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What is Knowledge?

The information, understanding, and skills that you gain through education or experience.

—— Oxford Dictionary

» The ability to learn and apply knowledge is the fundamental ability to

determine whether artificial intelligence has human intelligence

* The following can be considered as knowledge
« Fact knowledge: China is a country
* Description of information: text or image

« Skills obtained by practice: skill to open a bottle

« Knowledge Base (KB): a collection of knowledge, including documents,

images, triples, rules or parameters of neural networks, etc.



Knowledge Graph

A knowledge graph (KG) is a data structure for representing knowledge using a graph

* Nodes in the graph can be either entities or literals

« Edges are relations between entities and entities or literals oﬁ?
DBpedia
« Semantics of KG is based on ontology languages such as RDFS! or OWL?
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KG as Knowledge Base

KG as a World Model
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Embeddings : Distributed Vector Representation

* Text : Learn a vector of each word in a sentence
* KG: Learn a vector for each entity or property
» Image/Video : Learn a vector for each visual object
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What is Language Model?

Calculate the probability of a word sequence:

P(erWZJ--')Wn) — P(Wl) X P(W2|W1) XX P(Wnlwl;

« Transformer, a most popular neural network;
e Encoder — Decoder architecture;

« Attention Mechanism;
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Pre-training & Large Language Model

Pre-training

Train the model (Transformer) on a generic large-scale dataset to learn some fundamental,
common features or patterns.

Casual Language Model
. Pre-training 00000 e

~ [ } ______ Training i
| Transformer Object i

—_—_— e —

Large Language Model (LLM)
As the number of parameters gradually increases, when it reaches a

certain scale (typically over one billion), it is referred to as an LLM.

[ Pre-trained LM } _________ LLM As the scale of model increases, the

ELMo (94M), BERT (340M) ... performance of the model
GPT-3 (175B),Llama 2 (70B) ... significantly improves!




LLM as Knowledge Base

 An LLM is a parametric knowledge base

Memory Query Answer

(DANTE, born-in, X)
4 Y
Symbolic KB

Memory Access

KB DANTE

born-in

—p F'LORENCE

FLORENCE

“Dante was born in [MASK].”
> 4 VY )

Neural LM

S —
Memory Access Florence

LM
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KG vs LLM: Reasoning Capability Comparison

LLM Reasoning

» Code Pre-training: enhance LLM

reasoning during training

« Prompt Engineering: eliciting LLM KG Reasoning
reasoning during inference LLM Reason'ng Graph computing
zero-shot prompting Rule-based reasoning
Few-shot prompting Ontology reasonin
KG Reasoning : : = -
CoT prompting Spatial-temporal

« Graph computing Instruction reasoning

. KG embedding/GNN
* Rule-based reasoning

* Ontology reasoning
* Spatial-temporal reasoning

 KG embedding/GNN
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KG for LLM: Pre-training

* Designing pre-training objective to incorporate KG components

* Integrate KG with text as LLM training input

Text Representations Text-!(nowledge Knowledge Qraph
Alignhment Representations
- =
- - . - -~ - > il a
m | (B | (B | [ B he { he, J [ he,
1t 1t 1 1 t
LLMs

- f 1t 1 1 1 ‘*
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Bob | Dylan |wrote blowin 1962
Dylan

Text Sequence Entitiy

Input Text: Bob Dylan wrote Blowin’ in the Wind in 1962

Aligned Pre-training Object (ERNIE ...)

Text Graph

Mask Text Mask Entity Mr.
o letter .
Prediction Prediction Bennet

T A
y

LLMs

-y

o

) | ) 1 T 1

.- [MASK] Mother .- [MASK]
Darcy )

~

Text Entity
Sequence Sequence
r—

Input Text: Mr. Darcy gives Elizabeth a letter

Combined Training Input (CoLake...)
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KG for LLM: Pre-training

* Integrating KGs into additional fusion modules

Output: Context Representation Entity Representation

Pretrain . A Pretrain
1\_4/_]

Y

. - Language Model 2
Masked entity prediction: guag Entity category prediction:
Earth —» Q2: Earth ’3) Graph Q2: Earth - C10: Planet
- - - Convolution
Masked token prediction: Information Fusion Relation type prediction:
Network
[MASK] — source (Q2: Earth, Q544: Solar System) — P361: part_of

@D Entity Context
Embedding Memory
@
Tied
Language Model 1~ ---------- { Language Model 1 ] _ support.
Input: T | 'b'ér-t;q_f

Sun is the most important [MASK] | Text Entity Description Text KG category :
of energy for life on Earth. f' Q544: Solar
The Sun is the star at the J Earth is the third System
Star

center of the Solar System... || planet from the Sun...

Fused module (JAKET ...)

12



KG for LLM: KG as Prompt

 Knowledge graphs are directly utilized by LLMs as prompts without training

(b) Knowledge-Augmented Language Model Prompting
Know|edge Graph Has_part Q: Where d'-d the author Of A: UniverSity
Group or Pet Sematary go to college? — of Maine
P . d Cast member F . . Has part . 5\
ergie Eyed Peas \‘I rP—et\ Author rStep—hen\ LLM for QA B -
) / Sematary King V. Density
[Prompt] Retrieval  Soeen Clarity
Below are the facts that might be relevant to answer the question: ;’ Pet writer Jeff \ 4
(Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hill), —p .
(Poseidon, cast member, Fergie) ! Sematary Buhler S: The author of Pet.
Question: Which member of Black Eyed Peas appeared in Poseidon? @f : £ Sematary, Stephen ng,
: luca-
Answer: (Stephen ) s [ University was edycated ajt the
K King — | of Maine University of Maine ...
[Generated Answer] G — N
Fergie
KAPING EFSum
Retrieve subgraph triples as prompt Summarize the related triples
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KG for LLM: KG as Prompt

+ Experimental results of KAPING

Table 1: Main results of language model prompting, where we report the generation accuracy. The number inside the
parentheses in the first row denotes the parameter size of language models, and best scores are emphasized in bold.

Datasets Methods T5s8) T5@3B T511B) OPT@278 OPT®678 OPT@3B TO0@3B TOmB) GPT-36.78) GPT-3(175B) AlexaTM (20B) Average
No Knowledge 6.95 13.40 9.48 19.85 29.77 28.38 21.43 40.77 44.63 63.59 46.79 29.55
Random Knowledge 21.55 19.15 17.57 28.07 31.73 33.31 32.62 51.20 51.01 65.87 57.37 37.22
WebQSP Popular Knowledge 1530 1688  18.39 28.32 28.13 2421 27.05  47.22 45.58 62.26 54.91 33.48
w/ Freebase  Geperated Knowledge 6.19 7.84 6.76 7.46 11.50 8.22 19.41 38.81 45.89 62.14 35.13 22.67
KAPING (Ours) 34.70 2541 24.91 41.09 43.93 40.20 52.28 62.85 60.37 73.89 67.67 47.94
No Knowledge 10.30 18.42 15.21 23.94 33.77 32.40 24.56 44.20 48.50 67.60 42.41 32.85
Random Knowledge 17.94 2278 24.28 37.24 35.61 38.27 28.85 47.68 52.05 60.64 55.63 38.27
WEbQS_P Popular Knowledge 15.35 20.80 20.74 30.83 30.01 27.83 24.83 48.02 4741 63.37 53.92 34.83
w/ Wikidata  Geperated Knowledge 11.94 13.30 12.28 11.26 17.53 14.19 22.92 41.34 48.77 65.89 31.16 26.42
KAPING (Ours) 23.67 40.38 35.47 49.52 53.34 51.57 49.86 58.73 60.44 69.58 65.04 50.69
No Knowledge 11.23 14.25 17.06 19.76 27.19 26.83 14.75 23.74 34.65 56.33 41.97 26.16
. Random Knowledge 17.59 18.19 18.83 28.11 26.58 28.36 16.10 26.15 32.98 51.56 46.02 28.22
Mmt?k_a Popular Knowledge 17.56 18.09 18.73 26.97 27.08 23.10 16.74 27.15 3248 53.16 46.41 27.95
w/ Wikidata  Geperated Knowledge 13.61 14.61 14.29 11.87 14.96 16.24 14.46 23.13 33.12 55.65 34.58 22.41

