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6. Ontology

5. Parthood

= Ontology engineering 3
File Edit View Insert Format Data Tools Add-ons Help All changes saved in Drive
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-

~ N A I B c D
. A L —I ° Aﬁin D 1 Term Synonyms Kind Description [source]
HIJ I_ _I ° ?* — -L/ \ 2 Delivery address Shipping address Complex property  Location to which goods are to be sent [1].

Itemized list of goods shipped, usually specifying

N NP Invoice Bill Object the price and the terms of sale [2].
/\\ﬁ 0 '3‘_' 7|< = I . Information that locates and identifies a specific
?)\ — * xjj >3 BN Postal address Address Complex property ddi as defined by the postal service [3].
g  Purchasing Purchase terms Conditions related to the transaction and the trade
conditions and conditions Object [4].
=i %Ié l:l I 1 Commercial document issued by a buyer to a
* ij N % 6 seller, indicating types, quantities, and agreed
prices for products or services the seller will
Purchase order PO Object provide to the buyer [5].
N I Z n AY A \E \ 7 Customer Client Actor One who purchases a commodity or service [2].
7(73 I Z | E N -L o Making or issuing an invoice for goods or services
l:l ZJIN Invoicing Issuing invoice Process [6].
9 Purchasing Buying Process Acquisition of something for payment [6].

IBEM KR LZIAHIRER .

1. Lexicon ~ | 2. Glossary 3. Taxonomy ~ 4. Predication ~ | 5. Parthood ~ 7
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Basic FO Tagging Task Singular Contextualised Embedding Task
[baby] the baby began to cry again]
o [the baby began to cry again]
T Basic Fine-tuning l—» Sociall-Constructed Person l
Pre-raneg Ll ) T
Transformer Pre-trained
L @ ) Transformer
| \
Basic Probing | — o l
NI esd
\ baby
= (7 \
Binary Task ‘ Singular
[ ) ) | Contextualised
[cognitive-event] (baby] (the baby began to cry again] Embedding robing |

(G \

==

Binary Fineuning |—  Incoret

Pretared |
Translomer

i)

Binary Probing | —

&z J

LYK

Jullien et al. Do Transformers Encode
a Foundational Ontology? (2022)

Concept Taxono my Property
—— Relation

— — — Instance of

~ = Subclass of

s true | false
(a) [b)  Mammals raise their young Ik. The statement is| true | false
: tue|fase
Concept/Concapt Chair ISWer
al v
nning on the grassland. is afn) {-}- 'ﬂa"rrrr;l

(e) | Choose the concept that best fits the context for Do/ly according to the context: s

—f h

Templats

Template

LR, BMENSHIRZIENEN KA

Peng et al. COPEN: Probing Conceptual Knowledge
in Pre-trained Language Models (EMNLP 2022)

[(P) One has to be a person to be a player at a sports team.
(P2} Lionel Messi is a player at Argentina National Football Team.
herefore. Lionel Messi is a [MASK] .

SR, B, EIRZIER
BIEZENEN KA

Wu et al. Do PLMs Know and Understand
Ontological Knowledge? (ACL 2023)
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Seen Types - s]

Seen Type

Unseen Types X
Annotations

Tgxt [>

Trigger
Representation

Decoder 1. Terrorist attacks
iz vy |00 fave illed
2. More than 35,000
deaths have...
: 3. Covid-19 spread:
BERT Encoding OIS0
Jfrom more than ...
4. croaked yesterday
T T T f 'T‘ 'T f f ‘? T at home...
Eayman  Ewas | Eanesied  Eand Ewas | |Esammned Eio Ejite Ein Eprisan 3. Coronavirus
,? f + + f + f 'f ‘? + spreads from ..
Ayman was arresfed and was sentenced to life in  prison.

