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TURING TEST A.l. BORN UNIMATE ELIZA SHAKEY DEEP BLUE KISMET

Computer scientist Term ‘artificial First industrial robot, Pioneering chatbot The ‘first electronic WI NTER Deep Blue, a chess- Cynthia Breazeal at MIT
Alan Turing proposes a  intelligence' is coined  Unimate, goes to work  developed by Joseph ~ person’ from Stanford, Many false starts and playing computer from  introduces KISmet, an
test for machine by computer scientist,  at GM replacing Weizenbaum at MIT Shakey is a general- dead-ends leave Al out 'BM defeats world chess emotionally intelligent
intelligence. If a John McCarthy to humans on the holds conversations purpose mobile robot ;. w0 o1d champion Garry robot insofar as it
machine can trick describe “the science assembly line with humans that reasons about Kasparov detects and responds
humans into thinking it  and engineering of its own actions to people’s feelings

is human, then it has making intelligent

intelligence machines”

<0+ AlphaGo

1999 2002 2011 2011 2014 2014 2016 2017

AIBO ROOMBA SIRI WATSON EUGENE ALEXA TAY ALPHAGO

Sony launches first First mass produced Apple integrates Siri, IBM's question Eugene Goostman, a Amazon launches Alexa, Microsoft's chatbot Tay = Google’s A.l. AlphaGo

consumer robot pet dog autonomous robotic an intelligent virtual answering computer chatbot passes the an intelligent virtual goes rogue on social beats world champion

AiBO (Al robot) with vacuum cleaner from assistant with a voice Watson wins first place  Turing Test with a third  assistant with a voice media making Ke Jie in the complex

skills and personality iRobot learns to navigate interface, into the on popular $1M prize of judges believing interface that completes inflammatory and board game of Go,

that develop overtime  and clean homes iPhone 4S television quiz show Eugene is human shopping tasks offensive racist notable for its vast
Jeopardy comments number (2'7°) of

possible positions
https://digitalwellbeing.org/artificial -intelligence -timeline-infographic-from-eliza-to-tay-and-beyond/
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GPT for Various Tasks

.‘Q’.

Examples

“Explain quantum computing
in simple terms® —

"Got any creative ideas for a
10 year old’s birthday?® —

“How do | make an HTTP
request in Javascript?® —

ChatGPT

z}
Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-

up corrections

Trained to decline
inappropriate requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world
and events after 2021

Examples

“Explain quantum computing
in simple terms” —

“Got any creative ideas for a
10 year old’s birthday?" —

"How do | make an HTTP
request in Javascript?” —

ChatGPT

4%
Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-

up corrections

Trained to decline
inappropriate requests

VAN

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world
and events after 2021

Examples

“Explain quantum comp

ChatGPT

.{b
Capabilities

in simple terms*™ —

“Got any creative ideas for a
10 year old’s birthday?" —

"How do | make an HTTP
request in Javascript?® —

s what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline
inappropriate requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world
and events after 2021

Conversation Writing

ST

EERAE XTI AR
International Digital Economy Academy

www.idea.ed



| Behind GPT idea

+ GPT-3.5/ ChatGPT
« 175B parameters, emerging

powerful intelligence and

Common Crawl: 410B tokens « 25K+ Nvidia A100 GPUs
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I Limitation of GPT

HALLUCINATION

Remembering what does not exist.

Hallucination

a

Tends to confidently generate Have memories of things
factually incorrect information that never hqpp.ened
(hallucination) (false memories)
Prompting influences the Implicit assumptions may elicit
degree of hallucination false memories (presupposition)
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I Limitation of GPT

HALLUCINATION

Remembering what does not exist.

a

Hallucination

: . Qz + \E
Tends to confidently generate Have memories of things m— E = 1 } ]

factually incorrect information that never hqpp.ened
(hallucination) (false memories)
Prompting influences the Implicit assumptions may elicit
degree of hallucination false memories (presupposition)
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I Duan Yu EZE vs Hong Qigong #t2 idea

Who has higher flighting ability, Duan Yu or Hong Qigong?
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I Duan Yu EZE vs Hong Qigong #t2 idea

GPT-4

+} GPT-4

IEEES? B saE

3. schafg=HEs
* B HERERY, BE. A7 ShH 7T
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I Duan Yu EZE vs Hong Qigong #t2 idea

GPT-4

+} GPT-4

Think-on-Graph
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I A Knowledge Graph of Jin Yong (£8)
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I Combining LLM and KG idea

fo o) m KG Reasonm
! </> ]
Wove LLM W

Large Language Model

> Better cognition and
reasoning Ability

> Multi-task universality
and AGI and correctable

» Strong learning and > Lower costin

Knowledge Graph

» Structured knowledge
for reasoning
> Explainable, traceable

memorizing ability
Intention and action
understanding

BEBRAEXHFEARER
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computing power
Faster update of
knowledge and data
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THINK-ON-GRAPH: DEEP AND RESPONSIBLE REASON-
ING OF LARGE LANGUAGE MODEL ON KNOWLEDGE
GRAPH

Jiashuo Sun?"*f Chengjin Xu'!* Lumingyuan Tang>'*f Saizhuo Wang?*!*

Chen Lin? Yeyun Gong® Lionel M. Ni® Heung-Yeung Shum™ Jian Guo'®*
IDEA Research, International Digital Economy Academy

2Xiamen University
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4The Hong Kong University of Science and Technology

5The Hong Kong University of Science and Technology (Guangzhou)
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Deep Reasoning