KAPING (Ours) 19.72 22.00 22.85 32.94 32.37 33.37 20.68 29.50 35.61 56.86 49.08 32.27

o ¢



KG for LLM: KG as Prompt

* Experimental results of EFSUM

GPT-3.5-turbo Flan-T5-XL Llama2-7B-Chat

Random Popular MPNet Random Popular MPNet Random Popular MPNet

Datasets Methods

No knowledge 0.506 0.506 0506 0409 0409 0409 0539 0539 0.539

KAPING (Bacek et al., 2023a) 0.441 0.437 0.538 0.297 0329 0.439 0.476 0.490 0.519
KG2Text (Ribeiro et al., 2021) 0.469 0.468 0476 0317 0.276 0321 0465 0.451 0.481

WebQSP  p ewrite (Wu et al., 2023) 0473 0445 0525 0323 0348 0431 0458 0.439 0511
EFSUM,yyompt (Ours) 0542 0534 0538 0443 0442 0468 0477 0472 0491
EFSUM g5 (Ours) 0475 0.539 0569 0500 0505 0500 0457 0.488 0497
No knowledge 0.540 0540 0540 0228 0228 0228 0440 0440 0.440

KAPING (Back et al., 2023a) 0.553 0.516 0.539 0.201 0.198 0.279 0.417 0.398 0.407

. KG2Text (Ribeiro et al., 2021) 0.505 0.500 0.492 0.220 0.235 0.234 0.421 0.3890 0.378
Mintaka

Rewrite (Wu et al., 2023) 0.527 0524 0515 0.230 0.224 0.288 0.393 0.374 0.386
EFSUMpromypt (Ours) 0454 0492 0496 0213 0215 0321 039 0392 0418
EFSUMg;stin (Ours) 0427 0425 0474 0292 0243 0.338 0.397 0.393 0.406

Table 2: QA accuracy of the LLMs based on various fact verbalization, with different fact retrieval strategies
(i.e., random facts, popular facts, and question-relevant facts). We limit the maximum token length of contextual
knowledge to L = 400. The best and second-best results are in bold and underlined, respectively.
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KG for LLM: KG-to-text Prompt

* Transform KG knowledge into well-textualized statements most informative

1. Subgraph Extraction

Retrieve-then-Answer

Retrieve-Rewrite-Answer

Question :!What is the zip_code of China's capital? :l—-
Retrieval %@
Method Knowledge Graph
(T T T ST e LT oTTTTTTT \
x i (China, capital, Beijing) !
Retrieve 1 (Beijing, zip_code, 100000) E
Zero-Shot Question-Answering Model <
Answer © 400000 :

What is the zip_code of China's capital? ‘:-

Retrieval gﬁg

Method Knowledge Graph

" (China, capital, Beijing)
(Beijing, zip_code, 100000)

'
]
1

Question

Retrieve

-

KG-to-Text Model

________________ Lo

1 China's capital is Beijing, and
i Beijing's zip code is 100000.

Rewrite

[Question] What is the zip code of the capital of China?

capital ... \Zip_code
Beijing)}— 100000

[Subgraph]

2. Text Generation

[Triple-form Text] (China, capital, Beijing) (Beijing, zip_code, 100000)

)

[Free-form Text] China's capital is Beijing, and Beijing’s zip code is 100000.

Graph-Text Transformation
by ChatGPT

3. Quality Evaluation

Answer !

__________________________________

[KG-augmented Prompt]

Below are the facts that might be relevant to answer the question:
China's capital is Beijing, and Beijing's zip code is 100000.
Question: What is the zip_code of China's capital?

Answer:

g Answer Generation by
Question-Answering LLM

[Answer] The zip code of China's capital, Beijing, is 100000. ‘/
[Groundtruth] 100000

v X

Abandon

[KG-to-Text Corpus]
Triple-form Text: (China, capital, Beijing) (Beijing, zip_code, 100000)
Free-form Text: The zip code of China's capital, Beijing, is 100000.

16




KG for LLM: Enhanced LLM Reasoning

o ¢

 Knowledge graph prompting for LLM reasoning on multi-documents

Structure-based Question

| Q: What is it talking about on Page 17 |

Structural Extraction Structural Node :qfa_lfll____.
/15

v

¥

S;: Current arrangement
by Alf Clausen was
introduced at the
beginning of season3

S,: Clausen moved to
Los Angeles, California
in 1967 in search of
television work.

arrangement and moved to Los Angeles

[A: Alf Clausen created the current]

[

(
/

Seeding Node

Content-based Question

Q: In what year was creator of the current arrangement |
_of Simpson's Theme born?

vy

1 1

S;: Current arrangement by Alf Clausen was introduced |
at the beginning of season3

Instruction: Whatevidence do we need to
answer the question given the current evidence?

Input: Which magazine was started first
Arthur's Magazine or First for Women? Arthur's
Magazine (1844-1846) was an American literary
periodical published in Philadelphia in the 19th
century.

'

¥

S,: Alf Heiberg Clausen | S,: Clausen moved to Los
(born March 28, 1941) is an | Angeles, California in 1967

Output: First for Women is a woman's
magazine published by Bauer Media Group in
the USA. The magazine was started in 1989.

Reason Fine-tune
ﬂ . . _

-
Generate

American film composer. in search of television work.
‘ »
) Sentence Node [_| Table Node =
C l Match
\ PageNode «—» Common S
keyword or 2 4 .
Sentence ( A: March 28,1941 |
Similarity

S;: AIf Clausen (born April 16, 1941) is an
American composer of film and television scores.
He is best known for his work on "The Simpsons",

Knowledge graph prompting (KGP)

For questions on document content, concatenate it with the currently retrieved context and prompt the LLM to

generate the next evidence to answer the question.

