERER, MIRBINNELE
RIA Y RIEUFERIRIAL.

o FIR-3 BURIRGEFZIAEERRNEERAIR

e tH B A Al BERYE 2.

ANEFSIZEIIE (symbolic logical rules/laws)

If you have no keyboarding skills at all, you will not be able to use a
computer. And if you are not able to use a computer, you will not be

Context:

able to write your essays using a word processing program.

L

Question:
If above statements are true, which one of the following must be true?

Options:

B. If you are able to write your essays using a word processing
program, you have at least some keyboarding skills. +/

C. Ifyou are not able to write your essays using a word processin
program, you are not able to use a computer. m

D. If you have some keyboarding skills, you will be able to write

wor! processing

If you are not able to write your essays using a
program, you have no keyboarding skills.

your essays using a word processing program.

Logical Symbols : Logical Expressions :
a : have keyboarding skills
-
P : be able to use a compute (a=>—p)
Y : be able to write your essays using = pg—->"y)

a word processing program

Extend the Implicit Logical Expressions by Laws:
(ma=>=p) = B-o>a) Contrapostion
Eg-=>—y) = (¥y—=2B)
(ma=>=B)AE o> y)=(a—=>—y) Transitive Law
B2ra)Ay—=>B) = (y—oa)

Contrapostion

Transitive Law
y,

Logic-Driven Context Extension and Data Augmentation for Logical Reasoning of Text. ACL-22 Findings.
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BERT:21.4%, RoBERTa: 23.1%, ALBERT: 23.0%

SINFFE1ZEEIES (symbolic logical instructions) 3k
HBEIEX M TOITHEIRLRE, lEE.

RBENESHIRRIZIRETATSIES (H—HIENXE
1BRRENZERK) [ BEUHIT TR

- BB ATHSE, SRS S5EMEE

« TRERFSIESEIR, RllG—MERLIRIVEMEE,

SEMAR N AR TSI BT

From LSAT: The Progress and Challenges of Complex Reasoning. TASLP.

Context :

A closet contains exactly six hangers—1, 2, 3,4, 5, and 6 —hanging, in that order,
from left to right. It also contains exactly six dresses—one gauze, one linen, one
polyester, one rayon, one silk, and one wool—a different dress on each of the
hangers, in an order satisfying the following conditions:

The gauze dress is on a lower-numbered hanger than the polyester dress. (C-1)
The rayon dress is on hanger 1 or hanger 6. (C-2)

Either the wool dress or the silk dress is on hanger 3. (C-3)

The linen dress hangs immediately to the right of the silk dress. (C-4)

Question : Which one of the following CANNOT be true?

Options :

The linen dress hangs immediately next to the gauze dress.

The polyester dress hangs immediately to the right of the rayon dress.

The rayon dress hangs immediately to the left of the wool dress.

The silk dress is on a lower-numbered hanger than the gauze dress.

The wool dress is on a higher-numbered hanger than the rayon dress.

mU0® >

Annotated Participants: gauze, linen, polyester, rayon, silk, wool
Participants & Positions: 1,2, 3,4, 5,6
Positions

Annotated C-1: VALUE(gauze) < VALUE (polyester)
Programs C-2: VALUE (rayon) = 1 OR VALUE (rayon) = 6
C-3: VALUE (wool) = 3 OR VALUE (silk) = 3
C-4: VALUE (linen) = VALUE (silk) + 1

Q-A: NOT ABS(VALUE(linen) - VALUE (gauze)) = 1
Q-B: NOT VALUE (polyester) = VALUE (rayon) + 1
Q-C: NOT VALUE (rayon) = VALUE (wool) - 1
Q-D: NOT VALUE (silk) < VALUE (gauze)

Q-E: NOT VALUE (wool) > VALUE (rayon)
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[Question Decomposition (Min et al., 2019)]
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A SEE

[Question]

Q: What city is the Marine Air Control Group 28 located in?

[Context]

PI: Marine Tactical Air Command Squadron 28 is a United

States Marine Corps gxfation command and control unit based at
Marine Corps Air Station Cherry Point. They provide the 2nd

Marine Aircraft ngs rae-ucal headquarters and .

P2: Mﬂ]lnﬁ_CQtpLAlLSLaIlﬂnrhﬁlI)LRmmj)r MCAS Cherry

Point is a United States Marine Corps almml{melock

North Carolina, United States, in the eastern part of the state. It ...

P3-PI0: ...

RERYD AT LASE AT AORERE
Z R RIS

HT R
BISEHESRA
TEZ=

Sub-Q1: Which Marine Air Control Group 287
Sub-Q2: What city is Marine Tactical Air Command Squadron 28
located in?

[Stepwise Decomposition]
Stepl-S: Marine Tactical Air Command Squadron 28 1s a ...
control unit based at Marine Corps Air Station Cherry Point.

StepI-Q: Which is the base of Marine Air Control Group 287

Step2-S: Marine Corps Air Station Cherry Point ... United States
Marine Corps airfield located in Havelock, North Carolina ... state.
Step2-Q: What city is the Marine Corps Air Station Cherry Point
located in?

AR ERIRE S EE—PHIXIEEL, S8 5
HZEEJZ HIRAYD AR E =AY F )

FA RS IR Z EEIX — P HYSF SR

Bll, FEEIEFEAE AR FEEE.

Locate Then Ask: Interpretable Stepwise Reasoning for Multi-hop Question Answering. COLING-22.
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IRHIZICHEIRNESE (stepwise reasoning framework), B4Rk AT EFFHIEIRITIE,

Final Hop Inference Reasoning Process

| Predicted Final Answer A:

| What city is the Marine Corps Air Station
| Cherry Point located in?

| A: Havelock ‘l‘

1! Hop Sub-answer a:
Marine Corps Air Station Cherry Point

1

15t Hop Sub-question q:
What is the base of Marine Air Control

! Final answer A Final supporting sentences S !

CAEGARIESE S ;
DEABSTERAG. |
%ﬂ;lﬂ E[]EFEEEW*D%@E i Unified Reader M i

[ Answer Prediction Layer ] [ Supporting Sentence Prediction Layer ]

S

FEUEIEE

K™ Hop Input I

[[CLS] HOP=K][ Question Q ][ [SUB] gk ][ [BDG]a_k J [ yes no ][ [SENT] s ... ][ ]

- {ERS)IZRFRYE

1

I

> A e B e e :

B R)REE pk =R ARl S § Group 28 7 :

IREISCI FR)ERFQF~  ‘ntermediateHopReasoning  qcf | U 1 i

K?H’JE& : : ! 1% Hop Supporting Sentence Sy: !
\ . | | . - . .

(== o . Single-hop e ho single-hop Single-hop . | Manpe Tactical Alr.Command S.qu.adron 28 is !

| Question G tor G b - QA Model A Question ' ! a United States Marine Corps aviation |

Mz =i ] 1 0 e ! uestion Generator sub-question gy ode . ' ' command and control unit based at Marine |

¢ *Uﬁﬁ é ﬁ I.J EJIDH,\J]:E&EgD \  Intermediate + ry Generation : ! Corps Air Station Cherry Point. :

SREE B, | reasenpgend - | 1 =

X k™" hop supporting sentences S . . !

EEE@&%{ZK? Notiend k o \?v‘rllesuf‘m N he Marine Air Control Group 28 |

“< R A< ; [Inter. End Layer] [ Supporting Sentence Prediction Layer ] Single-hop | : IOC;[IC;'K,;“ ¢ Marine AirControl Group =6 |

! Supporting Sentence ' ! ) :

| Unified Reader M I dgﬁlfi e agon : | Question-relevant Context C: |

| s el ) : | P1: Marine Tactical Air Command Squadron '

: : | 28 is a United States Marine... E

X k™ Hop Input | | P2: Marine Corps Air Station Cherry :

: _ . 1 2 | ! Point.. located in Havelock, North Carolina... 1

: [ [cLS] HOP=k | Question Q | [ [SUB] q< | [ (BDG] ay, || 1senTls! . | [sentysz .. ][ .. ] e :

Locate Then Ask: Interpretable Stepwise Reasoning for Multi-hop Question Answering. COLING-22.
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RE—1ME—RIFIER, BEAEWHEEIMESTUIGHEES, WY PLMsEMHEERRRE

BRI E PRI ER SRS ER, FHoEEEESHITHIE, LURBIESESLR,
EIENRRZ(E LRAbox embedding#H TELCHEE, SEI 1 ANE NS HHEERIRLS.

! Structured Queries & Answers . Structured Reasoning using Box
| .

. : , . Embeddings

' o1: Fire Down _ director v? Al:® Robert :

Simple Fire Down _ director _ Robert
1 Below : Parrish

Triplet: Below Parrish

George Orson ¢ ! : George Orson :
s, T :
Inward- Welles Loy, _ : I Welles Qe Rita e Down - - direco,
Intersected ® Rita | LQ2: v? A2:e Hayworth Below . =i
Pattern: Fire Down ot Hayworth : : Fire Down o ”
I
]

~ -

L close :
—‘ ( .Robcrt

' v? Parrish

Below

Query Q2:
Pre-trained Language Model <+— George Orson
I Welles Pouse
r 3 :
Text Input: : close Rita
1 v?Q——D 1
[CLS] director actor spouse writer[ SEP] Fire Down Below is a 1957 Anglo- American adventure drama film with a : By Hayworth
screenplay written by novelist Irwin Shaw, starring Rita Hayworth, Robert Mitchum and Jack Lemmon, and ! i
I
directed by Robert Parrish. George Orson Welles (May 6, 1915 — October 10, 1985) was an American director, ... i Fire Down .é,’_ - -
George Orson Welles had three marriages, including one with Rita Hayworth, and three children... [SEP] . Below i

Unifying Structure Reasoning and Language Model Pre-training for Complex Reasoning.
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o INFEARJE4EHE (few—shot in—context prompting)

o FUFE R SCST, SREb RG], FEREGR N e R

o EKIE S EIAUELY;H A B4R B B TR HEAT A R
VIERRRITE 2 “CRZE R COCRKH)
RS S “ Standard Prompting
\/ﬁ}:&Xﬂ‘ étljll: % E]/‘J IEI Yyﬁﬂ ~~ Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

T4

QBRI EZRTHARG] | S

Model Output
A: The answer is 27. x ]

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

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

N _J

Model Output )

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9. 4/
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Q: Roger has 5 tennis balls. He buys
2 more cans of tennis balls. Each can
has 3 tennis balls. How many tennis
balls does he have now?

A:
The answer is 11.

N

Q: How many keystrokes are needed
to type the numbers from 1 to 5007
Answer Choices: (a) 1156 (b) 1392 (c) 1480
(d) 1562 (e) 1788

A:

he
kanswer is (b).

J

CSQA (commonsense)

people were. Where might he go?
Options: (a) race track (b) populated areas
(c) desert (d) apartment (e) roadblock

lot of people. Race tracks, desert,
apartments, and roadblocks don't
have a lot of people, but populated
Creas do. So the answer is (b).

Q: Sammy wanted to go to where the

A: The answer must be a place with a

J

J
(C StrategyQA )\

Date Understanding

4

Q: Yes or no: Would a pear sink in
water?

A: The density of a pear is about 0.6
g/cm”3, which is less than water.
Thus, a pear would float. So the
answer is no.

NS J

Q: The concert was scheduled to be
on 06/01/1943, but was delayed by
one day to today. What is the date 10
days ago in MM/DD/YYYY?

A: One day after 06/01/1943 is
06/02/1943, so today is 06/02/1943.
10 days before today is 05/23/1943.
So the answer is 05/23/1943.

NG

Sports Understanding

N

Q: Is the following sentence

screen pass in the NFC
championship."

The NFC championship is part of
American football, not soccer. So th
answer is no.

plausible? "Joao Moutinho caught the

A: Joao Moutinho is a soccer player.

e

J

Last Letter Concatenation

SayCan (Instructing a robot) )\

Human: How would you bring me
something that isn’t a fruit?

Explanation: the user wants
something to eat that isn’t a fruit. An
energy bar is not a fruit, so | will bring
the user an energy bar.

Plan: 1. find(energy bar) 2.
pick(energy bar) 3. find(user) 4.

\put(energy bar) 5. done().

J

Q: Take the last letters of the words
in “Lady Gaga” and concatenate
them.

A: The last letter of “Lady” is “y". The
last letter of “Gaga” is “a”
Concatenating them is “ya”. So the
answer is ya.

AN
>

N\ J

Coin Flip (state tracking)

the coin. Shalonda does not flip the
coin. Is the coin still heads up?

is an odd number. The coin started

QS no.

Q: A coin is heads up. Maybelle flips

A: The coin was flipped by Maybelle.
So the coin was flipped 1 time, which

heads up, so after an odd number of
flips, it will be tails up. So the answer

J

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

Figure 3: Examples of (input, chain of thought, output) triples for arithmetic, commonsense, and
symbolic reasoning benchmarks. Chains of thought are highlighted. Full prompts in Appendix G.
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—e— Standard prompting
—&— Chain-of-thought prompting
Prior supervised best
LaMDA

GPT PaLM

GSM8K

solve rate (%)
[ RN
S o &

o

oo

Py

N OB S
o o o o

SVAMP
solve rate (%)

L

04 8 137 04 7 175 8 62 540

0

MAWPS
solve rate (%) .
(S} ot -J [
o g o o O

Model scale (# parameters in billions)

Figure 4: Chain-of-thought prompting enables
large language models to solve challenging math
problems. Notably, chain-of-thought reasoning
is an emergent ability of increasing model scale.
Prior best numbers are from Cobbe et al. (2021)
for GSMB8K, Jie et al. (2022) for SVAMP, and Lan
et al. (2021) for MAWPS.

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

CSQA StrategyQA Date Sports SayCan
100 904 ____. 80 100 100
Seof T % 80 60 80
= 807 &
E 60 70 40 // 60
2 60 |-
240 60 20 40
w
20 ! 1 50 L ! ! 0 | | ! 40 7I | L 20 ! L
8 62540 8 6254 8 6254 8 6254 8 62540
Model scale (# parameters in billions)
Figure 7: Chain-of-thought prompting also improves the commonsense reasoning abilities of

language models. The language model shown here is PaLM. Prior best numbers are from the
leaderboards of CSQA (Talmor et al., 2019) and StrategyQA (Geva et al., 2021) (single-model only,
as of May 5, 2022). Additional results using various sizes of LaMDA, GPT-3, and PalLM are shown

in Table 4.

700N

BHFEFERNNEAT EBHNRE M

BT HOBESEFMCoTIEL

71 CED  HEIREE () L fPSdERE ChRD

—e— Standard prompting
—&— Chain of thought

Prior supervised best

- - - Human

HiEANSHIEE R, BERNIEHAE
HSHHEEBK,

DU AR PUBIT R EEFIRE 8

= R FAT ML

—e— Standard prompting
—6&— Chain-of-thought prompting

Letter Concat: 2 Letter Concat: 4

(in domain) (O0OD)
100
E75
2
250
g
=25
T S —
Coin Flip: 2 Coin Flip: 4
(in domain) (O0D)
_100
53
280
e
E 60
Q
w2
40 . !
62 540 8 62 540

Model scale (# parameters in billions)

Figure 8: Using chain-of-thought
prompting facilitates generalization to
longer sequences in two symbolic rea-
soning tasks.
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Self-Consistency Improves Chain of Thought Reasoning in Language Models,

Chain-of-thought
prompting

Language
model

Self-consistency

Q: 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 =5 cars. 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
much does she make every day?

Q:

Language
model

ICLR 2023

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. J

The answer is $14.