ABSTRACT

Reasoning Traceability

Although large language models (LLMs) have achieved significant success in vari-
ous tasks, they often struggle with hallucination problems, especially in scenarios ope
requiring deep and responsible reasoning. These issues could be partially addressed Kn OWI Ed g e C o rrecta b | I Ity
by introducing external knowledge graphs (KG) in LLM reasoning. In this paper,
we propose a new LLM-KG integrating paradigm “LLM @ KG” which treats the
LLM as an agent to interactively explore related entities and relations on KGs
and perform reasoning based on the retrieved knowledge. We further implement
this paradigm by introducing a new approach called Think-on-Graph (ToG), in
which the LLM agent iteratively executes beam search on KG, discovers the most
promising reasoning paths, and returns the most likely reasoning results. We use
a number of well-designed experiments to examine and illustrate the following
advantages of ToG: 1) compared with LLMs, ToG has better deep reasoning power;
2) ToG has the ability of knowledge traceability and knowledge correctability by
leveraging LLMs reasoning and expert feedback; 3) ToG provides a flexible plug-
and-play framework for different LLMs, KGs and prompting strategies without
any additional training cost; 4) the performance of ToG with small LLM models
could exceed large LLM such as GPT-4 in certain scenarios and this reduces the
cost of LLM deployment and application. As a training-free method with lower
computational cost and better generality, ToG achieves overall SOTA in 6 out of
9 datasets where most previous SOTAs rely on additional training. Our codes are
publicly available at https://github.com/IDEA-FinAI/ToG.

Flexibility and Efficiency

BEEROEXEFEF AR ,
International Digital Economy Academy https://arxiv.org/abs/2307.07697 www.idea.edu.cn




Knowledge-driven Large Language Model Idea
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Dee p Long Reasoning Path

Smarter Reasoner

Re ason i n g Reasoning Efficiency
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I Combining in Model Pre-Training/Fine-tuning 1923

KG Enhanced LLM
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I Combining in Model Pre-Training/Fine-tuning 1923
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I Combining in LLM Prompting
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I Think-on-Graph Algorithm idea

Algorithm 1 ToG
Require: Input z, LLM =, depth limit D,,,,, sam-
ple limit N.
Initialize E® « Extract entities on x, P + [],
M + 0.
while D < D,,,... do
RD . Prung < Search(z, EP~1, P)
RP, P « Prune(r, z, RP .. P.yna)
Ezﬂd, Prond — Search(a: EP-1 RP_p)
EP P ¢ Prune(r, =z, Emnd, Prond)
if Reasomng(n- z, P) then
Generate(m, z, P)
break
end if
Increment D by 1.
end while
if D > D,, .. then
Generate(w, x)
end if

BRI XE SR
International Digital Economy Academy

Question:
What is the majority party now in the country where Canberra is located?
: Australian Capital enclave within _,. New South
Austfallan Territory Wales
continent ) .
‘\ead Prime Minister
E‘ of Australia ?
g \be} (&N
&
,Q &° Cabinet of
Canberra- 2\> Australia e Anthony - Australia
Queanbeyan Ment Albanese at/o,,
\
Endish Labor Party m POlltICIan
Reasoning paths )
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I Think-on-Graph Algorithm

Algorithm 1 ToG
Require: Input z, LLM =, depth limit D,,,,, sam-
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Performance of Think-on-Graph

idea

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GrailQA QALDIO-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
IO prompt w/ChatGPT 37.6 63.3 29.4 42.0 20.0 48.7 33.6 27.7 89.7
CoT w/ChatGPT 38.8 62.2 28.1 429 20.3 48.5 32.0 28.8 90.1
SC w/ChatGPT 454 61.1 29.6 45.3 18.9 50.3 41.8 45.4 90.8
With external knowledge
Prior FT SOTA 70.4% 82.1° 75.47 45.4° 85.8¢ 56.3¢ 87.71 74.67 88.2¢
Prior Prompting SOTA - 74.4% 53.2% - - - - - -
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 454 53.2 75.3 86.5 93.8
ToG (Ours) w/ChatGPT 57.1 76.2 68.7 50.2 53.6 54.5 76.8 88.0 91.2
ToG-R (Ours) w/GPT-4 69.5 81.9 80.3 54.7 58.6 57.1 75.5 86.9 95.4
ToG (Ours) w/GPT-4 67.6 82.6 81.4 53.8 66.7 57.9 77.1 88.3 95.6

Table 1: The ToG results for different datasets. The prior FT (Fine-tuned) and prompting SOTA
include the best-known results: «: Das et al. (2021); 8: Yu et al. (2023); v: Gu et al. (2023); 9:
Santana et al. (2022); e: Baek et al. (2023a); (: Kedia et al. (2022); n: Glass et al. (2022); 6: Petroni

et al. (2021); ¢: Yu et al. (2022); x: Liet al. (2023a).

EERAE XTI AR
International Digital Economy Academy
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Performance of Think-on-Graph idea

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GrailQA QALDIO-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
10 prompt w/ChatGPT 37.6 63.3 29.4 42.0 20.0 48.7 33.6 27.7 89.7
CoT w/ChatGPT 38.8 62.2 28.1 42.9 203 48.5 32.0 28.8 90.1
SC w/ChatGPT 454 61.1 29.6 45.3 18.9 50.3 41.8 45.4 90.8
With external knowledge
Prior FT SOTA 70.4% 82.18 75.47 45.49 85.8°¢ 56.3¢ 87.71 74.6¢ 88.2¢
Prior Prompting SOTA - 74.4% 53.2% - - - - - -
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 45.4 53.2 75.3 86.5 93.8
ToG (Ours) w/ChatGPT 57.1 76.2 68.7 50.2 53.6 54.5 76.8 88.0 91.2
ToG-R (Ours) w/GPT-4 695 819 80.3 58.6 57.1 75.5 86.9 95.4
ToG (Ours) w/GPT-4 67.6 53.8 66.7 77.1