17




KG for LLM: Enhanced LLM Reasoning

* Experimental results of KGP

Method HotpotQA IIRC 2WikiM QA MuSiQue PDF-T Rank
Acc EM F1 Acc EM F1 Acc EM F1 Acc EM F1 | Struct-EM | w PDF-T w/o PDF-T

None 41.80 19.00 30.50 | 19.50 8.60 13.17 44.40 18.60 25.07 | 3040 4.60 10.58 0.00 8.53 9.00
KNN 71.57 40.73 5797 |43.82 25.15 37.24 5240 31.20 42.13 |44.70 18.86 30.04 — 7.00 7.33
TF-IDF | 76.64 4597 64.64 | 47.47 27.22 40.80|58.40 34.60 44.50 | 44.40 21.59 32.50 — 4.85 5.00
BM25 7195 4146 59.73 |41.93 2348 35.55|55.80 30.80 40.55|44.47 21.11 31.15 — 6.92 125
DPR 73.43 43.61 62.11 48.11 26.89 41.85|62.40 35.60 51.10|44.27 20.32 31.64 — 5.31 5.50
MDR 75.30 45.55 65.16|50.84 27.52 43.47 | 63.00 36.00 52.44 |48.39 23.49 37.03 - 3.07 3.08
IRCoT |74.36 4529 64.12 (49.78 27.73 41.65|61.81 37.75 50.17 | 45.14 22.46 34.21 — 4.00 4.08
KGP-T5 | 76.53 46.51 66.77 | 48.28 26.94 41.54 | 63.50 39.80 53.50 | 50.92 27.90 41.19 67.00 2.69 275
Golden oZ. 1Y JU.ZU [J1.U6 | 62.68 35.04 J4./0 | /2.60U0 40.20 2J5Y.6Y | 5/.0U0 30.00 4/./> 100.0U0 1.U0 1.U0

Table 1: MD-QA Performance (%) of different baselines. The best and runner-up are in bold and underlined. None: no passages
but only the question is provided. Golden: supporting facts are provided along with the question. PDF-T stands for PDFTriage.

Knowledge graph prompting (KGP)
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KG for LLM: Enhanced RAG

--- Step 1: Indexing

all bad canada

album™ X

i fustin g ) jf:'rf:rny natlonilty
bieber bleber children_,

; \ Y jaxon
' ibli bieber
; professionSIblmg\ /sibling/ v .
: gender—edge attributes
' m.Ogxnnwp
; record 1
' producer L

Question: What is the name

of justin bieber brother?

Vi, = argtopk .y cos (24, 2n)
E}, = argtopk, . cos (zg, 2e)

justin bieber, this is justin bieber, jeremy bieber,

justin bieber fan club, justin ...

sibling, sibling_s, hangout, friendship, friend ...

E % frozen
E @ trainable

l jaxonl Ibicberl
K K
¥ A

N

LLM
" Attention Layers)

-

| T

, 1
O

1 1
]

1 1
L

o v 1

L)
r 1

L
T 1

node_id, node attr™)
15, justin bieber

294, jaxon bieber
356, jeremy bieber

551, m.Ogxnnwp _J

o ¢

\ nodes of S~

src, edge attr, dst
294, parents, 356 .
356, children, 15 edges of 5

551, sibling, 294

551, sibling, 15 _J

Question: What is th

€ name

of justin bieber brother?

Answer:

argmax Z prize(n) + Z prize(e) — cost(S)

eclyg

________________________________________

Prize-Collecting Steiner Tree (PCST)

~ ‘E Projection I LLM *
: :gaph Encoderl (Text Embedder)
S* = (r*,E*) textualize(S™) query ¢
. ! jeremy S* =
justin - __parent—> bieber sca 7
bieber . Sis connected " *
- children
snblmg\
m.0gxnnwp —sibling——» Jbiil:l::r
-------------------------------------- Step 3: Subgraph Construction
G-retriever
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KG for LLM: Enhanced RAG

Knowledge Graph Construction

. .
[ ] RAG On [< G ls more 11 I< el Ticket Ticket Ticket CLONE_FROM Ticket Questit:m_tlzl‘llery(::I Eow to reproduce thehissue where l(.jls:r saw "csv uEand error in updating l
’ 5 ENT-1744 ENT-3547 PORT-133061 ENT-22970 user email" and has major priority that was caused by data issue?

N J - @ Entity DEtECtiﬂ"l@ @Intent Classification| @&
Y b

to capture intra-question @i Ouumucet | g ) Y
c‘?"ni":t:!-:nEBR Lreepats ng Summary: "CSV upload error in Priority: Root Cause: Intent: "Steps to
! i::ilzit) , updating user email" "Major" "Data Issue" Reproduce"

e o 1 I
® Embeddinq-bésed Retrieval @ Filtering @Filtering @ Question Intent
I I ] ]
: ;

structure and inter- !

l'r ' I
) Graph Database J : ;
. 1 . h L | {7 interticket connections ¢ 1T T S intraticket tree represeatation /T
i H : ra ’
t t | - '
question relationships | o, e GEEE ) .

"csv upload error, e CSV upload error, R4 P P
! : updating user email" : i CLONE_TO updating user email R ,,’ R

i ’ ’ 4

i P ,” ,',’

HE ” s ’,
L e @ o : ISIMILAR_TO il HAS_COMMENTS s’
H H L ’ ’

. . . : , ,f !, \
a) Build an KG from historical e — P : ; .

i : 1 ‘| ["user-1":"Do we know how

HTTP POST csv upload

]

; | these duplicated profiles
T AS_IMPACT_AREA | | got created?",

L e
HAS_ROOT_CAUSE ! | huser-2: "cleaned up 228

hJ - g :
I | duplicate profiles,
(Data Issue) StrategicD: resolved",
1
1

-~

error-internal error : S;IMILARiTD I

re Cords . 2 HAS_DESCRIPTION

’ : ¢ | "CsV upload error, A

HAS_PRIORITY

]
|/

updating user email"

b) Parsing consumer queries to

"user-1": "thanks, ticket

d f d .. d : Ticket ENT-3547 P ! | closed"]
H : Learning 'upload csv' I HAS_ISSUE_DESCRIPTION HAS_STEPS_TO_REPRODUCE
identily named entities an e Learming P 2 - 0OUCE  }
. . . . : i i [ "admin seeing several errors when Refer to the CSV: https://microsoft.sharepoint.com/xxx: 1. Open the
| : : i | attempting update of user emails on Dashboard ID xxxxx; 2. Click on Instances > Profile; 3. Search for
lntents- then na—VIgateS Wlthln the i : e o . ¢ 1 | dashboard ID "xxxxxxxxx'. Total users from the CSV file and note that there are 2 p;ofiles exist,
i : ¢ ¢ | number of users affected ~'yyy'." )

KG to identify related sub-graphs [ ... e
H P ®"Answer Generation @

Final Answer: based on the ticket ENT-22970, the steps to reproduce the issue is "1. Refer
to the CSV: https://microsoft.sharepoint.com/xxx 2. Open the Dashboard ID xxxxxxxxx 3.
Click on Instances > Profile 4. Search for users from the cSv file and note that there are
2 profiles that come up.