1T R E S EFREC tH R Ah

-

=

Text Conceptualization Confidence-aware Graph-based
via In-context Schema [> Schema
Generation Structuralization Aggregation

U

Complete .‘ichemas

0y

O

Structural Schemas

Conceptual Schemas

_________________

Typ”

_“p} Type: Decease |
| !
i+ agent
i

» Type: die. Slots: agent;
attacker; instrment; victim

% - di - - !
¥ T}pe. die, Slots: agent; Die \} _________ ;

1 Type:

instrument; person
agent
J Type: execute. Slofs: agent: : a ;11;2‘ il
aftacker; beneficiary; victim msfrument |

v victim

SRR

Huang et al. Semi-supervised New Event Type
Induction and Event Detection (EMNLP 2020)

R FEHEZUFZ0

Tang et al. Harvesting Event
Schemas from Large Language
Models (2023)

Xu et al. CEO: Corpus-based Open-Domain Event Ontology Induction (2023)
Dror et al. Zero-Shot On-the-Fly Event Schema Induction (EACL 2023)
Edwards et al. Semi-supervised New Event Type Induction and Description via Contrastive Loss-Enforced Batch Attention (EACL 2023)

YN

J o) Schiema

|
|
Type: Die
+ agent
+  aftacker
*  mstrument

. E}gce
. wct?m

(T_vpe: Spread
* disease
«  mstrument
* o

LRSI E

Stage 1: Event Skeleton Construction

List the major events that happen in an {oufbreak):

Pathogen z i 3
o EE = T

Stage 2: Event Expansion and Validation
\What happens before {cases increase)?
What happens affer {diagnosis)?

Pathogen .
A
_7—/

Stage 3: Event-Event Relation Verification

Input Chapter Structure

Outbreak
Preconditions {8
£ -

Authority
Response

Society Response

Diagnosis Manitor

Does {pathiogen emergence] start before {disease fransmifi?

Pathogen
-

Disease Transmit

o m

A/

= HEEI
Li et al. Open-Domain Hierarchical

Event Schema Induction by Incremental
Prompting and Verification (ACL 2023)
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Language Planning

. Gather your ingredients.

2. Preheat the oven to 325 °F
(163 °C) and grease and flour
a cake pan.

. Cream the butter and sugar.

. Add the eggs.

. Stir in the cake flour.

. Pour the batter into the pan.

NO N AW

> How to Make a Cake?

A

@@ . Bake the cake for 1 hour 15
- .
k} 5 minutes.

Constrained Language Planning

@F | How to Make a Strawberry Cake?

Ra— o ...Add strawberry jams

"'J into the flour...

How to Make a Chocolate Cake?

...Add the cocoa powder
into the flour...

Abstract goal can be inherited by different real-life
specific goals with multi-faceted constraints

Input: an abstract goal

Generate specific goals
with InstructGPT via
\_ in-context learning -

v ==
' ——| OO l—\
Step 2
Over-generate candidate
scripts with InstructGPT

&via in-context Iearning)

Step 3

Find filtered scripts to
the goal with

InstructGPT via similarity

score

|

Output: Specific goals
with corresponding plans

,—l—| 5.0
Step 1 h 1

Abstract Goal: Make a cake

_____________________________________

=+ constraints
Specific Goals:
1G1(+modifier): Make a chocolate cake
:G2(+method): Make a cake in a micro- ‘r‘i
E wave ['_,7 ¢
IG3(+intent): Make a cake for a wedding o

Candidate Scripts

A3 ]~ [@

similarity '
score |

& X

Filtered Scripts

)
1. Gather your ingredients !
4. Add the cocoa powder ;
4

______________________________________

Yuan et al. Distilling Script Knowledge from Large Language Models for Constrained Language Planning (ACL 2023)
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Predicted Labels

(e.g., POS tags)

Probing Model

Contextual Word
Representations

Input Tokens

NNP

IBERRFANA,

RO | S N |

Pretrained Contextualizer

f f f

Ms. Haag plays

1B St ANA

Liu et al. Linguistic Knowledge and
Transferability of Contextual
Representations (NAACL 2019)