Table 1: The ToG results for different datasets. The prior FT (Fine-tuned) and prompting SOTA
include the best-known results: «: Das et al. (2021); 8: Yu et al. (2023); v: Gu et al. (2023); 9:
Santana et al. (2022); e: Baek et al. (2023a); (: Kedia et al. (2022); n: Glass et al. (2022); 6: Petroni
et al. (2021); ¢: Yu et al. (2022); x: Liet al. (2023a).
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Performance of Think-on-Graph idea

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GrailQA QALDIO-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
10 prompt w/ChatGPT 37.6 63.3 29.4 42.0 20.0 48.7 33.6 27.7 89.7
CoT w/ChatGPT 38.8 62.2 28.1 42.9 203 48.5 32.0 28.8 90.1
SC w/ChatGPT 454 61.1 29.6 453 18.9 50.3 41.8 454 90.8
With external knowledge

Prior Prompting SOTA - 74.4% 53.2% - - - - - -
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 45.4 53.2 75.3 86.5 93.8
ToG (Ours) w/ChatGPT 57.1 76.2 68.7 50.2 53.6 545 76.8 88.0 91.2
ToG-R (Ours) w/GPT-4 81.9 80.3 58.6 57.1 75.5 86.9 95.4

Table 1: The ToG results for different datasets. The prior FT (Fine-tuned) and prompting SOTA
include the best-known results: «: Das et al. (2021); 8: Yu et al. (2023); v: Gu et al. (2023); 9:
Santana et al. (2022); e: Baek et al. (2023a); (: Kedia et al. (2022); n: Glass et al. (2022); 6: Petroni
et al. (2021); ¢: Yu et al. (2022); x: Liet al. (2023a).
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Performance of Think-on-Graph idea

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GrailQA QALDIO-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
IO prompt w/ChatGPT 37.6 63.3 29.4 42.0 20.0 48.7 33.6 27.7 89.7
CoT w/ChatGPT 38.8 62.2 28.1 429 20.3 48.5 32.0 28.8 90.1
SC w/ChatGPT 454 61.1 29.6 45.3 18.9 50.3 41.8 45.4 90.8
With external knowledge
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 454 53.2 75.3 86.5 93.8
ToG (Ours) w/ChatGPT 57.1 76.2 68.7 50.2 53.6 54.5 76.8 88.0 91.2

Table 1: The ToG results for different datasets. The prior FT (Fine-tuned) and prompting SOTA
include the best-known results: «: Das et al. (2021); 8: Yu et al. (2023); v: Gu et al. (2023); 9:
Santana et al. (2022); e: Baek et al. (2023a); (: Kedia et al. (2022); n: Glass et al. (2022); 6: Petroni
et al. (2021); ¢: Yu et al. (2022); x: Liet al. (2023a).
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Performance of Think-on-Graph idea

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GrailQA QALDIO-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
10 prompt w/ChatGPT 37.6 63.3 29.4 42.0 20.0 48.7 33.6 27.7 89.7
CoT w/ChatGPT 38.8 62.2 28.1 429 20.3 48.5 32.0 28.8 90.1
SC w/ChatGPT 454 61.1 29.6 45.3 18.9 50.3 41.8 45.4 90.8
With external knowledge
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 454 53.2 75.3 86.5 93.8
ToG (Ours) w/ChatGPT 57.1 76.2 68.7 50.2 53.6 54.5 76.8 88.0 91.2

+52% +20% +234% +20% +268% +12% +129% +218% +2%

Table 1: The ToG results for different datasets. The prior FT (Fine-tuned) and prompting SOTA
include the best-known results: «: Das et al. (2021); 8: Yu et al. (2023); v: Gu et al. (2023); 9:
Santana et al. (2022); e: Baek et al. (2023a); (: Kedia et al. (2022); n: Glass et al. (2022); 6: Petroni
et al. (2021); ¢: Yu et al. (2022); x: Liet al. (2023a).
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Method CWQ WebQSP
Fine-tuned

NSM (He et al., 2021) 53.9 74.3
CBR-KBQA (Das et al., 2021) 67.1

75.2

TIARA (Shu et al., 2022) -
DeCAF (Yu et al., 2023) 70.4 82.1
Prompting
KD-CoT (Wang et al., 2023b) 50.5 73.7
StructGPT (Jiang et al., 2023) - 72.6
KB-BINDER (Li et al., 2023a) - 74.4
LLama?2-70B-Chat
CoT 39.1 57.4
ToG-R e 68.9 Effect of back-bone models
ToG 53.6 63.7
Gain (+18.5) (+11.5
ChatGPT
CoT 38.8 62.2
ToG-R 57.1 75.8
ToG 58.9 76.2
Gain (+20.1) (+14.0
GPT-4
CoT 46.0 67.3
ToG-R 67.6 81.9
ToG 69.5 82.6
Gain (+23.5) (+15.3)

Table 2: Performances of ToG using different back-
. bone models on CWQ and WebQSP.
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Method CWQ WebQSP
Fine-tuned

NSM (He et al., 2021) 53.9 74.3
CBR-KBQA (Das et al., 2021) 67.1

75.2

TIARA (Shu et al., 2022) -
DeCAF (Yu et al., 2023) 70.4 82.1
Prompting
KD-CoT (Wang et al., 2023b) 50.5 73.7
StructGPT (Jiang et al., 2023) - 72.6
KB-BINDER (Li et al., 2023a) - 74.4
LLama2-70B-Chat
CoT 39.1 57.4 _
ToG-R s 68.9 Effect of back-bone models
ToG 53.6 63.7 GPT-4 > ChatGPT > LLama2
Gain (+18.5) (+11.5
ChatGPT
ToG-R 57.1 75.8
ToG 58.9 76.2
Gain (+20.1) (+14.0
GPT-4
CoT 46.0 67.3
ToG-R 67.6 81.9
ToG 69.5 82.6
Gain (+23.5) (+15.3)