—

. i Text-embedding Generation
for generating answers O vy v

Vector Database
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KG for LLM: Enhanced ICL

KG can help retrieve high-correlated demonstrations during inference for In-Context

Learning (ICL). ConsistNER

Stage #1: Pre-recognition I Stage #2: Sentence-specific Demonstration Retrieval 1 Stage #3: Execution
R B 'y _ . - — e
Instruction: } (_ D 1 Step #1: Ontology-based Demonstration Filtering B dataset.specific |
:Identify the entities expressed by each il o BoO,4:5, 710, ..] OD; train =10.000, 0.000, >~ Candidate Set C; idemonstrations § |
isentence, then locate each entity to words ! |+ % Bo0O? . =0, ] ODtmm [0.000, 0.000, ) oee - : =z 43- 76 times
iin sentence. The possible entity types are : B BoOfmm [0, ] ODtmm [0.000, 0.000, , ...] |Overlap? e 5
e TFEN =F , _...................................'::'f'.'.".':.".:.'.::.::.::.!:.:.'.::.::.::.::.:.'.i
[GPE’E‘EBT’ ........ s ’] ............................. ‘. 8 1 - i Annotate,

1 A Bo0},..;=[1,0,2, ...10D,,,;=[0.077, 0.000, i or iInstruction:

vD. T : : :I {ldentify the entities expressed by each
Pre-recognized Training Set D: T/ e el Step#ZContext-based Demonstlatl onRetneval :I gsentence then locate each entity to :
#1: So I wish you all the best of luck. I Encoder Prototype 880.. tmm.. ) . E. iwords in sentence. Thevposqible entity:
#2: Now it is looking more likely to spill || /7oy gy gy T s s H 1y itypes are [GPE, EVENT, DATE, ..] ;
nto the ik m'get.... ... mm.. ...... .. ‘(" i ' iSupport SetS: € --~-- : i
. e e 4 May you meet with good fortune and
prosperity in the ! I Target-level Attention i Train-level Attention } , 'y iprosperity in the New Year! :
...... : GPE 88 i Hirin - '_,'gjgtgain | TNew Year, EVENT)]

SR e 8000 000 .00 00 -
Pl_e'l ecognized Target Sentence Set 'T‘ pl 1% o Eenlennidoidon NEwyeme, = o 10 EE e B o .e,:::,': ,,,,, /|1 iInput: [ thank my London friends and
Sl e T T it evryone a Fappy New Yo
eyeyonca HApDy ew xear. . g\ Siaal ) o LT T e T NS
il o s et

...... : \m"get") AS(OD)"'(I)S(EAC) demonstrations Cy j [(London, GPE), (New Year, EVEI\T)]
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KG for LLM: Instruction Construction

 KG can guide the construction of instruction datasets.

Knowledge to Instruction e —

g . family .

(@) gg?) (b) (éi‘?:?l) ( MRCPGVSLWG ) l ( leptin . )
E function Triple i

v

|
|
Seed Task oo Instruction | Raw Document oo Instruction MRCPGVSLWG hormone activity
‘g‘ | ‘g‘ - X
= = 2
|
I

___________________________ 'g;;:g) - — . Instruction: I would like a protein.
(C) Knowledge Graph é—; (Output) H®dP g 1; Input: It enables hormone activity.
i A e (o) : eac Freciction  output: MHWGTLC...
Raw Document with KCM 4 ° Instruction P
/’| B % " Prop. Dist. hT @ Instruction: I wonder the function.
=| —> &7 ,ﬂ\ \\/ : > — Input: MHWGTLC...
\\,‘7 Debiased Sampler KG Completion Tail Prediction  gutput: Hormone activity.

r 2 Instruction: MHWGTLC...

h t ¢ Does the protein enable hormone activity?
Using an LLM cooperated with KG completion tasks, to generate Triple  Inpuf: None

Classification Output: Since it is in the leptin family,
factual, logical, and diverse instructions. 3 the answer is yes. ,
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KG for LLM: Knowledge Fusion

 LLM provides internal knowledge through its parameters, while the KG provides

external knowledge.

LLM ® KG
“Think”, - “Think, _ . .
Looking for The most relevant one is (Canberra, The most relevant one is (Australia, | know that Anthony Albanese is from
triples related capital of, Australia). Information not prime minister, Anthony Albanese). “Think” |Labor Party.
to Canberra enough for answering the question. Enough information is collected for
\ Looking for triples related to Australia p—— answering this question.
On graph On graph LLM-inherent&knowledge : ‘LConclude
"""""""""""""""" ~ rFoTTTEEEEEEE ST """""""""l""‘
| (.., — :' has been leader of !
! / \ pri ini | I the Australian Labor .
> Australia Rrime minister p :I‘Eth‘:’"y reeees Party (ALP) since \ | The answer is Labor Party
:\ \ N () ,: | anese et Sl :

e e o e o

Think-on-Graph (ToG)
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KG for LLM: Knowledge Fusion

* Experimental results of TOG

Method Multi-Hop KBQA Single-Hop KBQA  Open-Domain QA Slot Filling Fact Checking
CWQ WebQSP GraillQA QALDI10-en  Simple Questions WebQuestions T-REx Zero-Shot RE Creak
Without external knowledge
IO prompt w/ChatGPT 37.6 63.3 294 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 29.6 453 18.9 50.3 41.8 454 90.8
With external knowledge
Prior FT SOTA 704> 82.1° 75.47 45.4° 85.8¢ 56.3¢ 87.7" 74.6° 88.2¢
Prior Prompting SOTA - 74.4% 53.2% - - - - - -
ToG-R (Ours) w/ChatGPT  58.9 75.8 56.4 48.6 45.4 532 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 82.6 814 53.8 66.7 579 77.1 88.3 95.6
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KG for LLM: Knowledge Editing

« Extracting updating knowledge from KG as In-Context Learning examples for

knowledge editing
X

»®

; The US Donald T
updating onald Trump

W,
Joe Biden
P e P e e o S BT SR T e e \
' X, Who is the president of the US? : Ye - Joe Biden |
Xe Xe

Model Editing e :

Donald Trump Donald Trump
Joe Biden x Joe Biden </

EasyEdit

Model Input

Context C = k demonstrations: {c;, ... Cx}

| Example for Copying |

¢; | New Fact: The president of US is Obama- Biden |

| Q: The president of US is? A: Biden. '

Example for Updating i

C> | New Fact: Einstein specialized in physies-math.

Q: Which subject did Einstein study? A: math. |
Example for Retaining

'ia New Fact: Messi plays seceertennis.

f :. New fact: Paris is the capital of Eranee- Japan.
X: Q: Which city is the capital of Japan? A:

Model Output

V: Paris.

In-Context Knowledge Editing (IKE)
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KG for LLM: Knowledge Validation

Evaluating the attribution: verifying whether the generated answer is fully supported

by the citation.

Query Query with complexity Query with label CAQA Data

/ single-fripm / , union-tree-li \ @Pporf (No change) \ /

D | ® Dip OCug P
.

"""""""""""""""""""""""""""" the University of

, path-like | | __________________________.
KGQA path-like . Missouri-Kansas City and
dataset ) i ._' @ Partial Supporf (Random delete) Question | Answer Southern Methodist
. N University [1][2].
To n Quel'y Edit N
e @ @ "‘e'“ke — o) > = Citations: [1] Rick Scott

Query
graduated from the

~

Answer: Rick Scott attended

——————————— N i et
Contradictory (Change answer)

Missouri-Kansas City ...

""""""""""""""" - o 5 [2] Rick Scott earned a juris
@ tree-like e e e doctor degree by working
"1“ e his way through Southern
o Methodist University, ...

KG @@

Attribution Label: Support

e tree-like Irrelevanf (Resample graph)
| | . e @ Complexity: Union
\ / \ a ™ / / w union-tree-like) /

1. Query Grounding 2. Query Extension 3. Attribution Label Generation 4. Data Generatlon

CAQA benchmark
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KG for LLM: Knowledge Validation

 Experimental results on CAQA dataset.