Elianti

Prompt | avg F || Frequency

is a type of 25.5 14,503
is the type of 24.2 309
is a kind of 23.6 2,934
is a form of 22.1 9,518
is one form of 17.9 124
1S a 7.4 9,328,426
is a type 1.0 15,085

IAEREREANNIR

Jain et al. Distilling Hypernymy Relations from
Language Models: On the Effectiveness of
Zero-Shot Taxonomy Induction (*SEM 2022)
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ﬂ Emmmﬁ?&ﬂﬂ%ﬂﬂ,iﬂﬁﬁﬂ*L ZAE,

xxxxxx

Original Input ®j,p

a real joy.

AUTOPROMPT & prompt
a real joy. atmosphere alot dialogue Clone totally

e.g. ELMo/BERT

Figure 1: Querying knowledge bases (KB) and lan-

{sentence}[T][TI[TI[TI[TI[P]

Trigger Tokens Tyig Masked LM
atmosphere, alot, dialogue, Clone... P([MASK] |2 prompt) (¥l Zprompt)
:I e Cris .
— marve@@— positive
————————— philanthrop
Template A(Einp, Lirig)

I worse
[ incompetence negative
= Worse

guage models (LM) for factual knowledge.

LAMA: Petroni et al. Language Models as
Knowledge Bases? (EMNLP 2019)

! Prompt Generator
T o o I
The capital of Britain is

¥ + ' + +
Input embedding e(’l;he) e(ca?ital} E(i)f) e(Britain) e(is)
+

AutoPrompt: Shin et al. AutoPrompt: Eliciting Knowledge from
Language Models with Automatically Generated Prompts (EMNLP 2020)

Pre-trained Language Model
(GPT, BERT, ...)

(a) Discrete Prompt Search

Pseudo Prompts [P()] . [Pi] IPH—II - [Pm]
: Discrete rewards - 1’. _____ ;. _____________________ } ______ l A Prol?:;:tion
S ! Prompt Encoder :\ﬂ—
[MASK] T capital Britain | [ [MASK]
+ 4 v v
e([MASK]) Input embedding  hg -+ f; e(cafital) e(Britain) h;4q1---h e([MASK])
} v ! T i !
Pre-trained Language Model
(GPT, BERT, ...)
| L |
(b) P-tuning

13

ContinualPrompt: Liu et al. GPT Understands, Too (2021)
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Barry Obama

_ Official King’s
language of — —/—w College
Y \ /caplml , /
/ ,/
/

Sex or \ after

. . . . Official
Subject Relation Relation DK Object e g laneuage ) — ShSEF:DTI"E
. . . . \ / i - choo
Paraphrasing Generation Paraphrasing Generation m tong ' F:;:'g
.......................... | sememsmsesaesea T L T T e —— Member of .r‘f Given Educa(:a:dat
, - P b ! Pound | country | rname
The 44th president almamater | oL aor ! Sterling [0S A [/ i London
H . ] — Nationality / Place of birt
of the US ] ife of th . i Government \ /S
- i wife of the vl i Constitutional — / '
Ethnlclty ' o o : onstitutional Eegelald / Country of / Y Cryptanalysis
i i person named in | i E MIBEGET] / citizenship [/ __Field of wor-I;r{_
One of the P i D i . Internet Ita 0 506 Calling A ’_7_
. notable work | theinstrument | : Barack Obama | (ENYSRNIN emetta” ode  rods -
greatest orators in o ' 4 # a person’s Ob ———_Manner
‘ . : s o ama ~ — -
American history b ! husband or wife | \ S~ Oofdeath _7
oHEiEs : E A person‘s E E / “" Dc;upation
. ' husband or wife ! | | Feldofwork /  \ h
children : ' ; Topology ERNWEIN / Y \ Mathematician
H I ' subfields__ / \ : Named
i ' ' == \ Field of

gender occupation  work
£ \

' : Notable™
R, } ____________ . LUECICEM subfields

Cohen

7, / A\
Notable™ Notable [ ‘
subfields subfields o Computer ~Industry- Information
- / Logician Science Technology

et al. Crawling the Internal Knowledge-Base of Language Models (EMNLP 2022) 14
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Multi-headed Attention Transformer Block Commonsense Transformer (COMe
if He [MASE] [MASE] have boat <END>
t
( rewrProgeion ) [voes [ voesb | [ voca | o || vt |