Table 2: Performances of ToG using different back-
. bone models on CWQ and WebQSP.
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Method CWQ WebQSP
Fine-tuned

NSM (He et al., 2021) 53.9 74.3
CBR-KBQA (Das et al., 2021) 67.1

75.2

TIARA (Shu et al., 2022) -
DeCAF (Yu et al., 2023) 70.4 82.1
Prompting
KD-CoT (Wang et al., 2023b) 50.5 73.7
StructGPT (Jiang et al., 2023) - 72.6
KB-BINDER (Li et al., 2023a) - 74.4
LLama2-70B-Chat
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GPT-4
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Figure 3: Performance of ToG on different search depth and width.
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Question:
cwaQ cwaQ What is the majority party now in the country where k:anberra is located? J
60.0
s00 — TG 600 o 100 B oo

—~58.0 ToG-R ‘-..57'5 —=— ToG-R  Australian / Australian Capital enclave within . exal :Su .

$o8 2 55.0 ~ continent P R

= 57.0 ~ / Prime Minister

oy >52.5 " ofAustralia_ \g
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3 55.0 3 & \

2 Q475 ) 5{\+1 Cabinet of
54.0 < Canberra- ; Anthony o Australia
530 45.0 Queanbeyan ' Albanese _//\C"'%)

. +7
520 425 English Labor Part it mewbe‘ of Politician
S abor Party
1 2 3 4 1 2 3 4
Depths WIALRS

{Reasoning paths
i 1. Canberra — capital of > Australia — head of government - Anthony Albanese
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[ Both
[ LLM Inherent
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Figure 7: The proportions of ToG’s evidence of answers on CWQ, WebQSP, and GrailQA datasets.
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Figure 7: The proportions of ToG’s evidence of answers on CWQ, WebQSP, and GrailQA datasets.
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Knowledge Graph Visualization

Think-on-Graph Dialogue
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| HuaTuo: Tuning LLaMA Model with Chinese Medical

(.LLM-assisted Knowledge Graph Engineering: \
Experiments with ChatGPT

2. DeepKE-KnowlLM

3. ChatlE

4. CodeKGC: Code Language Model for Generative
Knowledge Graph Construction

QTEXTZKGBENCH /

~N

rChatRuIe: Mining Logical Rules with Large Language
. Models for Knowledge Graph Reasoning

J

~N

Knowledge

1. Knowledge-Augmented Language Model Promptin
for Zero-Shot Knowledge Graph Question Answering

2. Few-shot In-context Learning for Knowledge Base
Question Answering

3. Chain of Knowledge: A Framework for Grounding

\ 4

Large Language Models with Structured Knowledge
Bases

4. StructGPT: A General Framework for Large Language

%}del to Reason over Structured Data j
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A5t -
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SHTLLMEZA 85T Knowledge Engineering;

ﬁﬁd"ﬁﬁﬁ:
. NARERE(FERNBEL A, #1777 NL2SPARQLAJSCES ;
2. MITREEOENBE R A, #1777 AIRIRENAISLIS

ChatGPT-3 ChatGPT-4

LLM-assisted Knowledge Graph Engineering:
Experiments with ChatGPT

Lars-Peter 1\,1(,\,01.,1 .2.3[0000—0001—5260—5181]
Claus Stadlerl,?,S[0000—0001—9948:6458] Johannes Frey!:2 3[0000 0003—3127—0815]
Norman Radtkel.2[[]0()()—00()1—9155—392{1] Kurt Junghanns® ,2[0000—0003—1337— 2770]
Roy Meissner2-3[0000-0003—4193-8209] " iordian Dziwis!0000—0002-9592—418X] '
Kirill Bulert!:2[0000—-0002—1459—3754] and Michael Martin!+20000—0003—0762— 8688]

! InfAl e.V. Leipzig, Germany, 1pmeyer@infai.org, https://www.infai.org
2 AKSW research group, https://aksw.org

3 Leipzig University, Germany, https://www.uni-leipzig.dé

syntactically correct 5/5 5/5 4.4 Knowledge Extraction from Fact Sheets

plausible query structure 4/5 3/5

pn-:»ducmg CO“,eCt result - 3/'_) 2/:) As an experiment to evaluate knowledge extraction capabilities, we used PDF
using only defined classes and propt.‘.rhes {/3 4/5 fact sheets of 3D printer specifications from different additive manufacturing
correct usage of classes and properties 5/5 5/5 (AM) vendor websites. The goal is to build a KG about existing 3D printers
correct prefix for the graph 5/5 4/5 and their type as well as capabilities. We fed plaintext excerpts (bxlrn('led via

pdfplumber) from these PDFs into ChatGPT-3 and prompted it to:
ChatGPT-3 ChatGPT-4

syntactically correct 5/5 5/5

plausible query structure 2/5 4/5 Prunlp_t 5: Convert the following $$vendor$$ 3d printer specification
producing correct result 0/5 0/5 into a JSON_LD formatted Knowledge Graph. The node for this KG should
using only defined classes and properties 1/5 3/5 be l—‘ri.ntor as a main podr. Ty!)(\ :).f 3d printer sucl.l as FDM, SLA, and SLS,
correct usage of classes and properties 0/5 3/5 Manufacturer, Material, Applications, and Technique.

correct prefix for mondial graph 0/5 1/5

HREER:
1. EFLLIMEFIRTEEBRLHKREN,;