Evaluators (Size) | cAQA Evaluators (Size) | caQA

| Sup. Ins. Con. Irr.  Overall | S. C. L U.
LLaMA-2 (7B) 0.423 0.121 0.057 0.170 0.279 LLaMA-2 (7B) 0286 0.249 0.282 0.260
LLaMA-2-chat (7B) 0.462 0.158 0.058 0.053 0.183 LLaMA-2-chat (7B) 0.281 0.235 0.291 0.290
Mistral (7B) 0.456 0.178 0.191 0.153 0.305 Mistral (7B) 0.315 0.281 0.294 0.265
Mistral-Instruct (7B) | 0.591 0.189 0.159 0.016 0.324 Mistral-Instruct (7B) | 0.339 0.278 0.300 0.271
Vicuna (7B) 0.437 0.007 0.001 0.000 0.111 Vicuna (7B) 0341 0.268 0.290 0.285
LLaMA-2 (13B) 0418 0.164 0.161 0.125 0.279 LLaMA-2 (13B) 0.314 0270 0.303 0.253
LLaMA-2-chat (13B) | 0.469 0.171 0.173 0.103 0.224 LLaMA-2-chat (13B) | 0.338 0.279 0.305 0.278
Vicuna (13B) 0.485 0.049 0.000 0.000 0.143 Vicuna (13B) 0.339 0257 0296 0.288
GPT-3.5-turbo 0.592 0.150 0.616 0.497 0.506 GPT-3.5 0.551 0323 0.346 0.525
GPT-4 0.829 0.430 0.776 0.628 0.687 GPT-4 0.743 0416 0501 0.787
AuToIS (11B) 0.609 - - - 0.152 AuTOIS (11B) 0403 0.171 0.272 0.281
ATTRSCORE (13B) 0.667 - 0.611 - 0.320 ATTRSCORE (13B) 0473 0.333 0308 0.303
LLaMA-2 (7B) 0.922 0.897 0944 0.933 0.926 LLaMA-2 (7B) 0923 0.815 0931 0921
LLaMA-2-chat (7B) | 0.925 0903 0.943 0.927 0.930 LLaMA-2-chat (7B) | 0.935 0.820 0.930 0.924
Mistral (7B) 0.927 0.908 0944 0.849 0.882 Mistral (7B) 0.935 0.831 0.921 0.905
Vicuna (7B) 0.937 0907 0.940 0906 0.932 Vicuna (7B) 0956 0823 0.936 0.939
LLaMA-2 (13B) 0.929 0.907 0.938 0.923 0.925 LLaMA-2 (13B) 0954 0.824 0.936 0.939
Vicuna (13B) 0.942 0923 0939 0.923 0.933 Vicuna (13B) 0.950 0.847 0.935 0.940
Table 5: The performance of the different attribution evaluators on Table 6: Performance of all evaluators on various level of attribution
our CAQA benchmark. Evaluators of the first (resp. second) part ~ complexity. Evaluators of the first (resp. second) part follow the
follow the zero-shot (resp. fine-tuning) setting. zero-shot (resp. fine-tuning) setting.
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LLM for KG: KG Completion

Knowledge Graph

Pre-training

>

Structural Embeddings

Input Triple
(head, relation, tail)

LI [ [] head
" LTTTT] relation =
CITT il
Entity / Relation Embeddings

Instruction:

Given a structured triple
from a knowledge graph.
Please determine the

- LM
Response

S,
A .

Prefix  Prefix  Prefix  Token

o
L g )

-~

correctness of the triple and
response Yes or No.

#{input triple}

Textual Tokens

|

— i Adapier

Input:
Instruction Template

KoPA
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LLM for KG: KG Completion

 Experimental results of CAQA dataset.

| M | UMLS | CoDeX-$ | FB15K-237N
odel
| | Acc | P R F1 | Acc | P R F1 | Acc | P R F1
TransE [3] 84.49 | 86.53 81.69 84.04 | 72.07 | 71.91 7242 72.17 | 69.71 | 70.80 67.11 638.91
. DistMult [38] 86.38 | 87.06 86.53 86.79 | 66.79 | 69.67 59.46 64.16 | 58.66 | 58.98 56.84 57.90
Embedding-based
ComplEx [34] 90.77 | 89.92 91.83 90.87 | 67.64 | 67.84 67.06 67.45 | 65.70 | 66.46 63.38 64.88
RotatE [31] 92.05 | 90.17 94.41 92.23 | 75.68 | 75.66 75.71 75.69 | 68.46 | 69.24 6641 67.30
PLM-based KG-BERT [40] 77.30 | 70.96 92.43 80.28 | 77.30 | 70.96 92.43 80.28 | 56.02 | 53.47 97.62 67.84
PKGC [21] - - - = - - - - | 7960 | - - 7950
Zero-shot(Alpaca) | 52.64 | 51.55 87.69 64.91 | 50.62 | 50.31 99.83 66.91 | 56.06 | 53.32 97.37 68.91
Zero-shot(GPT-3.5) | 67.58 | 88.04 40.71 55.67 | 54.68 | 69.13 16.94 27.21 | 60.15 | 86.62 24.01 37.59
LLM-based ICL(1-shot) 50.37 | 50.25 7534 60.29 | 49.86 | 49.86 50.59 50.17 | 54.54 | 53.67 66.35 59.34
Training-free ICL(2-shot) 53.78 | 52.47 80.18 63.43 | 52.95 | 51.54 98.85 67.75 | 57.81 | 56.22 70.56 62.58
ICL(4-shot) 53.18 | 52.26 73.22 60.99 | 51.14 | 50.58 99.83 67.14 | 59.29 | 57.49 71.37 63.68
ICL(8-shot) 55.52 | 55.85 52.65 54.21 | 50.62 | 50.31 99.83 66.91 | 59.23 | 57.23 73.02 64.17
KG-LLaMA [41] 85.77 | 87.84 83.05 85.38 | 79.43 | 78.67 80.74 79.69 | 74.81 | 67.37 96.23 79.25
LLM-based KG-Alpaca [41] 86.01 | 9491 76.10 84.46 | 80.25 | 79.38 81.73 80.54 | 69.91 | 62.71 98.28 76.56
Fine-tuning Vanilla IT 86.91 | 95.18 77.76 8559 | 81.18 | 77.01 88.839 82.52 | 73.50 | 65.87 97.53 73.63
Structure-aware IT | 89.93 | 93.27 86.08 89.54 | 81.27 | 77.14 88.40 82.58 | 76.42 | 69.56 93.95 79.94

KoPA \ 92.58 | 90.85 94.70 92.70 \ 82.74 \ 7791 9141 84.11 | 77.65 | 70.81 94.09 80.81

o ¢



LLM for KG: KG Completion

* Does the texts optimized by LLMs are more effective for text-based KGC models?

LLMs can add or remove content from entity descriptions.