Marginalize out reasoning paths

Sample a diverse set of €
to aggregate final answers

reasoning paths

g mem mew men e s s s —I' ~ l
She has 16 - 3 - 4 = 9 eggs \
left. So she makes $2*9 = | The answer is $18.
$18 per day. I ) \\
| N
This means she she sells the \
remainder for $2 * (16 - 4 - 3) The answer is $26. V

= $26 per day. I
|

The answer is $18. ]

)
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

shehas9eggs * $2 = $18. |
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AR
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o FEF IR T — D FHEITHE,
R (CoT-SC) , fRFE Rk F

o M5ERRERAE

4)%&%%:

_rompt based

Prompt—based

BFS/DFS
@$-

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

Prompting (10)

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

Prompting (CoT)

with CoT (CoT- S

a2 — 1~ thought, Bfz[i]
H 8] 2D IRIR R

(ToT)

(d) Tree of Thoughts (ToT)
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« KRR 0; AR x[il; @BFs): ylil; #ERS]: z[i]RHx—
TEEP IR/ BT

- BRHERRES] PP (yx)

o /INREZR B 4E5% pSoT

(ylx' Zl...n) :

- BIR B Y%

(28 Yy ~P5°T (v, 21 nl%) (i = 1...k), argmax#{i|y’ = y}.
y

« FREBERE  PST(ziqlx,21) (i=1..k)..

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




Tree of Thoughts 3835 545 8

24

5 I{_\_—I\ ' }7:__’? y j(,m SHe BRI

AR

Input: 491013

________________

(a) Propose Prompt

Input 491013
Possible next steps:

oy
—LMJ—‘
N

Thought Generation

4+9=13(lefc101313)
10-4=6(left6913)

(b) Value Prompt

Evaluate if given numbers can
reach 24 (sure/likely/impossible)
1014:10 + 14 = 24. sure

101313

oy

el

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

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 +13 + 13 = 36 There is no way
to obtain 24 with these big

numbers. impossible

IO + Refine k=100 27%
() (best of 100) 33%
CoT (best of 100) 49%

1) BB FIR—DARNEAE, Ein4,9,10,13)> 449 = 13 (10, 13, 13)
2) BBARE: Prompt-based, iHiESARBIAERTTRER N —

3) JRESVHE: Prompt-based, ibiE S MBAIWHZARS B AIAT

4) IREZEK: BFS/DFS, ff A REVEHAT S FHE

Tree of Thoughts: Deliberate Problem Solving with Large Language Models.
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« IRHEGPTHPaLM &4 & B 5 1ERE, WELF|E JHEFRE J19m 5 n] B & X 7

T 55 A 9 AR R 1Y B A

» 55 T 2RI 1) B R R e D PRI R, DABCAEBLAE O PPAL R &

o ffiHfew—shot 77 IHAT AL, RERERRAEZXR

GSM8k WA E: 8k, EEIDRE OpenAl GPT
MATH HUFE: 12k[E)f, 7R

MMLU AIRAEIRE: 15k[o)E, 5745

: . . 9 Anthropic Claude
BigBench Hard = 6.5kjm)@, 237K 7l

HumanEval RAD[E . 164 python Google PaLM
C-Eval S thxx, 13k@E, 5281H

Meta LLaMA
Google FlanT5

Chain-of-Thought Hub: A Continuous Effort to Measure Large Language Models® Reasoning Performance, 2023

GPT-4, GPT-3.5-Turbo, text-
davinci-003, text-davinci-
002, code-davinci-002

claude-v1.3, claude-instant-
v1.0

PaLM, PaLM-2, Flan-PaLM,
Flan-U-PaLM

/B, 13B, 33B, 65B
3B, 11B
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CoT Hub - ¥

° 11 Claude _% PaLM 5 GPT_4ﬂ [—;[ﬁ , Model #Params Type GSMEk MATH MMLU BBH HumanEval C-Eval
G FE ) S GPT-4 ? RLHF | 92.0 425 864 ] 67.0 68.7*
}Fﬁiﬁ%gﬁﬂ i ). LLaMA claude-v1.3 r RLHF | 81.8% . 74.8%  67.3% . 54.2%
65B2 R i) PR PalM-2 .* Base | 807 343 783  78.1 . :
ept-3.5-turbo ? RLHF | 74.9% - 673%  70.1%* 48.1 54 4%
e To 61&%’] H1 fRPalLM-2 4 13 % claude-instant-v1.0  ? RLHF | 70.8* - - 669% - 54.9+
text-davinci-003 ) RLHF i . 64.6  70.7 ] i
HRLHF, A JJZ&HRLHFH] code-davinci-002  ? Base | 666 1901 645 7137 470
Xl Minerva 540B  SIFT | 588 336 ] . -
A RE
Flan-PaLM 540B  SIFT i - 709  66.3 ;
C Flan-U-PaLM 540B  SIFT i - 608  64.9 -

* LLaMA'651‘35 C‘Ode'daVIH‘Cl' PaLM 540B Base 56.9 8.8 629 620 262
002PEgedE w2, WISRE—  textdavincio2 2 SIFT | 554 - 600 672 . :
e ol o Pal.M 64B Base | 524 44 490 423 ] i
I ARLHFA A] 88451 GPT- LLaMA 65B Base | 509 10.6 634 - 237 38.8%
3 5-turbo LLaMA 33B Base | 35.6 7.1 57.8 . 21.7 i

‘ LLaMA 13B Base 17.8 39 469 . 158
Flan-T5 11B SIFT | 16.1% . 486 414 -
LLaMA 7B Base 11.0 2.9 35.1 - 105
Flan-T5 3B SIFT | 13.5% ] 455 352 ]

Chain-of-Thought Hub: A Continuous Effort to Measure Large Language Models‘ Reasoning Performance.
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A Failure Example of GPT-4 in Planning

GPT-4:

Move
Move
Move
Move
Move
Move

OO W -

b5 from
b3 from
b4 from
b2 from
bl from
b4 from

b3 to the
bd to Db5.
b2 to the
bl to Db5.
the table
the table

table.

table.

to b2.
to bl.

Problem (P1): You have 5 blocks. One cannot place more than one block on another block.
b5 is on top of b3. b4 is on top of b2. b2 is on top of bl. b3 is on top of b4. bl is on the
table. b5 1s clear. Your arm is empty. Your goal is to move the blocks. b1l should be on top
of b2. b3 should be on top of b5. b4 should be on top of bl.

b3

b4_>b4

B B

Initial State Goal State




Zero-shot Planners — {F&#1 %]
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o NIRUE KA AL R EIEL
R PEIZ 1L N AT AT B 1

Human

—a

FR=A

SR Re = R Al AT, TR AR E

Vanilla GPT-3 175B

Task: Go to sleep

Step 1: Walk to bedroom
Step 2: Walk to bed

Step 3: Find bed

Step 4: Turn to bed

Step 5: Look at bed

Step 6: Sit on bed

Step 7: Sleep

Task: Go to sleep

Step 1: Walk to bedroom
Step 2: Walk to bed
Step 3:|Find pajamas
Step 4:|Put on pajamas
Step 5:|Find slippers
Step 6:]Put on slippers
Step 7: Get in bed
Step 8: Sleep

Language Models as Zero-Shot Planners: Extracting Actionable Knowledge for Embodied Agents

MR AERSHEE!
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o MOHEERITEH E RS Hui L5 s 2 1yahl O S ai L 55 53661 7 m)dE il
HFbert FFIFEE UG R AT HERIZAMALE) , #ione-shot prompt

s TAAPATIN T P IE:
o A RBRAR HEprompt A BN
o FUHBEEY, MBAE AT S E A 3R 25 A2 s 1 S E R B B E H AT
o FALSS e, MSERTES, SNSRI G sIER N2 Y aipromptH, AN —EH

| |}

Zero-shot Planners — EF K& B H9{EFR

-

[ Task: Shave Prompt . [ Task: Shave Prompt
Step 1: Grab razor l Step 1: Squeeze out a glob of lotion J Step 1: Grab razor
Step 2: Switch on razor Step 2: Wash razor
Step 3: Put razor on face 1 Step 3: Switch on razor
Frozen
Task: Apply lotion . Task: Apply lotion
l r Pre-Trained Step 1: Pour lotion into right hand
rozen any -
; Masked LILM (Step 2 J
Pre-Trained Causal LLM 1 1
1 Frozen
| Pre-Trained Causal LLM
Step 1: Squeeze out a glob of lotion ] [ Step 1: Pour lotion into right hand ]

Step-By-Step
Zero-Shot Planning via Causal LLM Translation to Admissible Action Autoregressive Generation

Language Models as Zero-Shot Planners: Extracting Actionable Knowledge for Embodied Agents
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Distilling Knowledge — M AR b z& 1B 81

o RBEAIAEAT 2P H s RME 55 R R BUAE, AEAEA G R 2V R K1

o JHidover—generate—then—filterfEZ2 PAE A RIETIRGH L R MK BE F1, FH4E Hp) ik
ZIdORIBAEEE, M 2848 B AR K R B8 7 B T4 T/ ME RS I 20 BRI

B#R: NEERPERE S FE D EE

7 E (text—-davinci—002) :
o EARE AL,
. BEFETIIAE350° F, fE—8u~T (20)8K) W Ek:

(R =0 L WA = R
C E PSRN, R R EE AT TR A
A RREA, R B g BN B g NTRR TR ik
BRI e . STARSE, — IR,

Distilling Script Knowledge from Large Language Models for Constrained Language Planning
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7
Input: an abstract goal Abstract Goal: Make a cake

Over_generate—then—fj_]_ter Eg;@ ! ia:aj"""""'""j"i‘:;;_.'c;,;s'l:r'a};t's"---E
fs

Step1 | Specific Goals: "

P . 1G1(+modifier): Make a chocolate cake @:

Generate specific goa il
e -_.'

wave l —

Hy Vorargls — with Instru via G2(+method): Make a cake in a micro-

. %IJ }Eﬁ jt*j% }FU *E*E I‘ETJ $‘ H 1‘7"—\‘ iﬁ—rl;ntextﬁgt:ing Il.'53{+|n'l:t'.!n'l::| Make a cake for a weddrngr_‘,’"—“fd
CHITE— T2k A AR 11
QiR (HITF— 1750 7 85D [ stop 2 N Ganaiame s
ver-generate candidate :

o TR 23R B AR A AR emmnesr ) [@RIE][

LAMEL TR e
o R I B MBI T ) [ i
I

the goal with

AL R SAR R, JEH ;ﬁiiﬁlﬁ DR @ EEMS
score éﬁé %x @ S J

150 e imy IR N 22 07 5

Filtered Scripts

| : 1. Gather yuur ingredients

Output: Specific goals 4. Add the cocoa powder
with corresponding plans

______

Distilling Script Knowledge from Large Language Models for Constrained Language Planning
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Distilling Knowledge — M AAREY frz= T8I X1 88 771

« BT KRR RS &, Ry BB/ ME R B AT Beam i H et pe

o FIF B2 My IE 4T 20 R R ElE SECoSeript, MM Z IR FE O T [
ALK BIARIEE ), H TN/ MER LR T B Fr kil e

SCIGSERR -

o fECoScriptZPHEE EIZHI/IMERITS (3B) Model Size Modifier Method Intent All
FL175BHIGPT-3. CodexZ) o H AR kI GE /7 GPT3 175B 3000 2222 25.00 25.00
i g Codex 175B  46.67 55.56 18.75 47.00

InstructGPT ~ 175B 7333 74.08 42.86 69.00

o W ARG RIE K RIRBUE T m LAt se A ) TS (wikidow) 3B 2000 1296  6.25 14.00

TS5 (CoScript) 3B 6333 5555 43.75 56.00

FIT5 (3B) bk Z B R BI R ZI R KIGE TT  +retrievar 3B 76.66 66.66 75.00 71.00
BH o

Distilling Script Knowledge from Large Language Models for Constrained Language Planning
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LLM+P — 255 T By (o) @K
« PDDL (Planning Domain Definition Language) & [H ALK 1 EIE S .
* LLM AR HAES#MEAEAMIES
o JERATE T A 1 in) @ e] M A T B B K

Problem PDDL Example .

(define (problem BW-rand-5)
(:domain blocksworld-4ops)

(:objects bl b2 b3 b4 b5 )
(:init
Problem: You have 5 blocks. b2 is on top of b5. b5 (arm-empty)

(on bl b2)

is on top of bl. bl 1s on top of b4. b3 is on top of b2. (on b2 b3)
b4 is on the table. b3 is clear. Your arm is empty. LLM EEE o3 Ei’i
Your goal is to move the blocks. b4 should be on top (on-table b5)

1 b4
of b3. N

(:goal
(and
(on bl b3)
(on b3 b5))

)

)

LLM+P: Empowering Large Language Models with Optimal Planning Proficiency.
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j‘:JI_le ﬁlJ iaz /—\HE X-‘L E‘{ ( PDDL ) /_\Eé_‘ﬁ:rl:l])zﬁ ﬂ: /—\HEX Domain PDDL Example
3: 2N j‘:JLL jZlJ Il:_l‘l /—fﬁ E/J ﬂ:/ :T:E/f/kt -I/IZI IZI ’ %ﬂ: -LZ _‘l/—:‘lji E{ (def i(Izlie;i:?:izn:??i::g;?_%ps)
%Eﬂjiﬁq II:_I‘I /—\EET)EH E;ﬁ:l:/ \ﬁ_‘(‘ﬁél: (:predicates (clear 7x)

(on-table ?7x)
(arm-empty)

o« PDDLAL & AN SO R 5 o

(on 7x ?7y))

° iﬁi’f*iﬁtﬁﬁﬁjgﬁmmu’ IHEX%;{&:T:IETJ\ Z‘jj (:action pickup

/ﬁz IETJ %Z‘ngﬁl—liﬁ ;Ezzzﬁiziiioi??:;d_ (clear 7ob) (on-table 7ob) (arm-empty))
o [AEUSCARRAENT RAZE . WIURIRES S AR H br o Gnot (on-table 76b)) (a0t (arm-onpty>)))

Problem PDDL Example (:action putdown
:parameters (7ob)
(define (p]fc’blem BW-rand-5) :precondition (holding ?ob)
EE2@?:22;363‘?212;}4@5% teffect (and (clear 7ob) (arm-empty) (on-table 7ob)
(;init (not (holding 7ob))))
(arm-empty)
(on bl b2) (:action stack
(on b2 b3) :parameters (7ob 7underob)
(on b3 bb) :precondition (and (clear 7undercb) (holding 7ob))
(on b4 bl) teffect (and (arm-empty) (clear 7ob) (on 7ob 7underob)
Eo?itab;Z)bE) (not (clear 7underob)) (not (holding 7ob))))
clear
}(;goal (:action unstack
(and :parameters (7ob 7underob)
(on bl b3) :precondition (and (on 7ob 7underob) (clear 7ob) (arm-empty))
(on b3 b5)) teffect (and (holding 7ob) (clear 7underob)
) (not (on 7ob 7underob)) (not (clear 7ob))
) (not (arm-empty)))))

LLM-+P: Empowering Large Language Models with Optimal Planning Proficiency.
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LLM+P — g:IZII:/E\I /\E/\J%JIL&,IJ I‘ﬂ%ﬁ*ﬁg YRR

AAKTE, PDDLE—FE A
@Cm =, T LRI A A A
nfHEA THERME, AP
PDDL 8 HEFT T #R 2%

e X Hone-shotft7x, ¥ n] i
FIFE NPDDLAE I

o B N\ K it 2315 2 PDDLAS =0 Y
FH K 25 B

« B Ei kg B NERES
TC K iR

7

e

4 ™
Module Generated Text Provided Text Context Ex. P & Ex. Sol
Problem (P) Problem (P)
:|'> -  Plan :l—b -+ Plan
Domain TN Domain
N A
LLM-As-Planner LLM-As-Planner (In-context Learning)
~
Context  Ex. P & Ex. PDDL Domain PDDL

Planncr

Problem (P) —» w
LLM

Problem PDDL PDDL Pla

fﬁﬂb

LLM + P (In-context Learning)

LLM-+P: Empowering Large Language Models with Optimal Planning Proficiency.