2. AXHISLIETTFEIR, &&MELEIR, B3t
iR, tbalDeepKE-LLM/KnowlLM, TechGPT;

B

— Assistance in knowledge graph usage:
e Generate SPARQL queries from natural language questions (related ex-
periment in Section dd and Section 4.3)
e Exploration and summarization of existing knowledge graphs (related
experiment in Section [4.3)
e Conversion of competency questions to SPARQL queries
e Code generation or configuration of tool(chain)s for data pipelines

—| Assistance in knowledge graph construction

e Populating knowledge graphs (related experiment in Section [4.4) and
vice versa

e Creation or enrichment of knowledge graph schemas / ontologies

e Get hints for problematic graph design by analysing ChatGPT usages
problems with a knowledge graph

e Semantic search for concepts or properties defined in other already ex-
isting knowledge graphs

e Creation and adjustment of knowledge graphs based on competency
questions
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InstructUIE: Multi-task Instruction Tuning for Unified

Information Extraction:

https://github.com/BeyonderXX/InstructUIE

SO .

InstructUIE: Multi-task Instruction Tuning for Unified Information
Extraction

Xiao Wang**, Weikang Zhou**, Can Zu*, Han Xia*, Tianze Chen*,
Yuansen Zhang*, Rui Zheng*, Junjie Ye*, Qi Zhang*', Tao Gui* f,
Jihua Kang®, Jingsheng Yang®, Siyuan Li*, Chunsai Du®,

* School of Computer Science, Fudan University, Shanghai, China
* Institute of Modern Languages and Linguistics, Fudan University, Shanghai, China
* ByteDance Inc.

{xiao_wang2@,qz, tgui}@fudan.edu.cn

SIN—METSESESCRILIE—ERIRIIER, BAInstructUIE, KBIMESEHRIAN
— 1 BERESENITR. WTRED, RITTHEAMES, EREESIEREARES, 7
RS ARERESE RIS EAR B ERILIR.

e, BESG

{RBVEEE

EHTFlan TSHATIESHA,

GRIESREUBAES

RV Rk B RS A AR M AYSREY

CoNLL 2003
ACE 2005

Ontonotes

Please list all entity words in the text...
Option: location, person, organization, else
Text: Tom have training in a whole variety
o1 ditrerent missions

Answer:

[ CoNLL2004 |
SCiERC

RE NYT 11

Zero-Shot Evaluation

Find the phrases in the following sentence...
Option: used for, part of, compare...

Text: It has also been studied in the frame
work of Japanese information extraction
Answer:

Extract the event information in the text...
Option: Event type: phishing, databreach...
Arguments type: time, purpose...

Text: Next time | will publish database
Answer:

Mit-Movie

I

Multi-Task Instruction Tuning

(Tom, person)

LLM (Japanese information
extraction, used for, it)

T
I

I

I

I (type: databreach,
: trigger: will push,
: time : Next time)
I
|
I
|

| answer
L ————p(Bocchi the Rock, title)

Instruction example:

{
"RE™y [
{"instruction_type": "zero-shot", "instruction": "Given a phrase that describes the
two words, extract the words and the lexical relationship between them.
The output format should be :[(wordl, relation, word2)]. \n"},
1,

"NER": [
{"instruction_type": "zero-shot", "instruction": "Please list all entity words in t|
fit the category.Output format is [(wordl, typel), (word2, type2))]. \n"},

1,

"EE": [
{"instruction_type": "zero-shot", "instruction": "Extract the event information in -
and return them in the event list. \n"}

]
3
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ChatlE: Zero-Shot Information Extraction via Chatting with

ChatGPT

https://github.com/zjunlp/DeepKE/tree/main/example/lim

%;uzk

%J%DE#TEEHXE%, HATMES

TERIEZRRIZ 40 Ilﬂ”illﬂu (Chat IE) EIIHIESLARRER=7THMEN.
R

T B prompt-pattern, ZHSHHEX

Zero-Shot Information Extraction via Chatting with ChatGPT

Xiang Wei', Xingyu Cui', Ning Cheng', Xiaobin Wang?, Xin Zhang, Shen Huang?,
Pengjun Xie?, Jinan Xu', Yufeng Chen', Meishan Zhang, Yong Jiang?, and Wenjuan Han'
! Beijing Jiaotong University, Beijing, China
2 DAMO Academy. Alibaba Group, China

CALE,

sentence: (#RA7% 1K 0iT) A1990F AL 7 Lukay b B A|F
WERRMF, FH I

o R ]

“My Love Diary” is a Chinese TV series released in Beijing in 1990,
directed by Wu Tiange and starred by Su Jin and Sun Sihan.

_—
==

NER RE

(Adh, HE)
. (Person, Location)

P

«”

I % 098 F % : "sentence"n\n%:
AN TR, Tﬁﬁ"’é‘l"’ﬂl‘%—‘éé‘?#/%f/iﬁ“%&?

RS K FFARET R

(bmnbr, i)

[...]\n\n & ) )
(Release-Time, Director)

|=

The given sentence is: "sentext” \n\n given the list of entity/relation/event types:
[...] \n\nWhat entity/relation/event types might be included in this sentence? ...

O &dr A- L)

(Product Behavior-Release)

(409 %1 842, 19904F)

(My Love Diary, 1990)

ARdEES 2 65 8 F, BAF R LY
A (HHES, BH) Lz Eéx @
A% EeerE, iRk os 4 gk = =

According to the given sentence, the type of two entities
are (Film-TV-works, Date) and the relation between
them is Release-Time, please find the two entities...