Raw Data Zero-shot LLMs for Inferencing For link prediction
/ \ /Semantic compression design: Acquiring\ \ 4 Text-based KGC mo dels\
— KGC Datasets more semantic information within shorter 1\
text. O O 2 e e
Semantic expansion design: Gaining ! More expressive |
Entity ac.iditional semantic information within a LLMs L :\ entity descriptions ,:J
@Ven text. / / ------ 1: ------
- - « 1 Y e - T _____________ T T (O USRI U (TG _—_— - -~
( Entity description JJ ;'l Semantic Integrity Discrimination ! lF iltering of Generated Data,

Constrained Prompts for KGC (CP-KGC)
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LLM for KG: Entity and Relation Extraction

o — ———

Large Language Models
chatGPT OQ LLaMA & Flan-T5 @ cCodex

l

Structural Output

Examplel [Pleaselistallentitywords in the Text ... \W NL-LLMs J (Person: Steve, Organization: Apple)

|

Option: location, person, organization, J L
/class Work_for(Relation): )
"" Person self.nead Work for _
Example2 Organization self.tail. " Code-LLMs \( F\:E_resu t= Work_lfor( y
e _ o > head = Person(name = "Steve"),
def _init_ ( self, head: Person =", L tail = Organization(name = "Apple"))
tail: Organization ="", ): - - App

|

Qelf.head = head self.tail = tail /
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LLM for KG: Named Entity Recognition

 LLM can perform guidance data augmentation for NER tasks.

[Seed Generation Prompt

Abstraction Prompt

Guidance Data Augmentation Prompt

Given the sentence :
The presence of a moving object and
easily estimable gravity vector.

Augment the 3 sentences by replacing the entity
tokens with new ones of the same types.

Entity tokens : ['gravity vector’]
Entity types : ['OtherScientificTerm’]

Given sentences :

Seed Generation Qutput
[ Sentences, NER Tokens

Create a common structure and context for the given sentences.

Based on the roles performed by tokens in the sentence,

select the appropriate "entity types" from the list below and explain its
role.

Entity types :
K[‘Method’, ‘Generic’, ‘Metric’, ‘Task’, ‘OtherScientificTerm’]

Generate 3 unique sentences that include the
context content by replacing "entity tokens" with
new tokens of the same type.

The generated sentences should be structured in
accordance with the "structure" and "entity_roles".

Entity tokens : ['gravity vector’]
Entity types : ['OtherScientificTerm’]

Abstraction Output

Context, Structure, Entity roles

\. J I v J
LLM [ Guidance LLM ] LLM
, (
Seed Generation Output Abstraction Output Guidance Data Augmentation Output
Context : the presence of a moving object and easily estimable
1. the presence of a moving object and easily 1. The existence of an active particle and easily
estimable energy vector Structure :<presence> specifies the state of being present, indicating the estimable energy vectors.
existence of something. <moving object> describes the type of object
2. the presence of a moving object and easily present, implying that it is in motion. <easily estimable> indicates that 2. An object in motion and easily estimable
estimable force vector something can be easily calculated or determined. gravity vectors.
3. the presence of a moving object and easily Entity roles : The entity type < OtherScientificTerm > is used to 3. Amoving entity and easily estimable
estimable magnetic field vector specify the type of object that is present and in motion, or describe the magnetic field vectors.
§ y state of being present. \ y

Guidance LLM Data Augmentation

o ¢
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LLM for KG: Relation Extraction

* Exploring LLM on different RE

paradigms

 RHF (Relation-Head-Facts).

mmm Not-Finetuned
60 Finetuned
53.84
51.91 51.11
50 | 4938  mmm o g
40
%30
20
10
6.68 ?=5=9i 4.29 4.25
0 J munnn 9% Y

ChatGPT TAG Mistral-A Vicuna-A GLM-A

While the City Sleeps , We Rule t p . It was

released on October 10, 2006 in the US , and on October 17 , 2006 in Canada . A rough clip of *
__: Send My Love to the Dancefloor, | 'll See You In Hell ( Hey Mister DJ ) ", a finished version of "
Snakes on a Plane ( Bring It) ", and " The Church of Hot Addiction " were uploaded onto Cobra
Starship 's PureVolume site . " The Church of Hot Addiction " was also used as the theme song for
the WWE 's Great American Bash 2007 . It has sold more than 69,000 copies to date .

— [Cobra Starship,country,US]

—> Document —> [Hey Mister DJ,performer,Cobra Starship]

D-F

— [The Church of Hot AddictionStarship,follows,Bring It]

— [Cobra Starship,country,US]

3 1 country
> Document i performer " [Hey Mister DJ,performer,Cobra Starship]
follows
D-RS-F S — . . '
[The Church of Hot AddictionStarship,follows,Bring Ii]
___. performer — [Cobra Starship,country,US]
S Document ——— country —  [WWE,country,US]
D-R-F -——  follows — [Great American Bash,country,US]
Great
performer ___. American
. 000 Bash
> Document —  country """ Starship
D-R-H-F --—  follows — WWE  —— [WWE,country,US]

o ¢

Document-facts

Document-
relations-facts

Document-
relation-facts

Document-
relation-head-facts
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LLM for KG: KBQA

N p N
A Sample Of test data Dictionary of Aliases (Also known as) ‘Il ’"
( SPARQL: WIKIDATA
SELECT DISTINCT 2x Muhammad Zia-ul-Haq =004
WHERE { | oo
FILTER (2x != 2¢) : ;
?c ns:location.country.administrative_divisions ns:m.010vz . B S o0 ELLM KGQA framework:
?c ns:government.governmental_jurisdiction.governing_officials ?y . sngion MohardZesisey  Pdntof lsan o T80 98 Mot Ty
?y ns:government.government_position_held.office_holder ?x . cinse usverELn o U LT L
The Question-type Labeling Module
EXISTS {?y ns:government.government _position_held.to ?sk3 . cronse . Q yP g .
FILTER(xsd:datetime(?sk3) >= \"1980-01-01\" A Axsd:dateTime) }) B S e s identifies the answer type of the input
|} i question and the reasoning type involved
O in answering the question (based on the
Ref Answer: Muhammad Zia-ul-Haq | | question text, reference answer, and
corresponding SPARQL query).
ey Gl v Y (F oty AE e AR
Question: Who was the president in 1980 of the country that has Azad Kashmir? - i i it T2 The ICL Prompt Construction Module
Datasets 7 | L et converts the input question into various
& N~ ‘ - inquiry forms with different contextual
Resource ] F learning strategies
{; V ELLMKGQA The Answer Checking Module
. determines whether the LLM's response
Question-type labeling module | | ICL prompt constructio 'l"f‘idf"'e et LLMs LMs Reponse| over Checking Module includes the correct answer to the input
| fnewerTypetag || | Directyich || NavecoT | mt; &E}‘.’ c?@ OPT || | ExactMaching _J question by utilizing a combination of
. T ovreer e R it xa matching and fuz matchin
: Reasoning-Type tags | L2M-CoT : SP-CoT } Flan-T5 Tu1u v2 ‘{ Fuzzy Matching 1\ € ct te g . d u Zy . FC g
S ) ! J (S ’ methods (employing an alias dictionary
L J L J e e | |
from Wikidata in exact matching to
@ @ reduce false negatives).
Performance Evaluation o Eh_e;k_Li_s; 'Fe—silr:g_ ___________________ \I
————————————————— - | r=——————————— s AT — s ==
: Overall Testing \J + : Question-types focused Testing : + } : Minimum Functionality Test } : INVariance test | } DIRectional expectation test /‘| ;:
e — e __ J N S e
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LLM for KG: KBQA