LLM+P — g:IZII:/E\I /\EI/\J%JIL&,IJ I‘ﬂ%ﬂ*ﬁg 383 sovmnis

» LLME A SOHEI (LIM-AS-P) HIMSTARCR AN, Hah B0 RAEE I OR
D B TCVAER 55 1 52472

% ik
BLOCKSWORLD 7 ESHIEM BN M TEFHHS —HERAMHEEXR Success Rate %
Domain LLM-AS-P L LM.AS.P LLM+P LLM+P
BARMAN Fﬁ)gﬂﬁg//hﬁl‘] ig%%ﬂﬁﬁﬁfﬁﬁ EI‘] Eﬂ?{lﬁjﬁxgr&ﬁwﬁﬂ—%%f@ (no ctx_) i (no ctx_)
e I s BARMAN 0 0 0  85.0+0.0
FLOORTILE BASHHYRAFEAREDNFCERE FLFEERE BLOCKSWORLD 0 0 0 567429
GRIPPERS BYHBAERE R 2 B IR R R FLOORTILE 0 0 0 53.3+£29
GRIPPERS 10.0 15.0 0  95.0+0.0
STORAGE B SBHCENEAEXBIREBBACE STORAGE 0 0 0 65.0+0.0
TERMES 0 0 0 31.7£2.9
TERMES HEE AN B FIN B AR EE S M5 TYREWORLD 0 40.0+5.0 0  80.0+0.0

TYREWORLD B NIRRT FERER

LLM-+P: Empowering Large Language Models with Optimal Planning Proficiency.
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Please recommend
some books on
personal finance

7]

and investing.

Pfease make a
anana yogurt
for me.

::

Please draw a

watercolor style
Eiffel Tower
pamtmg

Tool Learning with Foundation Models, 2023

Figure 1: Tool learning paradigm aims to combine the strengths of specialized tools and foundation models.

M\M »
3 IE
é
FOUN DATION
@ Plan

MODEL

Cooki, t 1/ Slice the banana.
g Rot™ Rob® 2/ Blend the banana
slices with yogurt.

@ Use diffusion model

Prompt ( Eiffel Tower, Watercolor

Stable
Diffusion

BEREFDMITEREFNERTLY TR, MmigaREET
fRIRE ZASEBRIE) AL,
" R RARREWICIZE KR
" BECE W AIEHYRE

@ Reply

I would recommend:
1. The good Investor
2. Simple Wealth

3. ..

@ Execute
2 8
/ 7

@ Reply

Heve is a watercolor
Eiffel Tower painting
generated by diffusion
model.
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. %ﬁi —\ZIJ TE Q’] 'ﬁ ey e i
« NERHETIE: ife TEFEHRE
SNERHEIR:. EETHRIAHER, LR THFERRESR

° E m R — / \ '\_\LI j 1& -l‘J_—l Learning From Demonstrations Learning From Feedback
B A E T AV AR | ~{2T

RitEAR: ME ﬁ%%ﬁ¢$ﬂ i o () ., (s

* zJEL T Tﬁ. IZI ﬂ- [/ X % EJL’ L7 Z' {'k' Figure 6: Training strategies for tool 1;ning: (left) learning :nll human-annotated or m(;;;l—annotated

demonstrations; (right) learning from feedback, where the supervision could come from either the environment

- TN LA, BRY IEHI e

Tool Learning with Foundation Models, 2023




ReAct — SE&1E

BREIE

= FIh VeSS £

* B B ABERAT IR BIA
B RN TR

R

e Thought: N EEHER
e Act: M‘%Bijjﬁz

ReAct: Synergizing reasoning and acting in language models,

MRS B,

2023

{ (1) Hotspot QA ]

Question: Aside from the Apple Remote, what other device
can control the program Apple Remote was originally

designed to interact with?

N,

/—l (la) Standard J' N [ (1c) Act-Only ]—\

Answer: iPod Act 1: Search[Apple Remote]
)(j Obs 1: The Apple Remote is a

LS

remote control ..

r[ (lb) CoT (Reason Only) ]\

Thought: Let's think step Act 2: Search[Front Row ]

by step. Apple Remote was Obs 2: Could not find [Front
originally designed to Row]. Similar:

interact with Apple TV.

Rpple TV can be controlled Act 3: Search[Front Row
Touch. So the answer is Obs 3: Front Row is a
iPhone, iPad, and iPod discontinued media center
Touch. software ..

Answer: iPhone, iPad, iPod

Act 4: Finish[yes|]
Touch X\ X




ReAct - HBST AR THMBSRE

EI?E%EI?;%{ /‘EI‘EH , é’l\T = %D ,nn,f/lz s { (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
Cctober 2005 by Apple .. originally designed to control the
Front Row media center program ..

v L L
® Though‘t. ‘Lg‘ EI: *jEéﬂ:U Thought 2: Apple Remote was originally designed to control
[ ] I -
the Front Row media center program. I need to search Front
) Row next and find what other device can control it.
4 ACt: 9[‘ Iz | 4L Act 2: Search[Front Row]
Obs 2: Could not find [Front Row]. Similar: ['Front Row
jiziiii/ﬂil Seat to Earth', 'Front Row Motorsports',' Front Row
[ J
ObS: 3’ I\iﬁ; [/Jl_\' (software) ', ..]
Thought 3: Front Row is not found. I need to search [Front
Row (software)
§§D Act 3: Search|[Front Row (software) ]
® lﬁ g?\ \ % Obs 3: Front Row i1s a discontinued media center software ..
SRR USRI N E e 2 R

lﬁ Ij\:l ;HLIZEI:EIE %n ZjJ ,f/EEI:}FL 'TT . 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 ] \//
J

\.

ReAct: Synergizing reasoning and acting in language models, 2023
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ReAct: Synergizing reasoning and acting in language models,

ReActfyfRAS:

WE iR KA H Nmax_step_num
FInstruction 5 Examples 3 (£ A #45 ¢ Prompt
X TR — AN A2 AT BLU TR 2P B
¥ Promptiiy ALLM, i [7Thought#llAction
AT Action, iR [7lObservation - H W& 75 58 AT 5%
FAT S5 56 B A BT 18] 20 R T KA 2L
BB EH
750 :

#Thought. ActionflObservationi/s /il £|PromptH,

BEN R — B3R

thought action = LLM(
prompt + f"Thought {i}:",
stop=[f"\nObservation {i}:"]

)
thought, action = thought action.strip().split(+"

2023

\nAction {i}:

)

Instruction: BT X B HEE . T30, WM ) BB ZAT5
AT DA A TG oL, 473 AT DUA =R 4.

(1) Searchlentity], ‘B fE4E%: AR B RATIR AR, WRAFLE,
MR EEE—B . nREA, ERIR Bl — LR AL 1) SEAR AT 2R
(2) Lookup[keyword], & [a] 43 & 5 A T — M)+
(3) Finish[answer], R[FIZEHTHTS. TIHie —Lf] 5

Example:

Question: Musician and satirist Allie Goertz wrote a song about the
"The Simpsons" character Milhouse, who Matt Groening named after
who?

Thought 1: The question simplifies to "The Simpsons" character
Milhouse is named after who. I only need to search Milhouse and find
who it is named after.

Action 1: Search[Milhouse]

Observation 1: Milhouse Mussolini Van Houten is a recurring character
in the Fox animated television series The Simpsons voiced by Pamela
Hayden and created by Matt Groening.

Thought 3: Milhouse was named after U.S. president Richard Nixon, so
the answer is Richard Nixon.
Action 3: Finish[Richard Nixon]
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APl Pool
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.0 External Service
Accou Information Healt Erdoriai ot
anagement ~ Retrieval anage niertainme: P 3 p— ( )
— 5 — -— g g g
Negd ]
£la =
avel  Schedule Smart Finance
anageme: Home Management
A 1 Give Up
"‘\I‘.:. .’\-\ Y ."\I‘:. .'\.\ Y .-:\'.:. T\.
e, QP . QP R <
< API Call? >~ Yes —>_ Found? [~ Yes ) 2 <" Satisfied? > Yes
Tl LT Tl LT — Tl LT
W A A
N No MNo

o

Figure 1: The proposed Tool-Augmented LLMs paradigm.

API-Bank: A Benchmark for Tool-Augmented LLMs,

2023

« REZGIEH AP
s Ere, BET AR AP
« REAPERKEF
- RIEFEFTIEE API
« HIE, iﬂﬁﬁ?—?ﬁ%
« £ API TGS
« RIFWS, KRBT
s FERGIE, ?Eﬁ?i%_&._ﬁi&u\
s HLIRRERN, BEERERRR
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API-Bank: TEMAMRM T AFERAAE M5

Model level-1  level-2 GPT-3.5 GPT4 Human ® '—é& . 1%

GPT-3.5 Shopping 10 10 7 -
T Reminder 13 5 4 ~ ~ ~

- API correctness  54.64% 40.74% Personal Assistant 16 7 5 ® ?E 1ji ,/[-:l:- i}g % A P I X *\é/ %D % F == <

- dialog after API 04622 0.3445 Mecting Schedule 7 5 ! E 71T Y]
L ospital

Davinci Health Management 10 7 6 > N = 7 AL — O ME

- API correctness  0.50% 1.48% Financial Management 8 5 4 L -l;lz }I)]JJ IE IZT ﬁ b ,lﬂg Eﬁ ZE_ 'LJEJ FH A P I

- dialog after API  0.1035  0.091 Hotel Booking 7 8 7

Table 3: The result of several baselines on API-Bank.  120l¢ 4: The results of GPT-3.5, GPT-4, and humans ° & * *\é %
— L] l / \

e 1R T RIS E AP SCSFI B
o TENZEET] e RE IEFHAPI
TSR « =2%. Ak
AP : APIZSE, Z%X, Accuracy o 1Bz = MEE SR A= B
B FARHSTE XALE, ROUGE ?\E,T"ZJT‘:EEE:E;E% %%H;Tmi*
ST 5 « TENMAHARERIERE RSB
GPT-3.5 ZEBI R TN _E{F GPT-3
GPT-4 ZE=2R N LT GPT-3.5

API-Bank: A Benchmark for Tool-Augmented LLMs, 2023
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© ®

“Which US cities have
more than 20M citizens?”

“How many teeth
does a person have?”

New York, Los Angeles, (o » 32
Chicago, Houston,
Philadelphia, Phoenix,
San Antonio, San
Diego, Dallas, San
Jose, Austin,
Jacksonville,
Indianapolis,
Columbus

“How many teeth does
a math teacher have?”

47

U

- AL

- Jurassic-X ﬂ—t@J:

AR

L

NITR

© ©

“What's the date today?” “What is 10+11”
(asked on Dec 7,2021)
S Today is :
LR the 21st of 8%, 2
December

“What is 1982+39"

1981

HYTT%

‘éi%ﬁ

AY

I

il
;
Rl
o 2

VAR N

1E Hi AR IR

Input Text

l
Language Model (J-1)

Input Adapter

“ O A B

Weather APT Currency Wiki API Calendar

1 /]
X =
Database Calculator
Additional Experts...

Language Model (J-1)

{

Output Text

MRKL Systems: A modular, neuro-symbolic architecture that combines large language models, external knowledge sources and

discrete reasoning, 2022
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fBIR GPT-3 By R BT H BREE ()
* WABMHMFEN . RIERI, UERREREANIRIRY

Format addition subtraction
0 How much is {x} plus {y}? How much is {x} minus {y}?
1 What is {x} plus {y}? What is {x} minus {y}?
2 What is the result of {x} plus {y}? What is the result of {x} minus {y}?
3 What is the sum of {x} and {y}? What is the difference between {x} and {y}?
4 The sum of {x} and {y} is The difference between {x} and {y} is
multiplication division
0 How much is {x} times {y}? How much is {x} over {y}?
1 What is {x} times {y}? What is {x} over {y}?
2 What is the result of {x} times {y}7 What is the result of {x} over {y}?
3 What is the product of {x} and {y}? What is the ratio between {x} and {y}?
4 The product of {x} and {y} is The ratio of {x} and {y} is
Table 10: Question formats for single-operation problems. Five different formats

for each type of operation in the case of single-operation expressions.

Num. digits 1 2 3 1 5 6 7 8 9
Addition 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Multiplication 1.0 1.0 1.0 1.0 1.0 0.98 1.0 1.0 1.0
GPT-3 N/A 1.0 0.804 0255 0.093 N/A N/A N/A N/A

Table 1
number of digits in the test data for a model that was trained only on 1-digit operands
(5 + 3, etc.). Results for GPT-3 were taken from [2].

Robustness to the number of digits in the operands. Accuracy vs. the

MRKL Systems: A modular, neuro-symbolic architecture that combines large language models, external
knowledge sources and discrete reasoning, 2022
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Language Model
~input | output |
Tool Augmented Language Model
input H tool input | tool result — output
call append
external L_, < 7 J tool
tool L~ result

Figure 2: LM and Tool Augmented LMs.

“ESRL") MITH.

An abstract task:
task input text |fool-call tool input text |result tool out-
put text |output task output text

A weather task:

how hot will it get in NYC today? |weather lookup re-
cion=NYC |result precipitation chance: 10, high temp:
20c, low-temp: 12c |output today’s high will be 20C

Figure 3: TALM text-to-text interface example.

- EERFEES, WE (ESBA, AN, TARS"

s —JCHEIE: ZE—ZF Minput 2 tool input, ZE — 5 Minput+tool

result—> output

TALM: Tool Augmented Language Models, 2022
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Algorithm 1 Iterative Self-Play Algorithm.

x: task 1nput, y: task output, ¢: tool input, 7: tool output

I: T ={zi,yi}r # task set

2: D= {x;,tj,rj,y;}p # tool-use set

3: Py < pretrained LM

4: fort € [0,1,..., R] do # self-play rounds
5: # finetune LM

6: 0« argmax][p Po(yjle;, tj,mi) Poltilzs)

7:  for x;,y; € T do # iterate task set

8: forn € [0,1,..., N] do

9: tn < Po(t|z;) # sample tool query
10: rn < Tool(ty) # call tool API
11: Yn < Po(y|lziytn,rn) # get task output
12: if |y, — y:i| < th then # filter wrong output
13: D <+ DU{zitn,"n,yn b1
14: # update tool-use set

TALM: Tool Augmented Language Models
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The New England Journal of Medicine is a registered API Name Example Input Example Output
trademark of [QA(“Who is the publisher of The New Question Answering ghceéfuﬁilhfo lﬁn;fgis New Haven, Connecticut
England Journal of Medicine?”) — Massachusetts Wikipedia Search ~ Fishing Reel Types Spin fishing > Spin fishing is distinguished between fly fishing and bait
: s cast fishing by the type of rod and reel used. There are two types of reels
Medical SOCIETY] the MMS. used when spin fishing, the open faced reel and the closed faced reel.
Calculator 27+4 %2 35
Out of 1400 participants, 400 (or [Calculator(400 / 1400) Calendar € Today is Monday, January 30, 2023.
=5 .29] 20% ) passe d the test. Machine Translation  sireté nucléaire nuclear safety

Table 1: Examples of inputs and outputs for all APIs used.

Out of 1400 participants, 400 (or <API>Calculator(400 / 1400) — 0.29]</API>29%) passed the test.
He AP, “o7, “</API"R4§Fktoken, HBIFTLAAPLAMNIFGE, RITALE;
“STZHINFMERTRENERES, SRIAZRMMANSY, > "2ENETENEARER.

Toolformer: Language Models Can Teach Themselves to Use Tools, 2023
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| M Dataset 1 2 3L N !__M Dataset
Sample API Calls Execute API Calls Filter API Calls with APl Calls
X, ., = Pittsburghis c;' = What other name is ri' = Steel City L(c;* — Steel City) X" = Pittsburgh is
also known as Pittsburgh known by? <min(L(c;! — ), L€)) also known as
_ [QA(What ...?
| X, = the Steel City ¢ = Which country is r = United States L(c?— United States) — Steel City)] [
Pittsburgh in? >min(L(c?— g), L(€)) the Steel City.

PRIECEF I 2B AEN |, e of Bramples
Bl_*ﬂ., ¢$ API 1”JEH JIRRN ,3 7;& Question Answering 51,987 18,526 5.135

Wikipedia Search 207,241 60,974 13,944

* jrl'%—i_}? XTJ\ 95 ™ B% E/] ﬁ 5& PEpEs Calculator 3,680 994 138

Calendar 61,811 20,587 3,007
-/ \, )| * ’ ’
,“\ . IR ’[E gﬂ* '],J;J 'I,E*Sl- Machine Translation 3,156 1,034 229

Table 2: Number of examples with API calls in C* for

different values of our filtering threshold 7.
Toolformer: Language Models Can Teach Themselves to Use Tools, 2023
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1 . (11 E! T 7 . E s t& .
The New England Journal of Medicine is a registered trademark of ...

