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A) Whereisthe place ofbirth of Hawking ? -« L il Oxford

B) What did Stephen Hawking studyat Oxford University ? === . 2 physics
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Background

Traditional KGQA(Knowledge Graph Question Answering)
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Background

Traditional KGQA
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Background

LLM-only Question Answering

e LILMBIOZ AO|( &3St ML} reasoningsS ==&H
— it = X| Bt hallucination & outdated information & Al = XH
LLM-only RAG Graph RAG

Query

How did the artistic movwements
of the 18th century impact the
development of modern art in
the 20th century?

LLMs

Response
The artistic movements of
the 19th century influenced
modem art in the 20th
century by encouraging
experimentation with color,
form, and subject matier.
These movements paved
the way for abstraction,
expressionism, and other
innovative
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Background

Retrieval-Augmented Generation(RAG) QA

e Text corpusE ZAMHGIH LLM & &
— |ost in the middle & Neglecting Relationships et Al = H

LLM-only RAG Graph RAG

Query
How did the artistic movements a
of th=-_I 1;1-;|~ cata"u;Jr',' |j":':-a-:.'1n'.'_'e »
develop er'_c- maden art in Retriever
the 20th century? *

1. Impressionist grtists like
Cloude Monet introduced new
technigues thot revolutionized
the depiction of light and color.
¥ 2. The Impressionist technigues
influenced loter art movements.
LLM5 4= 3 Pobio Ficosso pionesred
Cubism, which rodically
transformed the approach to
visual representation.

4. Cubism emerged in the early
20th century and challenged
rroditional perspectives on art.

Retrieved Text

Response

Impressionist artists like Claude Monet in the 19th
century introduced new techniques that influence
later art movements. Pablo Picasso pioneered
Cubism relativity in the early 20th century.
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Background

Graph RAG(Retrieval-Augmented Generation) QA

o KGOl triple € XA RQAE ZMGH LLMOI M=
— High structural consistency & Global information
LLM-only RAG Graph RAG

Query
How did the artistic movements a
of the 18th century impact the >
development of modern art in .
- Retriever
the 20th century? *

- (Cloude Monet) - [introduced] =
(mew technigues)

- (new technigues) —
[revolutionized] = (depiction of
Y light and color)

- {Impressionist technigues) -
LLMs = linfluenced] = (loter art
movements)

- (Pabio Picasso) - [pianesred]
(Cubism]

- {Cubism] - [emerged in] = (early
20th century)

::‘é Retrieved Triplets

Response

Monet introduced new technigues that revolutionized
the depiction of light and color. His Impressionist
fechnigues influenced later art movements, including
Picasso's Cubism, which emerged in the eary 20th
century. This influence helped szhape Picasso's
innovative approach to fragmented perspeciives
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Background

What is the ‘GraphRAG’

« GraphRAG Workflow 3EtH|
v G-Indexing —> G—Retrieval —> G—Generation

Input Query

How did the artistic movements of the 19th century impact the development of modern art in the 20th century?

N
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color. His Impressonist techniques ..

Graph & Language Intelligence Lab.



Background

What is the ‘GraphRAG’

Retrieved Graph Data
s
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transform
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[ Adjacency/Edge Table

(Claude Monet, introduced, new
techniqueas)

(new techniques, emerged in, 18th
century)

(new technigues, revolutionized,

Natural Language

Claude Monet introduced new
technigues. These new techniques
emerged in 159th century. Thess
new technigues revolutionized later
art movements.

< Node Sequence

Claude Monet— new techniques
— later art movements

Claude Monei— new techniques
— 18th century

later art movements)

Code-like Forms

« graphm »

< by W =) for = nodie” attrname =" rame” atirtype sTslning” = o ey >

< by i ="dl" for ="aciga” abtcriame =name” sitetype ="wnng” > o ey >

< geaph b ="0" gl gedefaun "desiied” >

wnode i ="nll # < doka ey «"d0° = Clyede WManet </ datz = </ node =

& node M ="nl'" w0 Sata ey =" 00" » new techelaues < data » o' ode s

< node i o"nF" >« dats ey o"d0" = L8th century < data » f node »

<node i «"r3" > < oty koy =" 007 > laber art movemients </ data > </ node >

« g i o"pll” R3UMCE = 0" LaAgEr «"R1" B € da @ ey 0 1" > irosy oed of data oo edge
« pdpe id o"el" source o"nl® tanget «"nl" > < dats bey o 91" > emerged in <) date > <f edge >
« nEga id 02" sounce «"nl " tget «"nd" » < data ey = AL » rewokstionioed < data o <f odga >
< graph =

=/ graph=l >

44 Syntax Tree

Made fealure:
0: Claude Monet
1: new lechnigues
0 2: 186 cenlury
3: later arl movements
traverse Edige feature:

0,2k
1 2 3 (0,3} revalubionized
Struciure:
cenfer node:
1si-hope 1

2nd-hap: 2,3

Tree Construction
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Semantic Parsing—based QA

From Phrases to Subgraphs: Fine-Grained Semantic Parsing for
Knowledge Graph Question Answering

Yurun Song’, Xiangqing Shen*, Rui Xia'
School of Computer Science and Engineering,
Nanjing University of Science and Technology, China
{yrsong, xgshen, rxia}@njust.edu.cn
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Question—SPARQL Mapping Library Construction

Offline 2&+H|

v" Rule—based SPARQL parserdt question & X2l (SPARQL WhereZ 0l A triple patternS

v HX2l=l SPARQL 22 + &= SPARQL + Question inputotd Question—SPARQL pairs

Question

What curmencies do countries bordering Germany use?

@ a) Question Decompesition
Sub-Question1
What coundries border Gemmany
Sub-Question 2

What are the cumencies used in a country?

b) Phrase-level Retrieval
Related Phrases

Ir Countries bordering Germany
>
, Gen‘nany ad oin. "x]

-
: Curmencies used in lhe mur'hr i
i

L
H {?c. cumrency_used, Px)
"’ ) Sub-K&
¢ / \ Ins'h:mﬂdﬂon

1
Question SPAROL
et d ot Nt 1D SELECT DISTINGT 7
at is the smallest Metflix WHERE {
phr_ase'levd movie produced by Adam NEM.OpZET rs M. proguces fim 7x .
Question-5PARGL Sandler? 7 MMM, S NEMb_ig Faum .
Mapping Library : JORDER BY xsdinieger7num) LIMIT 1
@ Phrase-level Segmentation
{ Movies produced by Adam Sandler | ns-m.0pz81 nfim producer fim 7 .
i . T ns-filrn film.netfli_id Pnum |
i The smaliest Netfi ) movie ___ORDER BY xedintegeriZnum) LIMIT 1
II ----------------------- "‘I ST "“
! Geznany | == i H Austria| —> |CFP £ranc|i
i | d) Sub-KG! |
i o~ ' Fusion | T~ |
| I Belgiun | France j — 5! Germany —> [France| —>  Eure i
e ————— - ] H
e - 1 H
| N Belgi / i
o8 frane | &—[pumeria | — M e s

\

&=
= Eure @€ [France]

Greenland| =3 Danish krone

o B

e s

ANswWer CFP franc, Euro

=Z0ot(
A A

Phrase-level Segmentation
(Logical Form)

i [t1:: ?x ns:adjoin Ns:m.Germany ] i
i [t2: ?x ns:currency_used ?currency] ;

Query
SPARQL(¥ &)

LLM

Question—-SPARQL Mapping

[2025][ACL-F][2025] From Phrases to Subgraphs: Fine—Grained Semantic Parsing for Knowledge Graph Question Answering
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1. Question Decomposition

* Online
v QueryJt =X 2% Decompositionatd Otell & sub—query = = ol

Question Decomposition Prompt

Decompose the given question into sub-question. There
should be no nesting between sub-questions,

Question = .
Question SPARGL
What curencies do countries bordering Gemany use? SELECT DISTINGT 7x
What is the smallest Nedflix 1D WHERE {
Phr_ase'lev‘-"l mavie praduced by Adam NE:MUOpZE1 ns:Alm.producerflim 7x .
@ a) Question Decomposition Question-SPARGL Sandler? 7x ne:fim.Am. nefx_d Fnum .
Mapping Library ) JORDER BY xed:imegernum) LIMIT 1
Sub-Question 1 @ .
WWhat couniries border Germany? 0 0 Raggeee 0 | =T Fj l‘_!:ﬂ_’f_—_l_cf| _____ g T _rl____T ________________
Sub-Question 2 :' Mowies produced by Adam Sandler nsm.Opz81 nsfilm.producer film x . ‘:
- . ; - i . T ns:filrn film.netfiz:_id Tnum . i
What are thy d try'? B i
\What are the cumencies used in a country | ThesmafestNfixiDmavie  opnem By xedintsgerZnum) LIMIT 1 )
B] PRrase-Tevel ReTrevar
Jo T e e s m s m e m e "\ e -.\
Related Phrases H — | a ! '
_____________________________ : Germany ustrad : d) Sub-K& i E ——} | CFP franc | '
:r-:omtriﬁ bordering Germany E : 'l' \\\i : Fusion : :
e | — |
| (Germany, adjoin, ?x) J: |‘ l Belgiun ] Trance | 'I — : Germany —= |France .-—ib Eura i
. S H
SpEEzrz=szzszzsz=ss=ssz 2 . N 7 ;
O . 1 Belgium )
_.E Cumencies used in the country i —_ CFP franc m —_— \‘__ __________________________ e
! {Pe. curmency_used, Tx) i =

|

L

O
071 &) Sub-K&
) . Instantiation

e i

Answer CFp franc, Eura

[

]

]

H |

i

’ E-+ Euro ‘(—[Frince]

I

A

Y

Greenland | = Danish krone

[2025][ACL-F][2025] From Phrases to Subgraphs: Fine—Grained Semantic Parsing for Knowledge Graph Question Answering
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2. Phrase—level Retrieval

« =20ol= Sub—query& Z Cosine Similarity 2| &l

Question

What cumencies do couniries bordering Gemany use?