+ Experimental results of LLM KBQA

Datasets KQApro LC-quad2.0 WQSP cwQ GrailQA GraphQuestions
Acc F1 Acc Acc Acc F1
SOTA(supervised) 82.10 Yu et al. (2022) | ° 31.8 Gu and Su (2022)
SOTA(unsupervised) - 62.98 Ye et al. (2022) - - -
FLAN-T5-XXL 37.27 30.14 59.87 46.69 29.02 32.27
LLaMA2-7B 49.78 50.85 82.39 63.04 46.74 61.01
LLaMA2-7B-Direct 44.79 44.88 69.16 55.49 38.46 45.92
LLaMA2-7B-Naive 50.59 1 44.86 73.36 58.24 40.47 50.98
LLaMA2-7B-L2M 47.59 40.17 64.39 54.27 35.25 43.01
LLaMA2-7B-SP 45.53 41.22 58.18 53.98 33.79 40.70
LLaMA2-13B 48.42 48.92 80.66 59.14 45.22 61.18
LLaMA2-70B 51.82 51.83 - 8581 . 63.85 48.88 63.15
LLaMA3-8B 49.08 51.51 84.29 62.91 45.53 62.42
LLaMA3-8B-Direct 41.82 40.90 76.12 52.79 34.11 49.85
LLaMA3-8B-Naive 50.50 1 51.30 69.73 58.12 38.07 53.54
LLaMA3-8B-L2M 18.95 25.58 56.79 43.23 26.07 39.51
LLaMA3-8B-SP 39.68 41.59 67.51 51.04 31.70 44.41
LLaMA3-70B 54.43 cocs (G o oo 570 GRS
LLaMA3-70B-Direct 42.36 5 76.51 57.83 35.75 49.15
LLaMA3-70B-Naive 84.72 DEET 5094 ~ 65.57
LLaMA3-70B-L2M ) 76.51 57.83 35.75 ;15
LLaMA3-70B-SP 44.81 78.68 56.60 36.13 51.70
GPT-4 50.19 54.53 83.49 65.57 43.96 60.38
GPT-4-Direct 41.60 43.58 77.74 54.06 35.28 48.49
GPT-4-Naive 46.42 49.72 74.15 60.57 37.26 49.53
GPT-4-L2M 50.09 51.32 77.74 64.34 42.92 51.51
GPT-4-SP 50.00 49.91 78.30 62.17 42.08 52.55
GPT-40 56.98
GPT-40-Direct 51.42 55:57 83.96 64.62 41.79 42.92
GPT-40-Naive 48.49 53.40 79.43 61.79 38.77 49.81
GPT-40-L2M 43.77 47.74 71.32 59.34 31.98 43.49
GPT-4-SP 46.60 49.53 72.26 58.77 36.98 46.51

Can ChatGPT Replace Traditional KBQA Models? An In-Depth Analysis of the Question Answering Performance of the GPT LLM Family. ISWC 2023 36



LLM for KG: KBQA

 LLMs help generate logical forms as the draft for a specific question by

imitating a few demonstrations.

Draft

((AND medicine.manufactured drug (JOIN
medicine.manufactured drug.shape Octagon)))

Question: The 2014 moonlit matinee film festival
is what instance?

Logical Form: (AND time.recurring_event
(JOIN time.recurring_event.instances
2014 Moonlit Matinee Film Festival))

Question: What manufactured drug have an
‘Lugical Form:

E— o mmmmmmm

 drug (JOIN medicine.manufactured_drug.shape

ntity Binder

i

Surface Name: Octagon
Corresponding mids:
m.01tnyl,

m.0491sxs,

m.04clnlw,

N

7

1

1
J

{ Relation Binder
/ 2-hop Constrained Relation:

medicine.manufactured drug form.shape,

medicine.manufactured drug form.generic_drug,

medicine.manufactured_drug_form.available_in,
medicine.drug_legal status.country,
medicine.drug_pregnancy category.country,

T~

l

medicine.manufactured drug form.available in,
medicine.drug_pregnancy category.country,

qdicine.drug_le gal_status.country,

Domain-range
Constrained Class:

medicine.drug_form_shape.drugs with this shape,

medicine.manufactured drug form,

location.country,
medicine.drug_legal status,

medicine.drug_pregnancy category,

medicine.medical_trial,

~

/

{Final Candidates }

(AND medicine.manufactured_drug_form (JOIN medicine.manufactured_drug_form.shape m.01tnyl)), E/|
(AND medicine.manufactured drug form (JOIN (R medicine.manufactured drug_form.shape) m.01tnyl)),

(AND location.country (JOIN medicine.manufactured drug_form.available in m.0491sxs)),

(AND location.country (JOIN (R medicine.manufactured_drug_form.available_in) m.0491sxs)),

KB-Binder

o ¢
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LLM for KG: Entity Alignment

* Leverage LLM to aligned the entities from two different KGs.

Entity Feature Pre-processing Two-Stage EA Strategy ‘Output
01: Leveraging the capabilities of KRL-based EA 03: Leveraging LLMs' reasoning abilities for enhanced EA.
methods as a foundation. Etty\ ............................................................................................................................... . ,----EK--.‘
i nti z - :
. A ' i Stage 1. Candidate Collectin
-E[Knowledge Representation Learning (KRL)D Embedding H Result
| (KG, embedding \ | _ 20 Next |
- H5@@0 !‘:D[ Iteration 3 ) o
KG-Code Translation i ollolollo! o] . 10 Expand the Searching Iteration :
H - |teration 2 s i
- : —— 11010010/ O) | Scope {1,10, 20} H
02: Understanding KGs and enhancing with f| lteration 1 - | 5
T\ H ge H W.Bus = J i
_LIMs contextual knowledge. ! ( KG, embedding \
! class Entity( ). b | @@)@ ! Stage 2. Reasoning &Rethinkin
[ #Enable LLMs to Interpret and Understand KGs for EA. i OO||O]|@](@f1 | | | (. — ———— :
i | def __init_(self, name, id, tuples =[]): v 10 9@ | : Reasoning: Do e; and e, align or match? Please | ! |}
' self.entiy_name = name o orem bw bush i Answer based on given code with considering name, b |:
self entit; id = id *‘--------—--—----—--—---“ : description, structure and temporal information and | ! |
selftuples - tuples ) (e _w | N : your OWN BACKGROUND KNOWLEDGE step by step. i
. , t i e, =Entty(Gearge H.w. Bush, id 1, ples _rjf [ For e, and e, , Step 1, think of NAME SIMILARITY] . | ! |
def get_neighbors(self) | S = o ! Step 2, think of [PROBABILITY OF DESCRIPTION POINTING | i |}
- { i | Description: SAME ENTITY], _., ... i F
def get_relation_information(self): i i | GeorgeH. W.Bush, .. B, !| Step 3, think of [STRUCTURE SIMILARITY] . o E
B L (@) [{steps thinkof mME SMLARITY . L
def get_time._information (self): : e i - ; The alignment score is: 0.XXX -
- : lLe’_E"EY(gErgTw_h"im_I “EES_"] ) HATEA Rethinking: Do these entity alignment results ’r: +
(7% hetvate LLMs Background Knowiadge forEA : FE::rri';til?n;\l " g : are satisfactory enough? ([YES] or [NO]) '
def get_description(self, LLM): g JE A - : [NQ] [YESI
description = LLM(self entity_name, self tuples) Vi +| Given this alignment result, my answer is [Xxx]
| return desctiption P ’ N —————————— $

Chat Entity Alignment (ChatEA)
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LLM for KG: KG Reasoning

* By leveraging the context encoding capability of LLMs, the representation of the

knowledge graph is enhanced using textual information from the knowledge graph.