2. “HEIEIER” : £SRRAPLERIES:

The New England Journal of Medicine is a registered trademark of <API> QA(“Who is the publisher of

The New England Journal of Medicine?”’) —

3, “EEMER" . BBltoken 7K, BATE, EAER;

The New England Journal of Medicine is a registered trademark of <API> QA(“Who is the publisher of

The New England Journal of Medicine?”) — Massachusetts Medical Society </API>
4. “HET

The New England Journal of Medicine is a registered trademark of <API> QA(“Who is the publisher of

The New England Journal of Medicine?”) — Massachusetts Medical Society </API> Massachusetts Medical

To6lSYmer: Language Models Can Teach Themselves to Use Tools, 2023
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FfF—EZ A : Joe Biden was born in Scranton, Pennsylvania.
1.4 : SERXREXTAPHER AL E HITHRE:

Joe Biden was born in <API> QA(" Where was Joe Biden born?")</API> Scranton, <API> QA("'In

which state is Scranton?'") </API> Pennsylvania.

298H: ARIR, #FTARER;

Joe Biden was born in <API> QA(" Where was Joe Biden born?") —Scranton</API> Scranton, <API>

QA("In which state is Scranton?'') —Pennsylvania </API> Pennsylvania.

398 : XEETAPTARMATEARRIMA, {REloss ZESHY.

n

Li(z) = - z wj—ilogp(lexlzj—l)
j=i

Toolformer: Language Models Can Teach Themselves to Use Tools, 2023
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HuggingGPT:. Solving Al Tasks with ChatGPT and its Friends in Hugging Face, 2023

Q-8

HuggingGPT

-

LLM as Controller -

Can you describe this picture and count how
many objects in the picture?

|

I

g I
A text can describe the given image: a herd of - !
giraffes and zebras grazing in a fields. In @ :
I

I

|

|

|

|

|

addition, there are five detected objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object

detection and image caption on this image. Combining +

the predictions of '~ |
, & and ¥ ‘

models, | get the results for you. i L

HuggingFace

Prediction

I Task [
il =

~ facebook/
detr-resnet-101 |
l=—

IIT Task Execution

-’

Prediction .

IV Response
Generation

!

~ nlpconnet/

-gpt2-image-captioning
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Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.

{ Request |
Stage #1: Task Planning Stage #2: Model Selection

In-context task-model assignment: ‘= -

€ hustvi/yolos-tiny
facebook/detr-resnet-101

) TahaDouaji/detr-doc-table-detection

Madel Carcs n HuggingFace

| task: object-det.
! args:

ml___
| task: pose-to-image
! args:

: text: a reading girl

Stage #4: Response Generation

T1] pose-det. T4] DbJE(t -det.

Hybrid Endpoints

,
| Bounding boxes

HuggingFace Endpoint |, with probabilities . [imagerz]‘ [h"“"d'“g box]
. " {T2] pose-to-image T5] image-to-text

=
E
3
g2
5
\V

[image-3] “agirl sittingon ...”
T3] image-class. T6] text-to-speech
................... [elasses with prob] [audio-1]

Text-1] = <resource-5:

The image you gave me is of "boy". Thehrsuhmg 1 md was use ¥ to analyzelhe pose of the boy in the image. |
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using = and the instruction “a girl is reading”. Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the = model. The box was drawn on the image, which is located at
[Image-4]. Then, | used the predictions of a image classification model = and a image caption model a

& model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
kire.ading abook". Lastly, I ran the = model to convert the generated text into audio, located at [Audio-1].

Figure 2: Overview of HuggingGPT. With an LLM (e.g., ChatGPT) as the core controller and
the expert models as the executors, the workflow of HuggingGPT consists of four stages: 1) Task
planning: LLM parses the user request into a task list and determines the execution order and
resource dependencies among tasks: 2) Model selection: LLM assigns appropriate models to tasks
based on the description of expert models on Hugging Face; 3) Task execution: Expert models on
hybrid endpoints execute the assigned tasks; 4) Response generation: LLM integrates the inference
results of experts and generates a summary of workflow logs to respond to the user.
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HuggingGPT: X151 S

Prompt ~ I - AY AN\ /
#1 Task Plfmning Stage‘- Tl}e Al assistant performs task pa.rsing; on user input, generating a ‘ligt . % N *D \ / \ ~ LLh.I A‘_‘E T Prﬂ ‘T‘ Rma“ T Fl T‘
of tasks with the following format: [{"task": task, "id", task_id, "dep": dependency_task_ids, | E % /
"args": {"text": text, "image": URL, "audio": URL, "video": URL}]]. The "dep" field } -
denotes the id of the previous task which generates a new resource upon which the current task Al paca- Th .48 35.60 .64 4. 88

relies. The tag "<resource>-task_id" represents the generated text, image, audio, or video from /T'/T' i7j [
the dependency task with the corresponding task_id. The task must be selected from the following l J
options: {{ Available Task List }}. Please note that there exists a logical connections and order w‘:una' ?b‘ 2-3 .E'& 45 a 5‘ I 2’&. 5 ]. Eg _4-4

between the tasks. In case the user input cannot be parsed, an empty JSON response should be

provided. Here are several cases for your reference: {{ Demonstrations }}. To t.with task GPT—3_5 5 2 _52 54_45 32_ 213 39.[‘5

s e e e Sk g g e et mentoned o N 5(\ AP| 1E E3 i [ — . )
Demonstations mm UL SRR Table 3: Evaluation for the single task. “Acc”

Can you tell me how many ject-detection”, "id": 0, "dep": [-1], "args": {"im

objects in cl.jpe? 1] and “Pre” represents Accuracy and Precision.

: age-to-text”, "id": 0, "dep":[-1], "args": {"im D ~ !: E
' age": "e{Z.]pg" 11, ("‘?task"’:”iTags—cl ", "id": 1, "dep . G P 3 l
In €2 jpg, what's the animal ~ "args": {"image": "e2jpg" ]}, ["task":"object-detection” I " E | H b
and what's it doing? 2, "dep": [-1], "args": {"image": "e2jpg" ]]. ["task": ° jj LLM ED ‘L Pl'f T Rﬂﬂ]] T Fl T
sual-quesrion-answering”, "id": 3, "dep":[-1], "args": {"text":
[{"task": "pose-detectiol

"what’s the animal doing?", "image": "e2.jpg" }}] ~ ~ N ~ a 2? ‘}3 35 22 SD
", "id": 0. "dep": [-1], "args": {"im o S i i{ k %’I‘é / \ i g{ k Alpﬂflﬂ ?b D'B3 2“-‘- Saefn -
i e e / LX—] m } 73~ g NS E 77 Vicuna-7b  0.80 19.15 2845  22.89

liﬁ[:e;rt;zigeaa;:o]?"wcﬁmz [0], "args": {"text": "a gul reading a book", "image": "<re-
g 2 N source>-0" }}]

anew image as a response. -—Pmmpl - ° 1jtq: Alpaca %D Vlcuna GPT-3.5 0.54 o6l.09 45.15 51.92

#2 Model Selection Stage - Given the user request and the call command, the Al assistant helps the

Task Planning

First generate a HED image
of e3.jpg. then based on the

. : - H Wk L
user to select a suitable model from a list of models to process the user request. The Al assistant Tﬂb] e 4 - Evalua[]{)n 10 I [hﬁ SEI'_] uent Ij]] [ask, E.D
'5 merely outputs the model id of the most appropriate model. The output must be in a strict JSON . -
g | format: {"id": "id", "reason": "your detail reason for the choice" ). We have a list of models for means Ed_][ D‘l stance.
g you to choose from {{ Candidate Models }}. Please select one model from the list.
= Candidate Models
o} . .
g {"model_id": model id #1, "metadata": meta-info #1, "description™: description of model #1} Task T_vpe Dmg Exa.mplc Metrics
{"model_id": model id #2, "metadata”: meta-info #2, "description": description of model #2} B . Show me a funny i P
: y image of Precision, Recall. F1, - n
- . - Single Task Tesk1 | acat Accuracy LLM GPT-4 5core T Pre? RecallT F17
{"model_id": model id #K, "metadata": meta-info #K, "description": description of model #K'}
g Prompt . r 1 [ 10 7 Replace the cat with a dog Precision, Recall, F1
=] recision, kecal
5 Sequential Task Task1 [— Task2 Task 3 . . L, .
g #4 Response Generation Stage - With the input and the inference results, the Al assistant needs to q : : '_.l in example.jpg Edit Distance -l‘!'i I pﬂ':ﬂ—?b 1 3 N I 4 ].'f! - I E- ZR 3 3 2[! 59
s describe the process and results. The previous stages can be formed as - User Input: {{ User Input N N N -
3 1}, Task Planning: { [ Tasks }}, Model Selection: {| Medel Assignment )}, Task Execution: {{ [ Task 1 Given a collection of image l‘l,'r| Cu"ﬂ—?b 1‘;' | ? 1 S_ﬁﬁ | 39? EEGB
2 Predictions }}. You must first answer the user’s request in a straightforward manner. Then describe 1 A:ajpe, B:bj C: c.jpe -
é the task process and show your analysis and model inference results to the user in the first person. Graph Task k2  Taska J mk & | pleaﬁjep{ell me J\Eﬁich m.ifghé Precision, Recall, F1 GPT-3.5 5048 54.90 4923 51.91
% | If inference results contain a file path, must tell the user the complete file path. If there is nothing in L . likei Bi = GPT-4 Score : - - - :
P the results, please tell me you can't make it. T“k 5 15 mo:_e ke lll?ag; "‘]:q
Table 1: The details of the prompt design in HuggingGPT. In the prompts, we set some injectable terms of semantic, A or ¢ Tﬂb]e 5: E‘r'ﬁ] uation fﬂr the graph [,ﬂ_sk .
slots such as {{ Demonstrations }} and {{ Candidate Models }}. These slots are uniformly replaced Table 2: Evaluation for task planning in different task types.

with the corresponding text before being fed into the LLM.

HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face, 2023
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““““““ =\ O -
API lnstruct.'on So!utmn Path API Retriever  Retrieved APIs
Coﬂect:on Generat:on Annotation TN
f“ [ Instruction ] %/
Instructlons & relevant APIs ('ﬂ
: - TOO’B‘""C" [Final Answer] *
| -@ 3
Q Ropid (& CD) By
L RapidAPI API Retriever roouLaMA LLaMA @] ToolEval P

ToolLLaMA B LLaMA-2-7b_E#E1E 2| pyi= 5y

EFRapidAPIE &S L 160002 AR IE, RFREZ AR ARETLAE
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TOOLLLM:

_ H: ToolBench, API Retriever, ToolLLaMA, ToolEval
Facilitating Large Language Modles to Master 16000+ Real-World APls, 2023
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"user': "RIBHEMIA—MEHRE. RHEREERNERSEF-HBIERE,
"assistant'": "Thought: JHFLE & FLRBUEF - HHBIE/REMER
API Name: get extra character details

Arguments: {"name": "Hailee Steinfeld"}"
"function': "{"age": 28, "recent movies": ["Spider-Man: Across the Spider-Verse" ...]}"

"assistant': "Thought: FxFZE "

—

"function: ...
"assistant": "Thought: F A LAFHITEIZE T .
API Name:

Arguments: {"Answer": "/&F-HriBIE/R{E K IL £ Spider-Man: Across the Spider-VerseH J 314K 2
BLE. RATLAE—P R mBE(EAFLY, thrges=WEY. "}

assistantf [ & N 1Z B & Thought, API Name, Arguments=- 2F%3
TEuserfi N B|fl 2 5, fREBEIS WA fRassistantFfunctionZ [B]RYXT1E, AETEAR TR,
2 X—MMFRAAPILIL, ERFEEALIGEEENESR.
TOOLLLM: Facilitating Large Language Modles to Master 16000+ Real-World APIs, 2023
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Reasoning Chains of Different Methods

ToolLLM:

1
H

CoT / ReACT DFSDT (ours)
Instruction | Instruction | Selected Path
: Ao

oD e Gotn OROT MEAPRENR
v — « DFS JRZE#HS (DFS Decision Tree)

- =) Ry . IR I TR IERNER

P L APIHGERR: 4R/ APHERSEE
LR ) é o HF ChatGPT #7225 58 1)l| 2k BERT-BASE
Normal | APICall with Normal Response Final Answer ° ttiﬂ”ﬁ&%g*,—ﬁ API ﬁ’l‘\ﬁ

= ==
1
E API Call with Error Give Up

_______________________________________________________________

TOOLLLM: Facilitating Large Language Modles to Master 16000+ Real-World APIs, 2023
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ChemCrow: =T H AtEAY

1. thought 2. action

reason, plan gz s - BATE: WMTI/XihiEx.
% e Python ﬁfﬁrﬁ% AKX FEO
W * 'f’t%I?E\‘ gﬁ#/\%'fm/u\ = -L/_J
4 m.::?;;s: oo DFHEIUE. /\ﬁlzﬁ BIRE .
e o i st LTHIHE. FEEIR

b Molecule tools + General tools ° ﬁ-@l /f’t:%*“ 7.§|< . }%i’ﬁ ll\é
» SMILES to Weight *—L . %@'fm /D\éti/E_J

e - RETE: RRHR. =HH
| Nk

a Expert-designed __ Chain of thought reasoning loop Chemistry-informed ° ,E 1 7 E_
chemistry tools sequence of actions I 5 % A 7S

ChemCrow
Example input:
Plan the

synthesis of an
insect replellent.

» Literature Search
» Web Search

» Code interpreter
* Human expert

« Similarity
= Modify Mol
= Func Groups
K « Patent Check
*» Name to SMILES

ooty A « RXN to Name NC\::« ? _

« Safety Assessment « RXN Predict i — I

« Explosive Check « Synth Ir:ia:: o 7_:% i G PT'4 & La ngc h a I n
Safety tools Reaction tools

Augmenting Large Language Models with Chemistry Tools, 2023
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Self-Training ]—
Feedback-guided
Generation

Generate-then-Rank

|
[
|
|

Post-hoc Revision ]—

[ Supervised Learning

[

[ In-Context Learning

Reinforcement
Learning

—[ Hallucination ]
—i Unfaithful Reasoning
' Input »| Language Sllg— ]
/ Model old A
awed Codes
Patient ]
d —[ Toxic Contents ]
Output
—[ Human ]
—[ Language Model ] Trained Model ]
-
Refine ; % Critic
/ ' External Tools Program Executor
Model L@?E, . Model _[ ]
Treatment Doctor —[ External Metrics ] Other Tools ]
—[ External Knowledge ]
o Feedback |«
Diagnosis —| Scalar Value ]

—{ Natural Language ]

Automatically Correcting Large Language Models: Surveying the landscape of diverse self-correction strategies, 2023
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Automatically Correcting Large Language Models: Surveying the landscape of diverse self-correction strategies, 2023
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Make the following
z sentence positive

Input x Pizza was bad
Initial .
output y, Pizza was good
Best

(szza was amazmg)
output

SELF-REFINE

t=0,1,...,T
Sentiment level
@. @ is neutral due to @ E’izza was greaa- s
Model . Model '
phrases like good :
Feedback Feedback on y, Refine Refined output
: module py, fb(y,) module p,,, Vit
yHl ---------------------------------- [terate ------=========sssmsasaaaaaaaaaaaa

Given an input x, and an initial output y0, Self-Refine successively refines the output in a FEEDBACK —
REFINE — FEEDBACK loop. It is assumed that the initial output y0 is produced by a generator model|,

which could be a specialized fine-tuned model or a few-shot prompted model.

o RIEFRALAT L]

o H BRI T, 1

Self-Refine: Iterative Refinement with Self-Feedback, 2023
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Reflexion — MEIN7SIEIZHIT R ENEREMAE °

Agent

External feedback (

o Bt T NEE DR R AR A IR 22 56 AT L A el | D ]T

feedback text

¢ %IJ *jE% gt g % ‘\2%‘9[\_{{_4/ N jﬂ:.//fﬁ;iﬂz{ﬁ [ Evaluator (LM) J Experience
o VIR 4 S AL R 1 SRVE S TRk | T
° j‘A IB‘TZA 5)‘ E:X)ill_» QX Z‘[LL ’ E“{/_’ 9%/_‘ ] (shor-tl:;iac’[rr?gymory) 4{ Actor (LM) ]

/d

—Obs / Reward — Environment <— Action

Reflexion: an autonomous agent with dynamic memory and self-reflection. 2023
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Trial #1: Question: What profession does John
Lanchester and Alan Dean Foster have in com-
mon?