= == (_%

“ '- Multi-headed Attention
o A LY )
1- i | 2 € Po 8 P11 Bim P
-t i i i
X Vv a {ho... h!_!} h, ) fer:unl sails . <xeed> . sail boat

{a) (b) {c)
FOALLMsAE R IRANIR

Bosselut et al. COMET: Commonsense Transformers for
Automatic Knowledge Graph Construction (EMNLP 2019)

ST SAINHEMERDR, > mvent.
SR/ \IRIESRE,

X overcomes evil with good
X does not learn from Y

10. Event: X looks at flowers

What needs to be true for this

B~ GPT3 h

¥ event to take place?

1758 Parameters

General Model
O CRITIC

Finetuned RoBERTa
filters for quality

Event <i>: X goes jogging

A

Prerequisites: For this to

happen, X needed to wear running
ATOMIC10X

e shoes
6.5M Examples = - =
- & -
Commonsense KG B oy S
COMETdistil i Event <i>: X looks at flowers
1.5B Parameters /
Commonsenss Modelw Prerequisites: For this to
happen,

RRLLMSsZEREFEIRAIR

West et al. Symbolic Knowledge Distillation: from General

Language Models to Commonsense Models (NAACL 2022) 15
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“A bicycle has...”
“Bicycles..."

¢}

} N
GPTZ XL (e m“g:E%DZ ‘
he-shelf Constrained

Decaoding

' SN
? Critic

¥ A bicyele has been stolen from...

[narrative-like/past-tense]

X Bicycles Dogs Fishing Golf Hiking

[list of concepts, not a generic] r —:=: = N Generations
X Bicycles bicycles are a great way I :
get around the city, but they | Todee s & Self-Imitation
[repetitive, incomplete] I
, \
I A bicycle has two wheels.
-— o Bicycles are a great way to

gen-a-tomice S

([ Seed Concept

SATSHIBEFRIERTIR,
ARRIEIESRE > IMIEE SRS

Step 1:
Generate prompts
from seed concepts

Step 2:

Use constrained decoding
- for controlled generation -

L2EN

Step 3:
Fine-tune the model

(and iterate)

=

R—
v\

“bicycle”

~ i\ J

Prompt Construction

“Abicycle has...”
"Bicycles..."”

(Constrained Decodin;

s
? Supervised Critic
AN AN

(count[fum:tionfwords) =] 1) A

+ (count(conne
concept_2 A ...

ctive_words) = 1) A

Self-Imitation

Fine-tune LM on its own
high-quality generations

J

~ED

~8

L‘ Updated
a LM

HRLLMSAEREIREIR
Bhagavatula et al. 12D2: Inductive Knowledge Distillation with NeuroLogic and Self-Imitation (ACL 2023)
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AFRESEHREIMMRESEE (PX) .