Discriminative Methods: Generative Methods:
 Encoder-only PLMs (e.g., BERT)  Encoder-decoder or decoder-only PLMs
MLP 0/ [SEP] Te:tt [SEP]
LLMs ] [ LLMs (En.) > ums@e) |
Texth [SEP] Text, [SEP] Text; [SEP] 1

[SEP] Text;, [SEP] Text, [SEP]
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How do KG and

Focus on scale

LLM collaborate?

& has high coverage

2V

Knowledge Augmentation
Language Models |

Focus on presentation
& has high accuracy

2V

&

s
‘ Knowledge Graphs

~ Language Enhancement™

Advantages Neural
_ Representation
Extensive knowledge coverage
Stronger task generalizability World
o Knowledge
Machine friendly
Compressing

Describe

Human Languages

R\

Symbolic Advantages
Representaion No hallucinated Knowledge
More accoutable reasoning
Human friendly
Extraction
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KG x LLM: Neural-symbolic Framework

o ¢

* Binding a unified API of LLM functionalities to a programming language (e.g., SQL,

Python, SPARQL ...) to extend its grammar coverage and thus tackle more diverse

questions.

Which is the best-selling shirt made in
North America and with no chemicals?

Details
o 100% cotton
e 220GSM (6.5 02)

e Naturalstretchfor < _ Shirt  Made_in Sales
comfortable fit... “~  Polo u.s. 500
e . Details
» 90% cotton, - Luckyland U.S. 900
10% polyester _.Timber Bay Mexico 400
. . -7
Office  Turkey 600

- —-—

unstructured knowledge structured knowledge base

Price
$29.8
$19.8

$25.9
$31.8

Binder program: SQL/Python binding LM API calls

Binder-Python \
GPT-3 df = df.sort_values('Sales’, =False)
CO_EieX prompt df = df[f(“North America?”; Made_in) == ‘yes”’]
Binder

parsing Binder-sQL
SELECT Shirt FROM T

r—————- WHERE- (“No chemicals?”; Shirt) =‘yes’
il - - AND- f(“North America?”; Made_in) =‘yes’
ORDER BY Sales DESC LIMIT 1

Made_in GPT—3 North_America
Q: “Is it North I + 3; prompt Co_?ex predict ;:
AU Mexico > yos
[
Turkey -~ no

At 1

Utilize GPT-3 Codex's knowledge/abilities
Binder

execute | U
—r» [nterpreter 5, pyjn
©)

e

SELECT Shirt FROM T

WHERE No_Chemicals =‘yes’
AND North_America =‘yes’
ORDER BY Sales DESC LIMIT 1
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KG x LLM: Language Agent

 Contemporary agents use language for their thought process, which makes it much

easier to incorporate heterogeneous external percepts and do multi-step (speculative)

planning and reasoning, all in a non-programmed and explicit way.

Multi-agent Systems

Language Agent Environment
Grounding
[ Reasoning & Planning Human Interaction \/‘ ;:
Agent Sensors Tool Augmentation @,
Percepts
11 Memory Update
= - Humans
- Working Memory :
= ,.
< (—} N\
= Long-term Memo ‘
? - : 2 = @ ©
E Databases =~ Web APIs
\ 2 i
@] Embodiment @) ﬁ
\ Actuators Aghions . @ :
* Sensors: RGB/ soupd / distance / < ~  Knowledge Apps Physical
contact/light/etc. Bases World
Effectors: robotic arms/legs/ o5
wheels /speaker/ etc.
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KG x LLM: KG Agent

* Integrating the LLM, multifunctional toolbox, KG-based executor, and knowledge

memory, and develop an iteration mechanism that autonomously selects the tool then

updates the memory for reasoning over KG

Which sports team for which Cristiano Knowledge Memory Updating Autonomous Reasoning

Ronaldo played in 2011 was founded last ? t=1 .
play Question Toolbox Definition ——)% ———> get relation(m.02xtéq)
The answer is Pofr;‘gg)cg;fet;c;ml His Pro Cur_ KG Info = out: [teams,..] in:[athlete,..] €— u%f—
linked_entity =2 v0 = get tail ;
. — N = get tail entity(
=1 =m.02xt6q  t=1 O é% m. 02xt6q, team)
Planner i < _
o e o g
=2 —)% t=—> get relation(v0)
v0 =get tail =P
ﬂ:q;: entity (m.0Oxt6q, <% out: [from,..] in:[roster,.] €<— <«
t=3  team) t=3 None ] “g
_ =4 vl = get entity by
=4 0 t=4 from, foster 4| vl={m.06122,..} — «
Toolbox Executor = = : : re &

KG-Agent



KG x LLM: Knowledge Service Platform

Knowledge
Service

Maintenance

KG+LLM

Data

Search and : Content Visualization and : :
Recommendation BLEIRES G (A Generation decision making SlESET AN R
Crowd-sourcing Quiality evaluation Knowledge linking Rule engine

Open APII Task manager Data management Data mapping
Large Language Model Knowledge Knowledge Graph
argumentation
. Knowled RLHE Knowledge index Knowledge
Fine-tune | ge fusion inference | | Modelling KEnct)wlti_dge Kmf)wl_ed Knowledge
Pre- &Update %:th < xtraction ge fusion reasoning
. . . KG-CoT D> Taxonomy .
training KG2Instructi Knowledge k%nvt/kl)e?j“;e JointKL induction wilesgle |.Enmy KG completion
ons it . . generation alignment
OntoPrompt Ciigl:gm KICGPT Semantic Pars_lng ?é:ﬁl%%y UIE Ontolqu rcéggglrﬁ%
learning Data Annotation matching
Semi- :
Structured Data Text Image Video |
structured Data

o ¢
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KG x LLM: OpenKG

[ o4
S ¢s  DeepKE
Knowledge Extraction Tool

T

TO O I Acquisitio »Eﬂﬂﬁm

EasyEdit

Knowledge acquisition
Knowledge
verification

Knowledge—\
instruction

Environmentally
embodied perception
Tool learning
Multi-agents
collaboration

Knowledge

Language

Application

‘\ﬂ

o~ O

Knowledge augmentation SC | e nCe “

Knowledge editing

Value alignment ’g

Language as ""form", knowledge as "*heart", graph as "'skeleton"’ 46
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Conclusion

 KG for LLM

v KG can enhance pre-training, instruction-tuining, RAG, ICL, fusion, update,

validation of LLM
« LLM for KG

v' LLM can knowledge graph completion, extraction, fusion, reasoning and

validation of KG
* Integration of LLM and KG

v New agents can be designed

v' OpenKG: Language as "form", knowledge as "heart", graph as "skeleton"
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Future Work

 KG for LLM
v’ Effective and efficient learning of symbolic knowledge in KGs
v' Benchmarks generated by KGs to validate LLMs
v' Improving (interpretable) reasoning ability of LLM using KGs

 LLM for KG
v Automating KG engineering pipeline using agent based LLM
v' Tool-augmented LLM for symbolic reasoning of KG
v' Enhancing Knowledge services based on KGs by LLM

* Integration of LLM and KG
v' Newly designed unified agent
v' Generalizable, trustable and stable knowledge services
v' Programmable knowledge engine

49



Thank you!

Email address: yongruichen@seu.edu.cn
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