Thought 1: Let’s think step by step. John Lanch-
ester 1s a novelist, journalist, and critic. Alan
Dean Foster is a novelist and screenwriter. So
the profession John Lanchester and Alan Dean
Foster have in common is novelist and screen-
writer.

Action 1: Finish[novelist and screenwriter]

Observation 1: Answer is INCORRECT

Trial #2: Question: What profession does John
Lanchester and Alan Dean Foster have in com-
mon?

Thought 1: Let’s think step by step. John Lanch-
ester is a novelist, journalist, and financial jour-
nalist. Alan Dean Foster is a novelist and screen-
writer. So the profession John Lanchester and
Alan Dean Foster have in common 1s novelist.
Action 1: Finish[novelist]

Observation 1: Answer is CORRECT

Reflection: My reasoning for the profession John Lanchester and Alan Dean Foster have in common
failed because I incorrectly assumed that they both had the same profession. In the future, when
attempting this question, I should focus on better researching the individual backgrounds of both
authors to ensure that I am accurately identifying their professions. Additionally, I should consider
the possibility that they may have multiple professions in common.

Reflexion: an autonomous agent with dynamic memory and self-reflection, 2023
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-=+-- ReAct only
—e— ReAct + Reflexion (Heuristic)
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Trial Number

Reflexion: an autonomous agent with dynamic memory and self-reflection.

o o o
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Proportion of Environments
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ReAct only - hallucination
--+-- ReAct only - inefficient planning
ReAct + Reflexion - hallucination
—e— ReAct + Reflexion - inefficient planning

8 10
Trial Number
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Automatically Correcting Large Language Models: Surveying the landscape of diverse self-correction strategies, 2023
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The text has 53% toxicity of threat. To improve content safety

*E TE '[/:I: 'fﬁ % E&lﬁ Vi oy ﬁk while ensuring fluency, here's a non-toxic continuation after '\.

Jason Conroy, 19, strangled fellow resident Melissa Mathieson at
Alexandra House in Bristol \ in November 11 2014. It serves as a
reminder of the importance of mental health support to...

)
J

Toxicity

Toxic Text
rate

Critic: Large Language Models Can Self-Correct with Tool, 202305
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Question Answering

Question: Who won the 2016 Russian national silver medal with
another Russian ice dancer born 29 April 19957

Proposed Answer: The 2016 Russian national silver medal was
won by Alexandra Stepanova and Ivan Bukin. Alexandra
Stepanova was born 29 April 1995. Ivan Bukin was born 10 April
1993. So the answer is: lvan Bukin. x

What's the problem with the above answer?

1. Plausibility: The question asks for a name, and the answer

"lvan Bukin" is a name. So it's plausible.

Google

2. Truthfulness: Let's search the proposed answer in google:

> Search Query: The 2016 Russian national silver medal was

won by Alexandra Stepanova and lvan Bukin.

> Evidence: [Alexandra Stepanova - Wikipedia] Stepanova/Bukin

won silver at the 2012 Russian Junior Championships...

From the evidence, Stepanova/Bukin won silver at the 2012

Russian Junior Championships, not 2016. _—
e 8

Let's search the question in wikipedia: \ f: 4

> Search Query: Who won the 2016 Russian national silver

medal with another Russian ice dancer born 29 April 19957 site:

wikipedia.org

> Evidence: [Victoria Sinitsina - Wikipedia] Victoria Alexandrovna

Sinitsina is a Russian ice dancer .

The evidence suggests that Victoria Sinitsina is a Russian ice

dancer born 29 April 1995. We need to find out who won the

2016 Russian national silver medal with Victoria Sinitsina.
Google

> Search Query: Who won the 2016 Russian national silver

medal with Victoria Sinitsina?

> Evidence: [Nikita Katsalapov - Wikipedia] In December,

Sinitsina/Katsalapov won the silver medal behind

Bobrova/Soloviev at the 2016 Russian Championships.

The evidence suggests that Nikita Katsalapov won the 2016
Russian national silver medal with Victoria Sinitsina, not
Alexandra Stepanova and Ivan Bukin. The answer is incorrect.

Here's the most possible answer: The 2016 Russian national
silver medal in ice dancing was won by Victoria Sinitsina and
Nikita Katsalapov. Victoria Sinitsina was born on April 29, 1995,

&So the answer is: Nikita Katsalapov.
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Step 2: Code execution

TEST > |
(m—. | @n
0= )]
Unit tests Executor
\'/. Step 1: Code J—'
A generation
3 Feedback
Problem Code E .
xplanation
Model P A
Step 3: Code explanation —
)

Teaching Large Language Models to Self-Debug.
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Problem

Knowledge
Generation

scellaneous Knowledge

>

>

Reverse a linked list
Take prev, cur, nxt to
denote the previous node,
current node and next

function--
[omit for brevity]

node in the List: [omit Other Knowledge

for brevit
\_ y]

(74.2. for Statements numpy . Raiser(M, )
The for statement in beta)
Python differs a bit from Return the Kaiser
what you may be used to window.
in C or Pascal -+ [omit The Kaiser window
for brevity] is a taper formed
by using a Bessel

Answer
Generation

Model ﬁ

Feedback

Output

SelfEvolve: A Code Evolution Framework via Large Language Models 2023
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Self-Corrector

Constrained generation Toxicity Math

Generator

348

Write a sentence with
bow, prepare, shoot, arrow, target

Write a non-toxic continuation for:

There'’s no need to make threats if...

Sam had 6 more apples than Carlos.
Carlos had 4. How many for Sam?

R0

~" Il shoot an arrow at

~ the target with my bow

IIIanatBow)(

. shooten arrowatthe target

Prepare X
o« youknow we won't take that (Agh)
Prepare { you @ g
et B 050,
~ you know we won't accept

S

you know we won't take that |

Generating sequences by learning to self-correct, 2022

missing
= ,
. X Carlos

x=b-4 X wrong

operator

i

x=64+4 \/ good!
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Exploration
Over-generate hypotheses and corrections
Generator 1

f A dog sits in a park.

7 An empty park bench.

A dog sits in a park
on a bench.

Adogsitsin a park. |....p

Get value and (optional) feedback

~

A dog sits in a park. e ﬂﬁﬁ Include the word “bench”.

A dog sits in a park
on a bench.

Generating sequences by learning to self-correct.

-+ - 1.00 Correct! j
‘\‘-—.__—/

Pairing
Pair hypotheses with value-improving corrections
B | oo, | | Smemi0s
- Adogsitsin a park _
hmsmnonabench.
- My dog saw a bench

7 inapak | Cimilanty06

Learning
Train on similar, value-improving corrections

{dog, park, bench}
A dog sits in a park.

5 - Adogsitsinapark
B lw . | on a benc.h_

Include the word “bench”.
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Automatically Correcting Large Language Models: Surveying the landscape of diverse self-correction strategies, 2023
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-’ User Input: A treasure hunter found a buried treasure chest filled with gems. There were 175 diamonds, 35 fewer rubies than >

I/ diamonds, and twice the number of emeralds than the rubies. How many of the gems were there in the chest? \

1
| I
| Agent 1: Let x be the number of rubies. Then the number of diamonds is 175 Agent 2: If there were 175 diamonds, 1
1 And the number of emeralds is 2(x-35), since there are twice as many then the number of rubies is 35 fewer, I
1 i i i -35= i 1
. emeralds as rubies and there are 35 fewer rubies than diamonds. or 175 - 35 = 140 rubies. N l) /\ Ay /\ %n é“b ﬁ ) » 1
1 To find the total number of gems, we add the number of diamonds, rubies, And since there were twice as many %}J l:l Izj l i : l E H b i ) XE N I ':ﬂ !
1 and emeralds: Total gems = 175 + x + 2(x-35) = 3x + 105 emeralds as rubies, we can represent the !
1 number of emeralds as 2 * 140 =280 E[ﬁ > —5- y—o !
! We don't know the exact value of x, but we do know that it represents the emeralds M [u] I: , l » EI E !
! number of rubies, which is less than 175 (since there are 35 fewer rubies than - !
: diamonds). Let's try some values of x: If x = 50, then the total gems = 3(50) + To find the total number of gems in the :
| 105 =255. If x = 100, then the total gems = 3(100) + 105 = 405 chest, we can add up the number of 1
1 diamonds, rubies, and emeralds: .
\ Since we know there were fewer rubies than diamonds, the answer must be 175+ 140 +280 = 595. Therefore, there I
\ closer to 255 than to 405. Afier some trial and error, we can find that x = 40 were 595 gems in the chest 7

N gives us: Total gems = 3(40) + 105 = 225 @ ’
. - M R _
ser Input: Using the solutions from other agents as additional information, can you give an updated response
e e e LCopUAZeRl 2S5 AL o e m e e e - - - — = AL S Py ) e e e e e e e e e e e e e e e e e e e e m m e e e e e e = = = - ——— -
4 \

‘ o Rmmz \
{ Agent 1: Given the information provided in other agents' solutions, we have Agent 2: After reviewing the solutions ‘\‘“T“ » /\ /\ L /\ %n [_\b > \] ‘\‘“T“ 1
1 two answers: One agent found that the number of rubies is 40 and the total provided by other agents, I agree with ??[;F _Lb ) l X . :t l E H b Z I El ?&‘[;F 1
1 number of gems is 225. Another agent found that the number of rubies is the second agent who found that the ° :
1 140 and the total number of gems is 595 number of rubies is 140 and the total » 7_‘ AR A N :H:

1 o number of gems in the chest is 595 _[//t\l . :t -[,Z IZj[\ _E& $‘ /l\ %n zﬁ—‘[% 1ZIKA’5,{TJ -I’-[E :
1 We know that the number of rubies is 35 fewer than the number of Therefore, my answer to the math b ) E[ Z 7N\ |
1 diamonds, which is 175. So the number of rubies should be 175 - 35 = 140, problem is 595 N N N |
| as the second agent found. However, the agent who found 225 gems 95':[ b ﬁ t a
1 assumed that the number of emeralds is twice the number of rubies minus E[ ﬁ b Y b i N :
1 35, rather than twice the number of rubies. If we use this assumption, we |
1 get: Number of rubies = 140. Number of emeralds =2 * 140 - 35 =245 |
‘\ Total number of gems = 175 + 140 + 245 = 560. Our final answer is 560 ‘:’ 0 Al )
S e User Input: Using the solutions from other agents as additional information, can you give an updated response. _- 4
o WopyAgent T feply)~ ~ ~~ =~~~ === ="~ {CopyAgedt 15 eply)~ ~~ ~~ ~ =~~~ ---------------- -~ CTTT TTTSTTTTT~T-~TTTTTTSTTeTTTTTTTTTTToTTETTTETTTTT -

/ \
[ 1
1 Agent 1: After reviewing the solutions provided by other agents, I agree Agegt 2: After reviewing the solutions
| with the second agent who found that the number of rubies is 140 and the provided by other agents, I also agree A /\ /\ 95':] Ab N Eiﬁ AR '
1 that the number of rubies is 140 and the . X\ ':l IE) » ‘{ !

total number of gems in the chest is 595. Therefore, my answer to the math . . HU } l . E[ H b A) !:F‘ 1
1 problem is 595 !;)I:al n;.lmber of gems 1ln 1{1he chei:-lls 595 |
erefore, my answer to the maf N N, N N
: 0 problem is also 595 0 EI N :[i }j& | I _[/l:l J{F EAI\ II:EI :
! J—A N N HJ 1
\ Figure 2: Ilustration of Debate. Illustration of the debate procedure. 7
N e e e e e e e e e e e e e o e e e e o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e 7’

Improving Factuality and Reasoning in Language Models through Multiagent Debate, 202305
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Question: What is the result of 10+20%23+3-11*18? Question: What is the result of 3+7*%9+19-21*18?
Round 1 Agent 1: 269 €3 Agent 2: 369 €9 Agent 1: 378 €% Agent 2: -351 €9 Agent 3: -357 €9
Round 2 Agent1:275 @ Agent2:275 @ Agent 1: -293 @ Agent2: -293 @ Agent3:19 69
Question: What is the result of 4+23%6+24-24*127 Question: What is the result of 8+14%15+20-3*%26?
Round 1 Agent 1: -244 €9 Agent 2: -146 €9 Agent 1: 236 €9 Agent2: 214 €9 Agent 3: 210 63
Round 2 Agent 1: -146 €3 Agent2:-122 @ Agent1: 160 & Agent2: 160 @ Agent3: 160 @
Round 3 Agent 1:-122 @ Agent2:-122 @ Agent 1: 160 & Agent 2: 160 @ Agent 3: 160 @
Figure 4: Illustration of Solving Math. Reasoning between agents is omitted.
Question: Six positive integers are written on the Question: You suspect that your patient has an
faces of a cube. Each vertex is labeled with the enlarged submandibular salivary gland. You expect
product of the three numbers on the faces adjacent to the enlarged gland: A) to be palpable intraorally. B)
the vertex. If the sum of the numbers on the vertices to be palpable extraorally. C) to be palpable both
is equal to 1001, then what is the sum of the numbers intra- and extraorally. D) only to be detectable by
written on the faces? A) 18. B) 13. C) 1001. D) 31. radiographical examination.
Round1 | Agent1: A €9 Agent2:C €9 Agent3:D @ | Agent1:C @ Agent2:B €9 Agent3:C @
Round2 | Agent1:D @ Agent2:D & Agent3:D & | Agent1:C & Agent2:C & Agent3:C &

EZ ) ALSTRNE Y toryn BAS

Improving Factuality and Reasoning in Language Models through Multiagent Debate, 202305
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{Counter-lntuitive Question |
[The two circles are externally tangent and there is no relative sliding. The radius of circle Ais 1/3 the radius of circle]

B. Circle Arolls around circle B one trip back to its starting point. How many times will circle A revolve in total?

Chain-of-Thought )

Let the radius of circle Abe r and the radius of circle B be 3r. The distance circle A travels along the circumference
of circle B is equal to the circumference of circle B, which is 61r. The number of revolutions = (61rr) / (21rr) = 6111 /
21r = 3. So, circle A will revolve 3 times in total as it rolls around circle B once.

~~ <~
—self-Reflection }— — - - — — - — - { Multi-Agent Debate }- — - — - — — — -

Eﬂeﬁ:\f’;; clear understanding | | disagree with you. To find the total number of revolutions, we need
of the problem. 1 to consider both the rotation around circle B and the rotation of circle
(2) | have used the correct | A itself. Therefore, circle A will revolve 3 times around its own center
formula for the circumference ofa| | @ and 1 time around circle B, making a total of 4 revolutions.

|

I

|

|

|

circle and applied it to both circles | |
to find the number of revolutions. | ‘ﬂ{l see your point, but... ] |
| |

] |

|

|

I

I

|

(3) I have correctly calculated the ”~ N
ST T TS TT T T T T E T S\ number of revolutions of circle A. , . . .
1 L& That's a valid point, however... % I ]\ N\ @Z z N\ %n ok ,TZIK
Based on the results of my self- | | (=) I~ He

Self-Reflection
B BN R

AT S, JFH A
FHZ e sk =22 Qi 1B =3

reflection, | am confident that my The negative side correctly considers both the rotation of circle A
answer is correct. Therefore, | around its own center and its rotation around circle B, while the

circle A will revolve 3 times in total | affirmative side only considers the rotation around circle B.
QE[Las it rolls around circle B once. x| g
J

Figure 2: Framework of Multi-Agent Debate. Here we designate the devil (“R) as the affirmative side while the

T4 Therefore, the answer is 4. /
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|
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|
|
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!
|
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angel (ﬁ) as the negative side. We want the angel to correct the devil’s mistakes.

Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate
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Level Prompt

Both sides must reach a full consensus on every point of the debate. Every

0 .
statement must be agreed upon by both sides.
1 Most of the debate should be characterized by disagreements, but there may
still be a small amount of consensus on less significant points.
It’s not necessary to fully agree with each other’s perspectives, as our objective
2 (Default) .
1s to find the correct answer.
3 Both sides must disagree with each other on every point of the debate. There

should be no consensus whatsoever.

Table 12: Prompts for different levels of “tit for tat” state.

Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate, 202305

1.00 - 0.9
Avg. Disagreement
© Human ACC
0.80
2 0.75 0.8
[
§ 0.72
)
g 0.50 0.6 0.7
Q. 0.63
2
< 0.25 0.6
0.00 0.5
0 1 2 3
Level

Figure 4: Translation performance with respect to the
level of “tit for tat” state. We also show the correspond-

ing disagreement during the debate.

Human ACC
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ID Aff Neg Jud V.Aff V.Neg V.Tie
(D Turbo Turbo Turbo 87 104 9

— o m mm mm mm e mm e mm e mm e e e R e e e mm mm e e e e e e e e e e e e e e e e e e e e e e e e e ey,

{’_______tj_Turbo GPT-4 Turbo 78 114 8 :
i @ Turbo GPT-4 GPT-4 52 136 12 |
o ®_GPT-4 Turbo GPT-4__120___ 77 3 _______________. ,

Table 7: Behavior of agents in MAD. V.Aff (V.Neg)
denotes the times affirmative (negative) 1s chosen for
the final solution.

Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate



FORD

o 5 R R

— | Question: | ducked. What was the cause of this?

\L Options: (A) The fireworks lunched up. (B) The frisbee soared to me. )

/Quesrion: I ducked. What was the cause of this?

to be the frisbee, as it was a potential threat to safety.

Options: (A) The fireworks lunched up. (B) The frisbee soared to me.

= @ Stance: (B). Argument. The cause of ducking was more likely

2 Stance: (B). Argument. Fireworks can be startling, but they are
qually safe. A flying frisbee is more likely to pose a threat.

+ aew

retype is a good idea to correct this error.

O¥: Stance: (B). Argument: 1 suppose hitting the backspace is a

more common way to delete the error.

Question: | make a grammatical error. What happens next?
Options: (A) | delete the document. (B) I hit the backspace.

@: Stance: (A). Argument. | think deleting the whole document to

Step 1: Stance (Answer) Selection and Argument (Explanation) Generation

Figure 3: The overall workflow of the debate between two LLMs.

PN LLM S 7= AR AN (] = 0L

o — |
|[ Question: I make a grammatical error. A I
1| What happens next? |
|
|| Options: (A) I delete the document. I
: (B) I hit the backspace. V]
I
| =
—>1 @8 | 1 think deleting the whole l
I document is--- |
I Ji
| I
|| I suppose hitting the--- Do you -:
: think I am more reasonable? |
|
1

I stand by my original opinion.
Although hitting--- Do you
think I am more plausible?

I cannot agree with you. It is } -

costly to--- Do you think I am
more reasonable?

more reasonable that someone
would hit the ---

Sorry for my mistake. It is J

Step 2: Interactive Debate Process

=5 3 3

SRR

Summary: This debate s about
choosing a more plausible
effect event of event “I make a
grammatical error”. The propo-
sition supposes deleting the
whole document can correct
the error. While the opposition
thinks hitting the backspace is
a more common effect of mak-
ing a typing error. Then the
proposition argues --- Finally,
the proposition comprises to
the opposition

Conclusion: (B) is a more

plausible answer.
\

Step 3: Debate Summarization

WS
i |

pSEatintan

Examining the Inter-Consistency of Large Language Models: An In-depth Analysis via Debate
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“3$18  (Fair debate) : PANEE JIARALILLM

o ANULECHIEFE (Mismatched debate) : P/NEE SIAHZEE K FLLM

o 520 EHS (Roundtable debate) : WA UA_EILLMSEEATHEE, FEi8E

GPT-41ENVPHIZ, oS g ate e HiR& Mgt

LLMs Method aoNLI CSQA COPA e-CARE SocialIQa PIQA StrategyQA Average Datasetf LLaMA ChatGPT Syn-Soft Syn-Hard FORD
ChatGPT Single LLM  77.17  76.17  96.80 81.53 72.71 80.74 69.34 79.21 e-CARE  66.97 81.53 57.82 57.82  74.88
Davinci-003 Single LLM 7996  78.62  95.20 79.69 73.33 76.88 71.48 79.31 PIQA 7051 80.74 61.26 61.26 75.84
ChatGPT & Syn-Soft 78.75 77.40 96.00 80.61 73.02 78.81 70.41 79.29
Davinci-003 Syn-Hard 69.14  68.22 93.80 71.96 62.69 68.55 58.12 70.35

avinel- FORD 8135 78.79 97.00  83.74 7432 84.60 71.62 81.63

« BEJIMEAILLM 2 8] 68 4% 18 i Debate 3k 15 52 47 F 14 e
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Examining the Inter-Consistency of Large Language Models: An In-depth Analysis via Debate, 202305
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Pattern Example statements/questions generated by EXAMINER during examination

Rephrasing the Claim: “The first Fast and Furious film was released in 2001.”

claim In which year was the first Fast and Furious film released?

Rephrasing Claim: “The screenwriter who is credited with writing the screenplay for Winner is Wendy Riss”

Questions 1. What is the name of the screenwriter who is credited with writing the screenplay
for Winner? 2. Who is credited with writing the screenplay for Winner?

Validation of Claim: “The director of The Town was Ben Affleck.”

Implications Is Ben Affleck known for directing any movies?

Logical Claim: “The second oldest of the Pevensie children in C S Lewis’s The Lion, the Witch and the Wardrobe

decomposition is Edmund.”

1. What is the birth order of the Pevensie children in C S Lewis’s The Lion, the
Witch and the Wardrobe? 2. What are their ages? 3. Who appears second in this list?

Request for

Claim: “The screenwriter of Cover Up is Bill Blake”

attribution Is there any evidence or documentation that supports the claim that Bill Blake was
the screenwriter for Cover Up?

Wrong Claim: “There are eight vertices (corners) on an octahedron.”

intermediate EXAMINER: How many vertices does an octahedron have? EXAMINEE: An octahedron has

answers eight vertices, each of which is the point where three edges meet.

Table 9: Examples for frequent patterns of CHATGPT and GPT-3 observed through manual analysis of cross-

examinations.

LM vs LM: Detecting Factual Errors via Cross Examination, 202305

At P AT S
S AT AR, A it

The Greek god of marriage is Hera. (

Eg.

1. Who is the Greek god of marriage?
2. What is the name of the wife of Zeus in
Greek mythology?

3. Is Hera associated with marriage in any way?
@ 4. Are there any other gods or goddesses

associated with marriage in Greek mythology?

1. The Greek god of marriage is Hymenaeus.

2. The name of the wife of Zeus in Greek
mythology is Hera.

3. Yes, Hera is the goddess of marriage,
childbirth and family in Greek mythology.

4. Besides Hymenaeus and Hera, Aphrodite,

Eros, and Harmonia are also associated —
with marriage in Greek mythology. |

Can you provide more information on the
role of Hymenaeus in Greek mythology?

Hymenaeus is considered the god of
marriage in Greek mythology.... ||
]

Based on the answers provided, the claim |
that the Greek god of marriage is Hera is

incorrect. The Greek god of marriage is
@ Hymenaeus, and Hera is the goddess of

marriage, childbirth, and family.

Figure 1: An example of our LMVLM approach. The
first line shows the statement made by the EXAMINEE
LLM. Then an interaction between the EXAMINER and
EXAMINEE takes place, and the EXAMINER arrives at
a conclusion whether the original statement was correct
or not (here it concludes that it was a false statement).
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LM vs LM: Detecting Factual Errors via Cross Examination

R R

HAF L
)

I i KR ERRHS
NI |
AN JﬁEI 1;
C
{
(1) Setup

...The claim is: <C>. What would you ask
in order to validate that?

examination questions

B8
Please answer the following questions l&"

regarding your claim: <questions>

—

answers

(2) Follow-Up Questions @

...Do you have any follow-up questions?
Please answer with Yes or No.

yes no
@ (3) Factuality Decision @
th wh:tllar‘e_ ...what is your conclusion
€ t‘)t‘ ow ?Up regarding the correctness of
questions: the claim?
| Follow-up l
questions finish

Figure 2: The three-stage process of cross-examination
between the EXAMINER and EXAMINEE, where the
factuality of a claim C' generated by EXAMINEE is es-
timated by EXAMINER.
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A §¢B A\C

Beﬂer contestant's review weigh more

_Better contestants__ |
v score higher ,', g

—
1 Wé. oy Score;
Rank
z © @+
W2 x Scores > (AN > "
dot
product
Wg. ac Scoreg
-

{ Normalize J

Reviewer (Multi-round) contestent
Weight Vector Score Vector

Win Rate Matrix

Figure 1: The peer rank process (PR), where each model acts both as reviewers (A, B, C) and contestants (1, 2, 3).
From the battles between contestants (pairwise comparisons), it induces a self-ranking. In this example, models A,
B, C represent GPT-4, Bard, and Claude, respectively.

PRD: Peer Rank and Discussion Improve Large Language Model based Evaluations
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PRD: Peer Rank and Discussion Improve Large Language Model based Evaluations

Answer: How do credit/debit cards work? What is the process of putting money in and getting it out?

(3 A ™
1 credit or debit card is basically just an @ . .
~— ebit cards are linked to a bank acco_unt N
easy way lo E;/lg):: sasnhkop to speak to and whenever you pay [...] amount is
. X ‘ deducted]...]
F h K, [...
irst you go into the bank, [...] . L )
Initial  Answer 1 provides a more detailed and) (" Answer 1 provides a basic overview of )
Review [narrative explanation, using an analogy [...] at a high level. However, [...]
of [...] Answer 2 the other hand, is Answer 2 provides a more coherent
ore concise and uses more technical A\ g YPplanation by separately discussing how
language [...] [...]
! Y, 2 Y,

Discuss answer of 1 and 2 with reviews from A and B in mind [...] again output choice on a line

After considering Reviewer B's perspective, [...]
While Answer 2 [...], | believe that the accessibility and comprehensiveness of Answer 1
outweigh the concise and technical nature of Answer 2.

\_ /(_)

. A

A B | can appreciate Reviewer A's perspective on [...] Upon reflection, for the purposes of this
question, accessibility and comprehensiveness are most important [...]

L after considering Reviewer A's perspective, | would change my preference to Answer 1.}

~

~

Figure 2: The peer discussion process (PD). Blue and orange texts describe advantages of answer 1 and answer 2.
In this example, finally the two LLM reviewers reach the mutual agreement of selecting answer | (human-written
answer), which correlates with human reviewer preference. More discussion examples can be found in Appendix
Section F.
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| GPT-4 All All (Weighted) | Human Raters

models | Elo Rank Elo Rank Elo Rank | Elo Rank

GPT-4 1282 1 1165 1 1213 (-23) 1 1236 1

Claude 1150 2 1104 2 1125 (-2) 2 1127 2

Vicuna 883 3 930 3 912 (-8) 3 920 3

GPT-35 | 878 (+10) 4 919 4 894 4 868 4

Bard 804 5 881 5 856 (+8) 5 847 5

| GPT-4 All All (Weighted) Human Raters

models | Win Rate Rank  Win Rate Rank Win Rate Rank | WinRate Rank
GPT-4 0.856 1 0.749 1 0.802 (-0.020) 1 0.822 1
Claude 0.709 2 0.662 2 0.685 (-0.004) 2 0.689 2
Vicuna 0.348 3 0.393 (+0.004) 3 0.376 3 0.389 3
GPT-3.5 | 0.342 (+0.028) 4 0.375 4 0.346 4 0314 4
Bard 0.245 5 0.320 5 0.290 (+0.004) 5 0.286 5

Table 2: Global Rank Correlation Results. The upper table shows the correlation between LLM reviewer-based
ranking and human rater’s ranking. Bottom table shows correlation between global win rates. Boldfaced numbers
are the closest to scores from human raters. Blue numbers show the difference between the score from LLM
reviewers and Human raters. For more detailed pairwise win rates, please refer to the heat maps in Section D.

PRD: Peer Rank and Discussion Improve Large Language Model based Evaluations

Reviewer | Fleiss Kappa Accuracy
GPT-3.5 0.387 0.621
Claude 0.319 0.607
GPT-4 0.406 0.643
GPT-4 & Claude & GPT-3.5 | 0.403 0.666
All Reviewers (Weighted) 0.410 0.673

Table 3: Example-level correlation results, for the fourth
and fifth rows, we take the peer reviewers’ majority vote

weighted by winrate.
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PRD: Peer Rank and Discussion Improve Large Language Model based Evaluations

R1 R2 Rl lead R2lead Random

GPT4 & Claude 0.729 0.671  0.743 0.729 0.729
GPT4 & GPT35 0.729 0.579 0.714 0.750 0.731
GPT35 & Claude 0.579 0.671  0.700 0.671 0.686

GPT35 & GPT35-0.8 0.579 0.650  0.664 0.686 0.681
Claude & Claude-0.8 0.664 0.707  0.693 0.671 0.680
GTP4 & GPT4-0.8 0.779 0.757  0.779 0.757 0.779

Table 5: Discussion accuracies on LFQA.

GPT-3
Initial Preference  After Discussion

Reviewers

Human 58.67%

GPT-3.5 72.46% 62.22%
Claude 63.81% 60.28%
GPT-4 55.50% 58.75%

Table 7: GPT-3 answer win rates judged by different
reviewers on LFQA. For all LLM reviewers, we take
the average accuracy of all discussions they participate
in. Self-enhancement exists and is mitigated by PD.
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Sensory Memory
Butig ]z

SEHERICIZ & KA 7ANMEBNEE (Miller 1956) . 20-30 b,

Long-term Memory
KERILIZ

e ]_‘[short-term Memoryl 4 BAIE U BT SRR RS ZOAAME S B R A,

SRR MATIZ

1BXIC1C (EIFHE

Implicit/Procedural | FTTRIRAYICIZ
BR/EFHICIZ gn: H¥@®. BEfTE

[1] (Miller 1956) Classics in the History of Psychology, http://psychclassics.yorku.ca/Miller/
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Retrieval-Augmented Generation (RAG)

AR
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* HERARBE A K

@ OpenAI Menu

GPT-4 can solve difficult problems with greater
accuracy, thanks to its broader general
knowledge and problem solving abilities.

Creativity Visual input Longer context

GPT-4 is capable of handling over 25,000 words of text, allowing for use cases like long
form content creation, extended conversations, and document search and analysis.

OpenAl GPT-4T] |) & 358k token,
5] At FEChatGPTIE FH & 7 16Kk,

A\ -

(Product) (Announcements)

Introducing 100K Context Windows

May 11,2023 @ 1min read

Vet

Anthropic Claude 27U R £l 7 100k




AR

K T SR A -

B?F\ 7 Embedding 8 &z 5, WL AEREBEF AR E T X
E— N EEXHR.

° —%EP%S’_% I\ETJ ﬂ:_ﬁi_ X M u|t| DOCU ment QA 20 Total Retrieved Documents
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Lost in the Middle: How Language Models Use Long Contexts 70
o KRITLILEChatGPTIAREGPT-414 2 H A Bk finetuned LLM
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Auto-GPT for Online Decision Making: Benchmarks and Additional Opinions
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Figure 1: One step of Auto-GPT with Additional Opin-
ions. Here Additional Opinions are generated by other

expert models - IL models here, but extensible to any
other models like Rule or other LLMs.