= = &%
Beijing

relation: _Emkit i, subject: % &9 % i B 12, subject_type: ##L1E &, object: <1990-F,
4L >, object_type: < H H, 3 5>

I [ AR A6 LB AT

Where is My Love Diory released?

relation: Release-Time, subject: My Love Diary, subject_type: Film-TV-works, object:
<1990, Beijing>, object_type: <Date, Location>

RAd R A TP RAAAST | 2y s (RRXK, 738, 5028
21k a % {Wu Tiange, Su Jin, Sun Sihan)

Please identify the entities of type

"Person" in the given sentence...

A (R R K, #IE, IS hext

Person: (Wu Tiange, Su Jin, Sun Sihan)

iR Al R 8 F P LS A (MR, | e 2 (1990, &, fieyf i A i)
bmk, bRt eyt L. * (1990, NONE, My Love Diary)
Please identify the corresponding contents to the role of the argument in

|
|
! the given sentence as (time, release-party, released-film-and-television) next
| e

|

I

i

AaafyA- o (50 19904, e £, Eoegil A6 &4 d )

PBR: {time: 1990, release-party: NONE, released-film-and-televison: My Lave Diary)

ChatIE

ChatlE (Zero-Shot Information Extraction via Lhalting with ChatGPT) is a
open-source and powerful IE tool. Enhanced by ChatGPT and prompting, it
aims to automatically extract structured information from a raw sentence
and make a valuable in-depth analysis of the input sentence. We support

the following functions:

RE entity-relation joint extraction
NER named entity recoginzation
EE event extraction

O Chinese ® English
O RE® NER O EE

[ Input sentence... ]

re/neriee type list; like {'singer['song’,'person’}/[LOC/{Divorce’[Person’, Time''Place’}

[ Enter your OpenAl access token. ]

[

Clear }
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CodeKGC: Code Language Model for Generative

Knowledge Graph Construction:
https://github.com/zjunlp/DeepKE/tree/main/example/lim

Knowledge Graph Construction

ZHEN BI" and JING CHEN", Zhejiang University, China
YINUO JIANG, Zhejiang University, China

FEIYU XIONG, Alibaba Group, China

WEI GUO, Alibaba Group, China

HUAJUN CHEN, Zhejiang University, China

NINGYU ZHANGT, Zhejiang University, China

CodeKGC: Code Language Model for Generative

AR H—MET CodeflZzUFITHEKGRTET CodeKGC, RIS ERTA
IRENE, {FText2KGEELAText2Codeja)d, FALLMXSTFCoderIRANEEN, (FELLM
BETS TR S A FRRIAIIR AR £5{S B FRTAIIRIHEN.

S T

Schema Prompt In-context Prompts

class Rel:
def __init_ (self, name: str):
self.name = name

wen w5 decision-makers should understand that the signals they send today
will have major ramifications for the Israeli approach to the Arrow program ,
" says Marvin Feuerwerger in a 1991 study for the Washingten Institute for
Near East Policy .

class Entity: basg. .
def _init_ (self, name: str): [ definifion Rationales (optional)
self.name = name # The candidate relations in this sentences
# Rel(‘Work for‘)
oo see # The candidate entities in this sentences

# organization('washington Institute for Near East Policy’)

class Work_for(Rel): B
=" extract = Extract([
def __init_ (self, name: str): Triple(person(‘Marvin Feuerwerger®), Rel(“Work for®),
self.name = name organization('Washington Institute for Near East Policy’)),
class person(Entity):
def __init_ (self, name: str): ‘
super.__init__(name=name)

1

sz Task Prompt

i ti
class Triple: nformation
def __init_ (self, head, relation,|tail):
self.head = head

self.relation = relation
self.tail = tail

Very strong south winds accompanied the storm system , with 58-to 70-mph
wind gusts reported near Grande Isle and St. Albans , Vt. , blowing down
a large radio tower and causing several power outages .

Mode Output
# The candidate relations

class Extract: . 2
s ; 1(.)
def __init_ (self, triples): J R oo ot } rationale generahon

self.triples = triples Person(..)

extract = Extract([Triple( ., -, ), Triple( ., -, ), Triple(.)]}

Fig. 2. Overview of the proposed CodeKGC with code languages. The original natural language is converted
into code formats and then fed into the code language model which is guided by a specified task prompt.
We use schema-aware prompt to preserve the relations, properties, and constraints in the knowledge graph.
Inspired by [29], CodeKGC also utilizes an optional rationale-enhanced module as an intermediate reasoning
step in the in-context learning samples.

Fig. 1. Code language model for generative knowledge graph construction

@ ' mikhail belyaev” @ inister of war"

Re-structured by Code

mikhail alekseyevich belyaev (russian: ; december 23, 1863 - =
1918) was a russian general of the infantry, statesman, chief Progmmmmg
of staff of the imperial russian army from august 1, 1914 to Languages
august 10, 1916, and was the last minister of war of the e »
: . . class Extract:
russian empire from january 3, 1917 to february 28, 1917 def __init__ (self, triples: List[Triple] = [1): ;
self.triples = triples
Triple Relation # Structure Generation GPT- @
Date of = O P PernCee Mitgng'h, SuCwerk G, SRSCRN N/ COoDEX
death / \ . Entity =
\ P ket by, 3o g, St ) N
p/ \( e X Language Models
Allegiance
Position held l |
@ o Fanary 1918 C D

|understand complex structural informationlin natural language and we

The structure of code can help to

input into the language models.

esign structural code prompts as

U.S. decision—-makers should understand that the signals they
send today will have major ramifications for the Israeli
approach to the Arrow program , " says Marvin Feuerwerger in
a 1991 study for the Washington Institute for Near East
Policy.