. Unique Unique . Human
EAXZRHE XU E o EAXZHKEH Knowledge Graph Construction . Triples
PersonX is attacked Peirson;(&refgfes PersonX is attacked & p Head Items  Tail Items P Acceptance
Bty ConpensaRan Enelish ATOMICS] (Hwang et al., 2021) Human 25807 354777 760,034 86.8%
(" PersonX praises ) e HAXBIAYHFE CEGS ATOMIC 10X (Unfiltered) (West et al.. 2021)  Generation 165,783 874,417 6,456,300 78.5%
Peron¥  ParsonKlooks for T paromy - ATOMIC!9X (High-Quality) Generation 164,553 357761 2,512,720  96.4*
1 EmESLeEs || evidence .. ATOMIC-zh (Li et al., 2022) Translation 20,949 276446 712,970 38.7
(HEFHR) @ EAXE BT I Chinese (ours) CN-AutoMIC (Unfiltered) Generation 114,364 1,101,556 6,868,766 47.6
- 2 (' PersonX praises ) - FRAXGEIERFF - CKGL- (ours) CN-AutoMIC,,,, Generation 99,817 385,333 2,764,465 75.2
P (mm . Pesony _Permgf“{::‘:’se =] 5 (ours) CN-AutoMIC, ;4 Generation 97,329 269,655 1,812,175 80.5
Fi i EERER @ e (ours) CN-AutoMICy;4n Generation 89,738 182,893 1.140.840 87.2
3. B=iAn B itk
v AWamt pit N ) "
Y et Sk RUHITERER . He AX Ao e ALY S FE T A — xNeed — i F 45
HEE o FAXUEIRME FAXZIRE A o Festival . . .
flee PersonX receives = PersonX is attacked < ) @ PersonX spends the Mid-Autumn Festival with PersonY — xNeed — make moon cakes
Tt xNeed{_ compensation
R lxREact . AR AR Traditional 3 AX#% A F — xIntent — d& & 7R B 5T 45
‘-j%?}? court .y xReacl o onx is saved by RersenX go to court Practice PersonX is in postpartum confinement — xIntent — take good care of (her) health
xIntent SOFRD PersonY
sl py AT [ & Game EAXB—# K — xWant — 475§
R s VT BRI ‘ .
P X looks for | xR - ; . . < a s ; . ;
arson looks for ) x| eact 4 i%?i*se . 27" goto court PersonX takes a day off — xWant — play mahjong
_ - -sustai SSes.” " ! 5 N
e e KT — A ¥ AXA AR — xNeed — 47 74k B&
X Y= - Xi . [ 4 .
( PersonX praises ) | PersonX choose to PP PersonX watches videos — xNeed — open the Youku app.
_ PersonY 7 give up .~ xEffect

RRLLMSEE R RS EIRANR

Wang et al. CN-AutoMIC: Distilling Chinese Commonsense Knowledge From Pretrained Language Models (EMNLP 2022)
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A I’=F,

| SIAMESE NETWORK |
O + [ | L i a
. . A
Entity £ gy ContextTvector Entity Final oontextTvector
Vector Vector
Weighted Sum Layer Weighted Sum Layer
Normalized contextTvector Normalized contextTvector
Softmax Layer Softmax Layer

Attended oontexq vector

s

Self Attention Layer

Attended contextTvector

A
T

Self Attention Layer

Entity 1 Context 1 Context 2

SCAARRRS
lyer et al. VeeAlign: Multifaceted Context

Representation Using Dual Attention for
Ontology Alignment (EMNLP 2021)

Entity 2

Candidate retrieval by
Longterm cosine similarity

pecificat
looking the same concept to

1026 deletion sy It
has informatiom: “terminal chromosome 10q26
deletion syndrome... ..."

fask s
We are

Options:
0: Distal 10q;

memay | ¢ >

1: Distal 15q;

Embed and store:
[BERT, GPT, LLama

L Inject context

Ontologys: UMLS, MeSH, information
ORDO, OMIM, NCIT ..

2: Distal tetrasomy 15q;

3: 10q22.3¢23.3 microdeletion syndrome;

9: None.

Context:

Distal monosomy 10g: Distal monosomy 10q is a
chromosomal anomaly involving terminal
deletion of the long arm of chromosome 10
Distal monosomy 15q: Distal monosomy 15q is a
rare chromosomal anomaly syndrome:
characterized by

Distal tetrasomy 15q: Distal tetrasomy

15q; Tetrasomy 15q26; Tetrasomy 15(q25-qter).