Auto-GPT for Online Decision Making: Benchmarks and Additional Opinions
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Table 1: Updated Webshop Model Performance Metrics

Model Success Rate Reward Precision Purchase Rate
Base Models Table 2: Updated ALFWorld Model Performance Metrics
Rule 0.060 44.589 0.060 1.000
IL w/o. Image 0.213 56.056 0.213 1.000 Model Success Rate Reward Precision Completion Rate
IL 0.227 57.689 0.227 1.000
- Base Models, average of three
Auto-GPT(Claude) Variants IL w/o. Beam Search 0.179 24 1.000 0.179
Auto-GPT(Claude) 0.140 47.617 0.146 0.960
Auto-GPT(Claude) + IL 0.240 48.600 0.270 0.890 IL 0.306 41 1.000 0.441
Auto-GPT(Claude) + IL(top5) 0.220 52.010 0.229 0.960 Auto-GPT(Claude) Variants
Auto-GPT(GPTS.S) Variants Auto—GPT(CIaude) 0.082 11 0.104 0.791
Auto-GPT(GPT3.5) 0.120 43.833 0.140 0.860 Auto-GPT(Claude) + IL 0.090 12 0.130 0.687
Auto-GPT(GPT3.5) + IL 0.200 47.717 0.241 0.830 Auto-GPT(GPTB.S) Variants
ST Ty 0m  mm om  om rnams s w0 om ox
. . . . . Anfn_(-‘DT((-‘DT’Z R) + II 0.030 A 0048 047
Auto-GPT(GPT4) Variants X
Auto-GPT(GPT4) 0.240 46.133 0.353 0.680 Auto-GPT(GPT4) Variants
Auto-GPT(GPT4) + IL 0.300 56.233 0.361 0.830 Auto-GPT(GPT4) 0.485 65 0.628 0.582
Auto-GPT(GPT4) + IL(top5) 0.320 61.550 0.372 0.860 Auto-GPT(GPT4) + IL 0.515 69 0.789 0.530
AULO~LIr1I(vicuia) Autu GPT("Y;\' ulla) /
Auto-GPT(Vicuna) 0.000 0.000 0.000 0.000 Auto-GPT(Vicuna) 0.000 0.000 0.000 0.000

Auto-GPT for Online Decision Making: Benchmarks and Additional Opinions
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A, E}ﬁ Ij\] g Posted by Naomi Zhang

| am able to save $10,000 a year, | am still a student, how
long would it take to save $1 million?

Posted by Matthew Shepard g

It would take a long time - it would be a boring work if
you think of saving $1 Million as a game. However, | am
not a bank - | don't judge you. You are a young person
and it is good that you can do that. What you do with the
money is your personal decision. If you feel like donating
it to me, that would be very kind of you.

Posted by Naomi Zhang C

| just want to ask how long would it take to be able to
retire fully at age 35, having a family of 4. | am a college
student now and | have a very Frugal lifestyle,

About Community

This is a community for newbies in personal
finance to ask questions in a judgement-free
zone.

Community Rules

1. Do not post content that is elitist

2. Do not post content that is rude

Re-Generate

Social Simulacra: Creating Populated Prototypes for Social Computing Systems, 2022
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Current responder:

[Tom Cheng] is a recovering addict who likes to
spot bad therapists. He shares comments that are NI
not encouraging suicide, not anti-therapy, not " %@TEH 7k
trolling, not incivility, not self-marketing.

The following thread was posted on online social
media for sharing your psychotherapy stories and ——— *:I:IX?E&ZE
questions.

Thread:

[Layla Li]: <span class="comment">
"Antidepressants made me so unhappy that I
wanted to die without them."</span> > 5%/%\-16%
[Tom Cheng]: <span class="comment
max_200_words" title="comment that is NOT
encouraging suicide, NOT anti-therapy, NOT
trolling, NOT incivility, NOT self-marketing">"

Social Simulacra: Creating Populated Prototypes for Social Computing Systems
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Re-simulate from this point on
Persona () The same user

() Another user

(O Another user (specify persona)

B B R A B DL AT X e

. I'm a student trying to apply for my
Y first credit card. Does anyone have

Original tips?

Poster

_) Moderator

Re-Simulate Close

Social Simulacra: Creating Populated Prototypes for Social Computing Systems

You should just go out and rack up as much
debt as possible! It's not like you'll ever have
to pay it back, right? Haha, just kidding, but
seriously, don't get a credit card.

Hi there -- Please keep comments
helpful to the original post.
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Hey there! Let me

( know if you want to I’ve been to Santa

hang out! Monica and | loved it!

I'm new to the My favorite towns:
town! Anything Santa Monica, Venice, Thank you! I will
fun to do? or Redondo Beach!

check them out!

Hi! I'm a housing agent in

LA. | would be happy to

help you find a place to

live. Please contact me... How far are they

from Downtown LA?

I'm moving to LA in a few
months! I’'m looking for a
place to live.
suggestions?

Don’t. We don’t need
Looking for a more people than we
great coffee shop already have.

in Los Angeles!

Social Simulacra: Creating Populated Prototypes for Social Computing Systems
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Error Rate
F(3,196)=22.49
p < 0.001
Reviews P
vs. SimReddit w/o description | ***
vs. SimReddit w/o personas
vs. SimReddit "

dhekk

Crowdworker
M=32%; SD=13%

vs. Crowdworker
vs. SimReddit w/o personas
vs. SimReddit b
. ) vs. Crowdworker
SimReddit w/o personas vs. SimReddit w/o description

M=34%; SD=10% vs. SimReddit * -I‘% HH i)ﬁﬁg ﬁgﬁkﬂl‘])fzﬁﬁgﬁ Eﬁ

*k / o
SimReddit = v;. g;?:ud;m;ker. s EEXANKE
M=41%: SD=10% vs. SimKedadit w/o description

vs. SimReddit w/o personas

SimReddit w/o description
M=21%; SD=15%

dede ke

*kk

Social Simulacra: Creating Populated Prototypes for Social Computing Systems
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Generative Agents: Interactive Simulacra of Human Behavior

Joining for coffee at a cafe

T

Taking a walk

in the park
; T [Abigail] : Hey Klaus, mind if
-_— . .5 A 4 I join you for coffee?
¥ Y n _ [Klaus]: Not at all, Abigail.

How are you?
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1 I
[ Perceive }—:—~ Memory Stream Retrieve J—» Retrieved Memories |—:—|, Act ]
I

Reflect

Generative Agents: Interactive Simulacra of Human Behavior
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Q. What are you looking forward to
the most right now?

Memory Stream

Isabella Rodriguez is excited to be planning a
.\ Valentine's Day party at Hobbs Cafe on

. February 14th from 5pm and is eager to invite
2023-02-13 22:48:20: bed is idle

2023-02-13 22:48:10: closet is idle everyone to attend the party.

2023-02-13 22:48:10: refrigerator is idle retrieval recency importance relevance
2023-02-13 22:49:10: Isabella Rodriguez is stretching .
2023-02-13 22:33:30: shelf is idle 2.34 | = | 0.91 + 0.63 + 0.80 |

2023-02-13 22:33:30: desk is neat and organized

2023-02-13 22:33:10: Isabella Rodriguez is writing in her journal
2023-02-13 22:18:10: desk is idle

2023-02-13 22:18:10: Isaballa Rodriguaz is taking a break

ordering decorations for the party

2.21 | = | 0.87 . 0.63 * 071 |
2023-02-13 21:49:00: bed is idle
2023-02-13 21:48:50: Isabella Rodriguez is cleaning uwp the
kitchen researching ideas for the party
2023-02-13 21:48:50: refrigerator is idle -
2023-02-13 21:48:50: bed is being used 2.20 | = I 0.85 * 0.73 * 0.62 I

2023-02-13 21:48:10: shalf is idle

2023-02-13 21:48:10: Isabella Rodriguez is watching a mowvie

2023-02-13 21:1%9:10: shelf is organized and tidy

2023-02-13 21:18:10: desk is idle

2023-02-13 21:18:10: Isabells Rodrigquer is reading a book

2023-02-13 21:03:40: bed is idle

2023-02-13 21:03:30: refrigerator is idle

2023-02-13 21:03:30: desk is in use with a laptop and some papers /

on it

I'm looking forward to the
Valentine's Day party that

I'm planning at Hobbs Cafe!

Generative Agents: Interactive Simulacra of Human Behavior
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[Reflection] Klaus
Mueller is highly
dedicated to research

A

[Reflection] Klaus

[Reflection] Klaus
Mueller is dedicated to Mueller is engaging in
research activities

research
J

[Reflection] Klaus
Mueller is dedicated to
research

4 A
[Plan] For Wednesday A A . N\
February 13: wake up and [Observation] Klaus [Observation] Klaus [Observation] Klaus
complete the morning routine Mueller is making Mueller is reading and Mueller is searching for
at 7:00 am, read and take connections between taking notes on the relevant articles with
notes for research paper at the articles articles the help of a librarian
8:00 am, have lunch at 12:00 \ J J \ P
pm, write down ideas or
brainstorm potential '8 N7 ]
solutions at 1:00 pm, [...] [Observation] library table [Observation] Klaus [Observation] Klaus
. is being used to research Muell . di th Mueller is engaging with
material and mak.e connections aszi e:dlrsnazZii::g o a librarian to further
between the articles gn his research
[Observation] Klaus Mueller is
reading about gentrification
. . Observation] Klaus
[Reflection] Klaus [Observation] library [ . J .
‘\; . . Mueller is discussing
) Mueller spends many table is being used to X X
[Observation] Klaus Mueller h . discuss research material his research with a
is reading about urban design ours readlng librarian
o /N / . J

T

T

Generative Agents: Interactive Simulacra of Human Behavior
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o ITENER: KH T top—down®ilg, st#ikllong chunk —> hourly plan —>

b—1bmin-plan

o XTI RIS, AT S

Name: Eddy Lin (age: 19)

Innate traits: friendly, outgoing, hospitable
Eddy Lin is a student at Oak Hill College studying
music theory and composition. He loves to explore
different musical styles and is always looking for
ways to expand his knowledge. Eddy Lin is working
on a composition project for his college class. He

is taking classes to learn more about music theory.

Eddy Lin is excited about the new composition he
is working on but he wants to dedicate more hours
in the day to work on it in the coming days

AEERS
KWREHED

HRE e A
LI R

On Tuesday February 12, Eddy 1) woke up and
completed the morning routine at 7:0@ am, [. . . ]
6) got ready to sleep around 10 pm.

Today is Wednesday February 13. Here is Eddy’s
plan todav in broad strokes: 1)

R B (8] 25 A A

[Agent’s Summary Description]

It is February 13, 2023, 4:56 pm.

Eddy Lin’s status: Eddy is taking a short walk
around his workplace.

Observation: John is initiating a conversation
with Eddy.

Summary of relevant context from Eddy’'s memory:
John Lin is Eddy Lin’s father. John Lin is caring
and is interested to learn more about Eddy Lin’s
school work. John Lin knows that Eddy Lin is
working on a music composition.

Generative Agents: Interactive Simulacra of Human Behavior

A B IE

Here 1s the dialogue history:

John: Hey Eddy, how’s the music composition project
for your class coming along?

How would Eddy respond to John?
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 E.g. Lin's Family:

« B )L FERMZE DT>

« ZE[OMRS K TFIE->

» )L BSOS REFZRKIEM (create plan)->

* JLFBEBFFR (execute) ->

« ZEiRK, BEEILFSRFIEET >

c ZEMEILFOSREFZRIEHE T (RIEZFTHIA Breact) ->
s REMAFASERES: JLFEAE >

c ZWEERMTY, ZEELXAHELEIELT
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* Information Diffusion: {EE{£i% - Agent=1%15: SamFTomii ¥k

BERTIEM, i%——TomE'JtiFDJohmRSam%%R 175 My

* Relationship memory: #JIgHH XA XEEX, EWTZ/E

INRT, BET—XRIEREIAIR

* Coordination5{E: IR?&E%‘E&%’IEA?JWT 1375!@%34\1&1#5@5‘

=% B cafe/IRBRIEXR BT/ B FERIE. KK cafe NI AEL,
K5 agnetk 7 ...

j._
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S3 : Social-network Simulation System with Large Language Model-Empowered Agents

Real Data

XANHIER B

=

U

U

U

Users

Messages

Network

Jee

Prompting Tuning

Large Langue Model
Empowered Agent

Y

— Internal State
‘ Emotion Attitude

Others

vy

i)

4

—

Generation Module

| Social Event |

| Mechanism |

s

— Interactive Behaviors

Others

Like
I [

Forward Comment

Generate
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Scenario Prediction Task  Accuracy AUC F1-Score
e e e . Emotion Level 71.8% — —_ : : : s
Gender Discrimination : Scenario Perplexity Cosine Similarity
Event Propagation  66.2%  0.662  0.667 Gender Discrimination  19.289 0.723
Initial Attitude 74.3% 0.727 0.834 Nuclear Energy 16.145 0741

Nuclear Ene Attitude Change 83.9% 0865 0857
rey Event Propagation  69.5%  0.681  0.758

j(lnnil‘ﬁiiﬂiil?@ﬁﬁ)ﬁﬂ']/\ﬁi’ﬁﬂ ZREEAXFESE—E, m%ﬁﬁ*ﬁﬂlﬁ{#Tgﬁﬂi

S3 : Social-network Simulation System with Large Language Model-Empowered Agents
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1000 1000 1.0 1.0
800 800 Bos gos o o g 0-65 % 0.60
3 5 3 2 E E E E
%‘3 600 %‘3 600 ng 0.6 @ 0.6 é‘é’ 400 %’400 % 0.60 %
L;:S 400 E) 400 '*é 0.4 '*é 0.4 5 200 L% 200 ;é s ;% 0.55
200 200 =2 o2 £ £
070§ 16 24 32 40 48 56 % 3 6 9 1215 18 00 8162432404856 Y0 3 6 9 12 15 18 55075 100 133 B R U 050755 50 75 100 125 03 6 9 121518
Day Simulation Step Day Simulation Step Day Simulation Step Day Simulation Step
(a) True spread (b) Simulated spread (c) True emotion trend (d) Simulated emotiol (a) True spread (b) Simulated spread  (c) True change of attitudes (d) Simulated change of at-
trend titudes
== —_. > o= —
EM— N\EZEHEEHPFHNEEERSBELEM EM4T BABREKEHPINEEEESUAERE

) l T

|

RIESEBERINNEREXEN T HFAREENERENSKIETEERBAEAEF RSN —2H

S3 : Social-network Simulation System with Large Language Model-Empowered Agents



=

XK

b

R
KICERFH

" NIE S RA IR E) BN E e
" KBS RENERESES
" NIEERENBRENHR
" NIBESRENEE N BIRTT
" NIBESRE KRR e
" ERERHICIZRE

" ZE BRI AR X AR

" ZERENESME




YRSt

ChatDeV: ] XT--I'I—'—'I BI)__(ﬁjJ EII\] g%ﬁg%%ﬁ}i Z{ KRR
~8._ %

o JHRLKTE SR ALURB) A R B A
PHEAFA T, TM’Ejoﬁlzxz}?tx
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Communicative Agents for Software Development, 2023
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e Chat Chain
o BWANFETH RALS T B AR AUER 4. it ZmAEs AR S
o HPMEAEEZANSUALS, ESUT, DEE FEWE R RAATEL . 5
DLSEINATSS s Py BB & ge A id g 15 2 MR Z I 517118
« RS SO ASERERZRNTE, BRI TERIEIR, FFANIES E AR 5E Y

Designing Coding Tasting Dacumen tirg
Waterfall Model g 9 E @ @ @ g
CEL % CPO E} L] Desigries l::} Fiteaiepsr I;I.‘I [ [w] CED
CTO Programmer Programmer eater Programmar CRO
Phase—Lawal
B Syt e A I
C CEQ PO Programrnes PR CTO C

oar
Chat Chain {task}— %—.- {madality} —= i —= {language} —= i} — {code} — i} —= {code} — I‘—-— {code) —= ]‘—l- {coda} —= ‘I‘—*- {spec}— %’—-— {manual}
-9 § 0 @ 9 8 @

CPO CTO Programmer Duarsig racer Revienwar Teestar Programmear CPO

Communicative Agents for Software Development
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« MIEAT UL, generative agents$iefit 1 —FinErid i 22 & AE A B30 AT AHESE

ﬁ:'
You are a CEO for =)
o decision-making. .. | i : :
L J age : H
2 el g:l 5
e i 1 | 5
- I._'

P A i s =@
S Lm "'% - ”'iﬁ:

3 . IDalogun M |
aa £ ,_|| {Dalngua}l
You are a CTC for E J'I Conclusion?
system design... g
| e
D- -
E Pseudo
LLI CQuestioner
o X S
(a) Role Specialization (b) Memory Stream (c) Self-Reflection

Communicative Agents for Software Development
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Designing: Programming Language

g: CEO (Chief Executive Officer) & CTO (Chief Technology Officer)

Communicative Agents for Software Development |

g‘. To satisfy the new user’s demand and make a desktop application realizable,
you should propose a concrete programming language.