Rationale as intermediate steps (optional)

Step 1 relation identification from text

# The candidate relations in this sentences
# person(‘Marvin Feuerwerger’)
# Rel(‘Work for')

Step 2 entitiy extraction with relations

# The candidate entities in this sentences
# person(‘Marvin Feuerwerger’)
# organization('Washington Institute for Near East Policy’)

Step 3 final result generation

extract = Extract([Triple(person(‘Marvin Feuerwerger'),
Rel( ‘Work for‘), organization('Washington Institute
for Near East Policy’))])



https://github.com/zjunlp/DeepKE/tree/main/example/llm/Event-Schema-Harvester
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KAPING:
https://arxiv.org/pdf/2306.04136.pdf

1RB ) FHRISER

EKGHERE S FHLIFHI=IT

BT =t EMaFRIEILE, Fit—EHEN=
J5ZH

BimitR=7cB{F N LT3, Y
prompt, HAZILLMe, FELREIHEE

Knowledge-Augmented Language Model Prompting
for Zero-Shot Knowledge Graph Question Answering

Jinheon Baek'*  Alham Fikri Aji? Amir Saffari’®
KAIST! MBZUAI®  Amazon®
jinheon.baek@kaist.ac.kr alham.fikri@mbzuai.ac.ae amsafari@amazon.com

(a) Language Model Prompting w/o Knowledge Augmentation

[Prompt]
Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

[Generated Answer]
Tarig Ali

(b) Knowledge-Augmented Language Model Prompting

4
Retrleval

[Prompt]
Below are the facts that might be relevant to answer the question: ;
(Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hill),
(Poseidon, cast member, Fergie)

Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

[Generated Answer]
Fergie

Figure 1: (a) For the input question in the prompt, the large
language model, GPT-3 (Brown et al., 2020), can generate
the answer based on its internal knowledge in parameters,
but hallucinates it which is highlighted in yellow. (b) Our
Knowledge-Augmented language model PrompTING (KAP-
ING) framework first retrieves the relevant facts in the knowl-
edge graph from the entities in the question, and then augments
them to the prompt, to generate the factually correct answer.
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Question: ---

Logical Form:
( ion Bi ]
((AND medicine.manufactured _drug (JOIN | Relation Binder | ‘L
medicine.manutfactured drug.shape Octagon))) 2-hop Constrained Relation: Domain-range - Generated Drafts
Prompts medicine.manufactured drug form.shape, Constrained Class: h 4
- = medicine.drug_form shape.drugs with this shape, Entity Binder
Question: The 2014 moonlit matinee film festival Entity Binder medicine.manufactured_drug_form.generic_drug, dici ctured d . v
is what instance? Surface Name: Octagon | | o o o e e e e e e e e e mm———— == medicine.manufactured_drug_form, 5 5
i . . . . cestT . . . . location.country, Relation Binder
Logical Form: (AND time.recurring_event Corresponding mids: medicine.manufactured drug form.available in, medicine.drg lecal status
(JOIN time.recurring_event.instances m.0ltnyl, medicine.drug legal status.country, dici .d - :g. - N . Execute A4
2014 Moonlit Matinee Film Festival)) medicine.drug_pregnancy category.country, me l.c‘¥ne. mg._\plegr.lancy_ca cgory:
0491 sxs. - medicine.medical_trial, Answer: 1 )
o Femmmmmm === Smmmmmm Candidates
Question: What manufactured drug have an medicine.manufactured drug form.available in,
_octagons shape? _ _ _ _ _ _ _ _ m.04clnlw, medicine.drug_pregnancy_category.country,
[§ Logical Form: — - medicine.drug_legal_status.country, . . X .
* drug (JOIN medicine. manufactured_drug.shape / Figure 1: Overview of KB-BINDER pipeline. There
_ ————————— j 7 are two primary stages in our method: 1) Generate the
(- - )
Final Candidat S : :
=) drafts as preliminary logical forms; 2) Bind the drafts
(AND medicine.manufactured_drug_form (JOIN medicine.manufactured_drug_form.shape m.01tnyl)), B . . . .
(AND medicine.manufactured_drug_form (JOIN (R medicine.manufactured_drug_form.shape) m.01ltnyl)), to the executable ones with entlty and relation binders
(AND location.country (JOIN medicine.manufactured drug form.available in m.0491sxs)), grounded on the knowledge base. The final answer can
(AND location.country (JOIN (R medicine.manufactured drug form.available in) m.0491sxs)), . . . .
be obtained after the execution of the final candidates.
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Factual Question

Of the teams John

Myskohus played for,
which was known as
the “Zebras"?

- -

:"Chain of Sub-Questions \', ;" Knowledge Base Query “: :” Query Response

i [ What team did John i [ SELECT 7entity WHERE 1 ! [@as3970

i | Nyskohus play for? i | {wd:Q31010518 wdt:P54 7entity} ¢+ | (Adelaide City Football Club)

! [ What team is known as | | i [ SELECT 7entity WHERE i i ((Q353970

i | the “Zebras"? ] | {?entity skos:altLabel "Zebras"@en} i+ | (Adelaide City Football Club)
e e e e e e o Query e e - R
T Generator [~

{ Query Model Training Model

2 ((ASK WHERE

| s it true that Jeff . ' .

| (e | {wd:Q174843 wdt:P106 wd:Q1804811} e o[l

| Chandl both Eq. 1

: phj;gz:hlr;,, ASK WHERE (wd:Q174843 wdtP106 wd:Q33231 ) (Ead)

H ’ Y, L .wd:Q1804811 wdt:P106 wd:Q33231}

Knowledge-Guided Answer

knowledge facts, the answer is:

% Based on the retrieved
Large Language Model
Adelaide City Football Club

Figure 2: Our proposed framework with the query model training process.

Question Standard

é { Newcastle United e

Chain of Thought & Self-Consistency

Of the teams
John Nyskohus

played for, which
was known as the
“Zebras"?

First, he played for football
team Odd Grenland.