“output specificatior
Which is the most similar concept to

Stanford
Alpaca \§
GPT3
GPT-4

1

1026 deletion ?
Choose "None", if no similar concept. Only print
the name,

Comprehend and rank
By LLMs

SEURANMARE S

Wang et al. Exploring the In-context
Learning Ability of Large Language Model
for Biomedical Concept Linking (arxiv 2023)

The reasoning process is
that both syndromes
involve the deletion of a
part of the long arm of
chromosome 10, and they
share similar
characteristics such as
facial dysmorphism
growh retardation, and
developmental delay.

yﬁ Explain

print the reasoning
process

{

Distal monosomy 10q

GCN-based Multi-view Fusion

event: aftack z
alias:  offensive, strike... c / - 7_ i »
«.. . an assailant physically = - =
definito * attacks a victim é ) o i (g 0
subelass; invading... g : : @ - D 3 3
intenti AT T Sub o o
superclass; intentionally_affect... b ﬂ e . 3 D
) — @ @ = 3
T \{\) T <
event; assault ? 3 )
i imi ) . N a 9
alias;  criminal assault... 4] ; '4 @ = )
i physically attack of g.. @ | . A Q o
* another person - ~ D g
subclass: stabbing. 9 @ o @ -
superclass: violent_crime.. @, @ S
® Bvente (4) A Noce @ DefnitonNode - Notion Edge
Superclass Node Superclass Node —— IimviewBdge o Relation Edge

SHNMERS

Guo et al. EventOA: An Event Ontology Alignment

Benchmark Based on FrameNet and Wikidata
(ACL2023)
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i — IRES.

(] NSPL_ h: Prexe  (label:align) 1 ! 5 MM} ! Yes (label: align) !
TN B (b)) GRS N (lahck oot olign)
[r,['_f{""'_", FG R, iR, W TR PR r!:i_!-_js_:h:_]L“L Rolling Stones, Satisfaction, Charlie. . [TEP] ’E A
ar
O O DDDDDDDD_ §3
[1iC] D D EI L] D =18 & Emve |
| 52
i n D DDDD* 5
e — Sequence of Entity & it Tm.p. ..... Sequence of Eatity & )
No. No, they are not the same (...)

“Do the following two product descriptions match? Answer
with 'Yes' if they do and 'No' if they do not.
Product 1: 'Title: DYMO D1 - Roll (1.9cm x 7m)’

Title
DYMO D1 - Roll (1.9cm x 7m) DYMO D1 Tape 12mm x 7m

“Do the following two entity description refer to the same
real-world entity?
Entity 1: 'Title: DYMO D1 - Roll (1.9cm x 7m)’

”

T

Title

DYMO D1 - Roll (1.9cm x 7m) DYMO D1 Tape 12mm x 7m

From Alignment to Entailment: A
Unified Textual Entailment Framework
for Entity Alignment (ACL 2023)

Peeters et al. Using ChatGPT for
Entity Matching (arxiv ,2023)
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' X, . Who is the president of the US?: Y, : Joe Biden |
Wi\ e e ,'
= . NSt X, W \ X,
KAMERIREE = -
- Jo i \ o Vg p S
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Standard Prompting
 Moselipu

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 20t

make lunch and bought & mare, how many apples
do they have?

- Model Output

|: A: The answer is 27. x

e

Chain-of-Thought Prompting

|

Q: Roger has 5 tennis balls. He buys 2 maore cans of |
fennis 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 B tannis balls. 5 + 8 = 11. The answeris 11,

1Q: The cafieteria had 23 apples. If they used 20 to
make lunch and bought & more, how many apples
do they have? |

.

| Model Qutput N
4 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=0. The

| answeris 9. of )

[ 18t prosmpt]
Reasoning Exfraction

[2nd prompt]
Answer Extraction

(0: On average Joe thiows 25 punches per
miriute. A fighit lasts 5 rounds of 3 minutes. How
many punches did he thiow?

A: Let's think step by step.