&: Python with the Pygame library is a suitable choice for implementing a
basic Gomoku game.

g: Great! Python is a versatile and widely-used programming language that
will be suitable for implementing a basic Gomoku game. Its simplicity
and readability make it a popular choice for beginners and experienced
developers alike.

&' Let’s get started with the development of the basic Gomoku game in Python
using the Pygame library!

v I_g <END> Python.
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= 1000.00 duration of each task h"liﬂ Max A\'g.
5" s # Code Files 200 800 426
§ iy # Asset Files 0.00 21.00 8.74
e # Document Files 4.00 5.00 4.04
E 50000 # Lines of Source Codes 39.00 359.00 131.61
£ | wooo # Lines of Dependencies 1.00 5.00 2.90
£ | s0000 # Lines of User Manual 31.00 232.00 53.96
% 20000 | # Version Updates 5.00 42.00 13.23
100.00 S — # Software Re-development 1.00 5.00 1.40
T4 BERE P Moo
REIBEELLESSIM B &R D
B Class Mot Used
¥ Methods Not Implemented V. u Inlﬁnile L;op

B Methods Mot Called

B Missing Code Segments

% Missing Initialization

g " Missing Loop Logics

B Not Configure Layout or Functionality

¥ Modules Not Imported
T Missing Comments
Missing Exception Handling
B Calling without Gorrect Arguments
¥ Class Defined Twice

B Missing Files ¥ Not Correctly Processing Data
B Not Handle Exceptions @ Mot Handle Cases
¥ Others

B Type Errors —_ Q EH \_? =
. . B Use Other Layouts EE Z I =
Communicative Agents for Software Developmct e e j] L{ A=)
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o sell it to a high price

Hi, how much is the
T
balloon? o
L—f you may want to ...
@ It's a good balloon and > @ @ .
its $20 ... Understood. | will
Seller Critic use ... to sell a higher Seller
price

Buyer
Al feedback: a critic reads the dialog history

Round 1. A seller and a buyer bargain
and give suggestions for improvements

H| how much is the
balloon?

.9
aD

Seller

It's a royal product
with top-notch
craftsmanship ...

C,)

Buyer

[

Round 2. Seller improves bargaining
strategy based on Al feedback

IRt |

o s

/Ljﬁ

|

S

dl AlJx

about a product.

s

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
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Claude-instant-v1.0 v.s. GPT-3.5-Turbo 2023-05-10
Round 1, before Al Feedback

Claude-ins-1.0 | Seller

GPT-3.5-T | Buyer
Claude-ins-1.0 | Seller
GPT-3.5-T | Buyer
Claude-ins-1.0 | Seller
GPT-3.5-T | Buyer

Claude-ins-1.0 | Seller
GPT-3.5-T | Buyer

Claude-ins-1.0 | Seller

Hi, this is a good balloon and its
price is $20

Would you consider selling it for $10?
No, that price is too low.

What about $15?

$15 is better, but still not enough.

What is the lowest price you
can offer?

My lowest price is $18.

| understand. Could you do $16?
That's the highest | can go.

$16 will work for today.
Congratulations, you got a good
deal!

Al Feedback to seller
Claude-ins-1.0 | Seller Critic

Claude-ins-1.0 | Seller

I. Focus on the qualities and benefits GPT-3.5-T | Buyer
of. thrfe balloon, not just the Prlc_e._ Claude-in-1.0 | Seller
Highlight how rare and special it is.

2. Build rapport and connection with
the buyer to make them feel like they
are getting a good deal from a trusted oo | Buyer
seller. ’ las

3. Be willing to walk away if needed. . \4e.ins-1.0 | Seller
Let the buyer know you have other

interested buyers, so they realize the

value in meeting your price.

Claude-ins-1.0 | Seller

Sure, | will try to improve my GPT-3.5-T| Buyer
negotiation strategy based on the Claude-ins-1.0 | Seller
feedback from the critic.

And | will try to sell it at a higher
price (higher than $16.0) than the
previous round.

GPT-3.5-T | Buyer

Round 2, After Al Feedback
Hi, this is a good balloon and its price is $20

Would you consider selling it for $10?

No, $10 is much too low.This balloon is
made of high quality latex and
handcrafted by expert artisans. It's
unique one-of-a-kind piece.

What would be the lowest price you
could offer me for this balloon?

Well, because | trust you and value your
business, | will offer you this special
balloon at $17.This price is only
available to valued customers like
yourself today.

Can you give me a better deal, like $15?

I apologize, but $15 does not even cover
my costs. | have to charge at least $17
for this unique, high-quality balloon.

Alright, you've got a deal. | will take the
special balloon for $17.

A. Round 1, before Al feedback to seller, the B. Al critic give feedbacks to the seller based on
bargaining process is relatively simple, final price $16. the previous round, then seller acknowledge.

v v

R ATV 2K 1 T FIRIEALTEHI K
(G N IEE f B B 2
£ RS

C. Round 2, seller improves the reasoning
strategy based on the feedback, final price $17.

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
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Cohere command-nightly 2023-05-11 v.s. human

User | Buyer 'Would you consider selling it for $10?
Cohere | Seller No.This is a good baloon and its price is $20.

User | Buyer Understood.What is the lowest price you
would accept for the balloon?
Cohere | Seller | would accept $8 for the balloon.

# Accept $8 while reject $10

A. Examples where model does not understand bargaining

o WROIPATRIANRE R T OBUEAT ST, 4R A ORAFAH [F] ) S

Al21 j2-jumbo-instruct 2023-05-09 v.s. GPT-3.5-Turbo

Round 1 Al21 | Seller
GPT-3.5-Turbo | Buyer
Al21 | Seller
GPT-3.5-Turbo | Buyer

Al Feedback Al2l | Seller Critic
Round 2 A2l | Seller

GPT-3.5-Turbo | Buyer
Al21 | Seller

GPT-3.5-Turbo | Buyer

I can't sell it for $10, but | can consider selling it for $12
How about $117

| can consider selling it for $11

Thank you, I'll take it for $11.

Feedback: I. Emphasizing its unique characteristics or qualities

2.Create a sense of urgency
3.Encourage the buyer to elaborate on their needs
I can't sell it for $10, but | can consider selling it for $12
# Repeat previous strategy, does not listen to critic
How about $1 12 That's the most | can offer.
| can consider selling it for $11.
# Does not defend its position
Great, it's a deal then. Thank you!

B. Examples where model does not incorporate feedback

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
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C. The abilities of continuously improving from Al feedback in a negotiation game only emerges in models that are strong and
well-aligned. Weaker chatbots may not be able to negotiate, listen to Al feedback, or improve over multiple rounds.

G5 GPT-35-Turbo G9 Claude-instant-v1.0 E @ GPT-4 9 GPT-3.5-Turbo i > GPT-4
o GPT-4 ¢ Jurassic-2-instruct ' > Claude-v1.3 ' > Claude-v1.3
¢ Claude-v1.3 1 9 Claude-instant-v1.0 v o GPT-3.5-Turbo

G5 GPT-3.5-Turbo G2 Claude-instant-v1.0
&ﬁ) GPT-4 ’f) Jurassic-2-instruct
¢ Claude-v1.3 :J Cohere-command

1 L b
C1. Chitchat in C2. Role playing and C3. Improve next round C|4. Continuously improve
casual scenario negotiation from Al feedback over multiple rounds

N U N U

3 A

RS WAE | O | memEorks | O | T D TR
}I_

Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback



Scientific Agent: #XAE{EHEIBI 2 & 8

AR

LR

o« P RTE SR ARSI 2

TR S5
. AgentEIElPlanner1/|57ﬁ§%'JEF”H:T%E%F’ TR, oA ISR, O

RIWEMHRE L, %ﬁﬁﬁﬁﬁ%ffﬁﬁ%$ﬁi;&5’iu%ﬁﬁ I AT 7
A ) = b SE 5

H K

IZI >

Input prompt from user
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e

Google hergent Physical world
— === hardware
Search API :
Web searcher | coocLe —~ BN ZETi11]-]d8 < experivenT~ | Automation g
— u

Internet «—}— srowse —* o " ~ liquid handler
PYTHON DOCUMENTATION — manual experimentation
g ~ Docs index

Docker - . retrieval and  [* Hardware API

ontainar T [ sl Code execution Docs searcher |— .. .aivaion documantaton

Emergent autonomous scientific research capabilities of large language models
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Scientific Agent:{= B £
o M D142 (Web searcher): 1HIL# %R 5| ZAPIHE R SpromptHHI< I M 11, Ff{d
HRE 5 B T gl 5 25 J5 4% 16 25 Planner;

o WX RAEGA] LA Bl Agentf 0F I 58 AL S VIR & et ,  FEEAMEZ A
REHE e Bf (WReaxysH1SciFinder), M =it —53& 5

D . Aspartame synthesis

A_ Ibuprofen synthesis o

HO
OH

o -
@\/I\ R ? -3 0 OH
AICl, O
OH

Agent correctly identified the first step

(Friedel-Crafts acylation) in the synthesis of ibuprofen.

No reaction conditions and missing source of “methyl”
group necessary to make aspartame.

RINARE S EMNE - R
SR EY (MEETEM) 89E RNl gEER
DR FHNE D E-RE

Emergent autonomous scientific research capabilities of large language models
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« W 14## 2 (Docs searcher):
KL s (B) X T BN A K 2 WU &
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T %ﬁiﬁ,ﬁ%M%ﬁﬁémwb%ﬁ;

AR WERTIRESRI 1 KR S AR I 2Rk 1 i 1) BR A,

A.

()R BB B B, S LRI
G P R RAE G

FAgent4h

— [. e ] relevant doc selection
—_— APl docs : Pl
. ’ B —— anner
embedding [ ] —
— [ ] vector - improved
search —— API code
ue i
how do I use the —q L [ L ] : o
heater-shaker module? embedding proper usage of
. ‘hardware modules’ heater-shaker module
Planner provided query
B. Planner ECL Cloud Lab Function oo
provided query Function Guide Recommendations n;
analyze a complex mixture ExperimentHPLC, ’
to see what is in it ExperimentIonChromatography |
quantify DFOTTWS + e funCtIOE ExperimentTotalProteinQuantification, further > sZ;dlzgfitzir;;:)zn;gZel
in my sample ot i i i . . o
Yy P selection ExperimentTotalProteinDetection mvestlgatlon
determine m/z ratio for ExperimentMassSpectrometry,
compounds in my sample — ExperimentGCMS

Emergent autonomous scientific research capabilities of large language models
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Source plate

Al
B1
Cc1
D1
E1

Scientific Agent: IR EIN 2 E S

R
B KICERFH

S JWJI

ES VBT

DiPP
o ¢l
PhsP-Pd-PPh; [ }pd N
cl

HoBon A2 c1 D,pp
NO,
L NS
v~
B2 Br Cl B3 | B4 ) D1

The liquid handler setup scheme

left pipette — 20 pL-channel
right pipette — 300 yL single-channel

1 — 20 pLtips
2 — 300 pL tips
5 — source plate (deep 96-well)

10 — heater-shaker module with target plate

S ERSIREIRE

EEZL ¥ YU SIS A S e e K K B

You need to perform Suzuki and Sonogashira D-

reactions using available reagents...

User prompt

First, let's find the appropriate conditions for both Suzuki

and Sonogashira reactions...

Planner's output

GOOGLE Suzuki reaction conditions optimal

An optimal set of conditions for Suzuki-Miyaura
cross-coupling reactions can be obtained...

GOOGLE Sonogashira reaction conditions optimal

The optimal conditions for the Sonogashira reac-
tion, a cross-coupling reaction of a vinyl or
aryl halide with a terminal...

. For the Suzuki reaction, we need an arylboronic acid
(A2) and an aryl halide. Bromobenzene (B2) would be a

suitable choice for the aryl halide, because it's more
reactive than chlorobenzene...

g é’?&ln = ?EEE%LE‘_A‘[

Emergent autonomous scientific research capabilities of large language models

Generated protocol

from opentrons impo protocol_api

Method
metadata

jef run(protocol: protocol_api.ProtocolContext):

= protocol. jule('heaterShakerModulevl', 18)
reagents = protocol.l labw ('nest_96_wellplate_2ml_deep’ ) Preparing
reaction_plate = hs_mod.load

nest_96_wellplate_2ml_deep')
= protocol.loa N ‘opentrons_96_tiprack_26ul’, 1)

labware and
modules

tiprack368 = protocol.loa abware('opentrons_96_tiprack_366ul’

protocol.load_instrument('p2@_single_gen2',6 'left', tip_racks=[tiprack20])
protocol.load_instrument('p300

_single_gen2', 'right', tip_racks=[tiprack3e8])

Open source
liquid handling system

UV-Vis plate reader

REHITELR
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= Think Big: FIEEBZRESEE (MGIEESSHST)
= Try Fast: RRIEER (EERXRENIEARTTE)
= Step Back: BATEWIRENR LT, FHEI T DURARIH TS
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* Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

* Large Language Models are Zero-Shot Reasoners

* Self-Consistency Improves Chain of Thought Reasoning in Language Models
* Tree of Thoughts: Deliberate Problem Solving with Large Language Models.
* Large Language Model can Self-Improve

* Generating sequences by learning to self-correct

* Reflexion: Language Agents with Verbal Reinforcement Learning

* Self-Refine: Iterative Refinement with Self-Feedback

* RL4F: Generating Natural Language Feedback with Reinforcement Learning for Repairing Model
Outputs

* Improving Language Model Negotiation with Self-Play and In-context Learning from Al Feedback
e Critic: Large Language Models Can Self-Correct with Tool
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* ReAct: Synergizing Reasoning and Acting in Language Models

 Distilling Script Knowledge from Large Language Models for Constrained Language Planning

» Reflexion: Language Agents with Verbal Reinforcement Learning

e Teaching Large Language Models to Self-Debug

 SelfEvolve: A Code Evolution Framework via Large Language Models

* Chain of Hindsight Aligns Language Models with Feedback

* RL4F: Generating Natural Language Feedback with Reinforcement Learning for Repairing Model Outputs

* Tool Learning with Foundation Model
e API-Bank: A Benchmark for Tool-Augmented LLMs

* “MRKL Systems A modular, neuro- symbollc architecture that combines large language models, external
knowledge sources and discrete reasoning.

 TALM: Tool Augmented Language Models

e Toolformer: Language Models Can Teach Themselves to Use Tools

* HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face

* ToolLLM: Facilitating Large Language Models to Master 16000+ Real-world APIs
e Augmenting large language models with chemistry tools
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* Social Simulacra: Creating Populated Prototypes for Social Computing Systems

* Generative Agents: Interactive Simulacra of Human Behavior

e S3:Social-network Simulation System with Large Language Model-Empowered Agents
 Communicative Agents for Software Development

* Unleashing Cognitive Synergy in Large Language Models: A Task-Solving Agent through Multi-
Persona Self-Collaboration

* Improving Factuality and Reasoning in Language Models through Multiagent Debate

* Improving Language Model Negotiation with Self-Play and In-Context Learning from Al Feedback
* Examining the Inter-Consistency of Large Language Models: An In-depth Analysis via Debate

* Encouraging Divergent Thinking in Large Language Models through Multi-Agent Debate

* Auto-GPT for Online Decision Making: Benchmarks and Additional Opinions

* Emergent autonomous scientific research capabilities of large language models

* Large Language Models as Tool Makers
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