é Second, Odd Grenland is
known as the “Zebras”.
Hence, the answer is Odd
Grenland.

@_ess than majority agreement
1. Chain of Sub-Questions

g ( First, we need to answer the following sub-questions:

What team did John Nyskohus play for?
\What team is known as the “Zebras™?

2. Knowledge Base Retrieval
-
@ (John Nyskohus, member of, Adelaide City Football Club)

(Adelaide City Football Club, also known as, Zebras)
AN S

3. Knowledge-Guided Inference

g Based on the retrieved knowledge facts, the answer is:
Adelaide City Football Club

Figure 1: An overview of our proposed framework.
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StructGPT:

https: //github.com/RUCAIBox/StructGPT
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&5, AR T StructGPTZEH,
Readlng then-Reasoning (IRR)EPk ﬁlﬁ_l

o

X FHlterative

Invoke: Exmract Neighbor Relations (Harper Lee)

Question: what highschool did harper lee go to?

The candidate relations: education ...
The question is ...

Provide only one relevant relation that's present
in the candidates ...

o

The relevant relation: education.

birthplace.

-HEEGE.

Return: [education ... birthplace]

Linearize: “‘education ... birthplace™

Invoke:

institution

Extract_Triples (Harper Lee, [education])

Question i Final Answer or Executable SQL

! KGQA Who is the wife of Jeff Probst? H i Lisa Ann Russell i

i TableQA what is the last stadium listed on this chart? E i DW i

! Text-to-SQL How many visitors below age 30 are there? : i SELECT count(*) FROM visitor WHERE age <30 |

!I Extract_Neighbor Relations(*Jeft Probst™) \: { “spouse, is_a” “, ,', ! or ' i

! i i ! ' : ' spouse |

E Extract Column Name(“Team” i i “Team,....Capacity” | ; i E i
: 3 - Name( ) i-i :ﬂ: LLM :-: Sadim =
E Extract Table&Column_Name(“mus_vis”) ! v Svisitor(*,ID,.. )57 ! ' i ' . i 1
Invoking \_ Linearization . Generation v
Semmmmmm e m— = f ----------------- N o e e e e e e e e e e - M . e e e = - D e 1
1 D)

—

output: [Team,Stadium,Capacity]

]nterfqes
xtract_Neighbor_Relations (e)

-
1

1

1

1

: @ >>> input: ENR(“Jeff Probst”)
| >

1

1

1

1

1

1

1

1

>> output: [spouse, is_a]
gxtracr_TripIes (e, {r})

Cg >=> input: ET(“Teff Probst™,[“spouse™])

- output: [(Jeff Probst,spouse,Lisa Ann Russell)]

Extract_Column_Name (T)
>>2> input: ECN(“Team”)

c?

Extract_Columms (T, {c})

> input: EC(“Team”,[*Stadium™])
=== output: [(Provident),....,(DW)]

Extract Table&Column_Name (D)

=>>> input: ETN(“mus_vis”)
>> output: [visit, visitor, museum]

Extract_SubTable (T, {c}, {i})

=== output: [(Provident),...,(DW)]

input: ES(“Team”,[“Stadium™],

[0.1, .._13])|

4

>>> input: ETI([“visitor™]])
=== output: [(visitor, (ID,...,Age), NULL

Extract_Tables_Infomration ({T})
)] I

Generate 1 ___________________________________________________________________________________________________ i
I
The triples are: (Harper Lce.-cducation‘. Return: ~ T A 1 Structured Data :
CVT _0) ... Based on these triples ... give me ((Harper Lee, education, CVT 0) ... | type TeyT gf institution : —_ —_ — — — I
the final answer entity. — residence education | (. 7 [S6 R O (- W U U :
You just need to provide only one answer entity. ~ Linearize: ) N E - ' ' KG | producer I Lisa Ann | Tuble DB visit Museum_ID—meseum.Museum_ID 1
@ If you think ... (Harper Lee, education, CVT_0); ... education : . ) Russell | visit.visitor ID—visitor.ID 1
type institution 1 . ya T - — !
A M County High School high Monroe 1 The Toit nominee Teff spouse Team Stadium Capacity visit Mus_ID ! Num_Ticket |[ visitor_ID ! Total_spent :
nswer: Monroe County High schoo school County I e Je i . Probst . s A
Generate I | Probst Show | : . v Bradford Bulls Provident 27,000 U | - | Level of mem | Age |— :
(a) Case of WebQSP (KGQA) e wa Is a producer visitor I I I 1 |
| - Li Y Mus ID | Name | Num Staff | Open Year :
) isa ) )
1 Talk | hosr Survwor Wigan Warriors oW 25,138 museum |
: show: — UOSU T X
I

Figure 1: The overview of the proposed iterative reading-then-reasoning approach. We design specialized inter-
faces for reading structured data, and iterate the invoking-linearization-generation procedure to utilize LLMs for
performing reasoning on the interfaces, until deriving the final answer or executable SQL.



I Incorporating KG via Prompting

PROMPTING

Nudging towards certain behavior.

Prompting

(Human

Prompt engineering to Prompting to learn new
demonstrate behavior behavior
Prompting is explicit Prompting is implicit and
subtle
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I Evolution of Knowledge Graph idea
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I History of Knowledge Graphs idea
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# Neuron connections in Human Brain ~ 100T
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I Performance against Explainability idea
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I Principle of GPT

Input

Output
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I History of Machine Learning idea

Deep Neural Network

(Pretraining)
Multi-layered m A

XOR Perceptron &
ADALINE (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)

Electronic Brain
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S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff G. Hinton - S. Ruslan
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» Weights are not Learned » Big computation, local optima and overfitting * Kernel function: Human Intervention
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