Y

r
4 L i
i

In one minute, Joe throws 25 punches. i
I thré minutes, Joa thiows 3* 25 = T5 punches.
In five: raunds, Jo throws 5 * 75 = 375 punches.

(0 On average Joe throws 25 punches per
minute. Afight lasts 5 rounds of 3 «««
A: Let's think stap by step.

Ir aneé minute, Joe throws 25 punches. «++In five
rounds, Joe throws 5* 75 = 375 punches.
Therefore, the answer (arabic numerals) is

)
)

75,

Greedy decode

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

The answer is $14.

Chain-of-thought - Language
Self-consistency ﬂ Sample a diverse set of Marginalize out reasoning paths

reasoning paths to aggregate final answers
(" Qulf there are 3 cars in the parking

lot and 2 more cars arrive, how many
cars are in the parking lot?

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

She has 16 -3 - 4= 9eggs
left. So shemakes $2*9 = | The answeris $18.
$18 per day. |

I
This means she she sells the
remainder for $2* (16 -4 - 3). The answer is $26.
=$26 per day. I

Q: Janet's ducks lay 16 eqgs 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?

\ A

Language
model

} 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

she has 9eggs * $2=918. |

TR DY AT
Wei et al. Chain-of-Thought Prompting Elicits Kojima et al. Large Language Models are Zero- Wang et al. Self-Consistency Improves Chain of

Reasoning In Large IE%r;gzl;age Mode (NeurlPS Shot Reasoners (NeurlPS 2022) Thought Reasoning in Language Models (ICLR 2023)
27
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Input: 491013

449=13

left: 1013 13)

-6= 13-9-4
..... (lef: 79) el 46
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) Coms)
Q _> M0 4624
(left10] fr24

(a) Input-Output (] Chain af Thaught
Prermpting (10) Prampting (CaT

|c] Self Consistency

with CoT {CaT-5¢) [d) Tree of Thoughts (ToT)

B

RS, RS RIE A,

B

(a) Propose Prompt

Input: 491013
Possible next steps:

IR eE

==
FEXETZh

Thought Generation

(b) Value Prompt

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

101313

4+9-13(efc 10313
10-4=6(eft 6913)

Thought Evaluation

Yao et al. Tree of Thoughts: Deliberate Problem Solving with Large Language Models (2023)

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

10 +13+ 13 =36 There is no way
to obtain 24 with these big
numbers. impossible

28
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Yu et al. Improved Neural Relation Detection for Knowledge Base Guo et al. A Survey on Knowledge Graph-Based
Question Answering (ACL 2017) Recommender Systems (TKDE 2020)
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Develop a
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Use afew instances (7 -\\\ Reuse the tool to solve
to make a tool * similar instances
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Tool Maker &3 Reusable Tool Tool User
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Cai et al. Large Language Models as Tool
Makers (2023)

Chen et al.
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Communicative Agents for Software ~ Huang et al. VoxPoser: Composable 3D Value Maps

Development (2023)

71N UL N

Open the top drawer, and
watch out for that vase!

Large # Visual @
Language Language
Model  “ Model

*Measure weight of apple” ‘Close top drawer" ';Swssp trash into dustpan” \-"Unp\ug charger for phone”
A J

3D ValueMap

" —) "V

cost reward Hanglowel on rack *Press down moisturizer pump”  “Set table for pasta® “Tum on lamp"

TRENZHIERA

for Robotic Manipulation with Language Models362023)
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Pan et al. Unifying Large Language Models and Knowledge Graphs: A Roadmap (2023)
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& — H plain English functioning} an
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ERRLw
Peng et al. Check Your Facts and Try Again: Improving

Large Language Models with External Knowledge and
Automated Feedback (2023)

"""""" > update flow -

XJTE—EUE

Knowledge (2023)

o ]

Sheng et al. A Dialogue System for Assessing Activities
of Daily Living: Improving Consistency with Grounded
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