'@ a) Question Decompesition
Sub-Question 1
Vwhat countries border Genmany?
Sub-Question 2

LTS L H o]

Phrase-level
Question-SPARGL
Mapping Library

b) Phrase-level Retrizval

i (e, .,.Jrrenc-,'_used ""xj
"

I S AFSH Pharsell SPARQLS

It =

Question

:’ Mowies produced by Adam Sandler
i

E The smallest Metfix ID maovie

SPARGL
SELECT DISTINCT 7x
What is the smallest Mefflix ID WHERE {

movie produced by Adam
Sandler?

nE:m.0pzE1 ns:Mim. produces flim 7x .
7x ne:fMim. Sm.netfik_id Fnum .
JORDER BY xed:inzgen7num) LIMIT 1

ns:m.Opz81 ns:film.producer film 7x .

P2t nes:filrm filmnetfioc_id Pnwm . |
ORDER BY xed:integes{?num) LIMIT 1 l !

=
—a» Euro <—[qu]

Gre=enland| =3| Danish krone

.......................

e e e

L - smeeeeessssesss——s——————————
b F ™
Related Phrases Eerman ——> | Austria 1 i aH
¥
_____________________________ 1 od) Sub-KG | n.ustna — |CFP frane ||
| Countries bordering Germany | " ! Fuzion ! i
| — . ]
, Gen‘nany ad ain, '?x] ] Belgiun | France 'I ——7— | Germany = |France|—% E“—"“ !
———————— S ————— - 1 |
e - 1 H
e e | \\_i Belgium / i
[Cumences usedmteconty | [ePemmele—[mema] 31— N1 e /
|
|

Answer crp franc, Euro

Sub—question: "What countries border Germany?"

P_1: “Countries bordering Germany”

S_1: ?c ns:location.country.adjoin Ns:m.Germany

P_2: "Currencies used in the country"

S_2: ?c ns:location.country.currency_used ?currency

[2025][ACL-F][2025] From Phrases to Subgraphs: Fine—Grained Semantic Parsing for Knowledge Graph Question Answering

Konkuk university
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3. Sub—KG Instantiation and Fusion

« === SPARQL
« 0|% Rule—-based= Subgraph=

Question

What cumencies do couniries bordering Germany use?

'@ a) Question Decomposition
Sub-Question1

What countries border Garmany®

Sub-Question 2

What are the cumrencies used in 3 country?

22t 01l Coll Jbhs

Phrase-level

Question-5PARGL

Mapping Library

otentity2 25 A

S fusionoltd otLI2| GraphE MM

200 Local Subgraph A4-A

Question

What is the smallest Metfli= ID
movie produced by JAdam
Sandler?

@ Phrase-level Segmentation

:' Mavies producad by Adam Sandler
I

E The smalizst Metfix ID movie

SPARQL

SELECT DISTINCT 7x
WHERE {

ne:mdpzEd s Alm. produces flim 7x
73 MMM, Sm.NEME_id Fum .
JORDER BY ¥sd:integes?num) LIMIT 1

ns:m.Opz1 ns:film.producer film .

P nscfilm film.netfie_id Pnum . |
___ORDER BY xcd-integenPnum} LIMIT 1 ' H

i .
! Countries borderin
1

k) Phrase-level Retrieval

Related Phrases{

Sermany

| (Germany, sdjin, 7)
\

—_—
i Cumencies used in he mur‘t"y I
: e
| (e ..Jrrenc-_.'_used ) l

077 € sub-ke

I
1
1
i
1
i
i
1
.
n‘
1
i
i
I
i
1
1
g ’\ ’ Instantiation :
./ \

Germany = — % | Austria
Voo~
I Zelgiun France

.._____________________

E"'
- -*' Euro (— France]

Greenland| =% Danish krone

o B

£
LY

‘-'--'--'-1-‘"

o TR ——

o

Germany ——

----------------------------

P.ustr:l.a — |CFP franc

._.-a» Eu.'ru

France

h.-__-______.-"

ANSwWer CFP franc, Euro

Subgraph

Germany —adjoins— Austria
Germany —adjoins— France

Germany —adjoins— Belgium

[2025][ACL-F][2025] From Phrases to Subgraphs: Fine—Grained Semantic Parsing for Knowledge Graph Question Answering
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4. Sub—KG Fusion

* Fusion 2JtA| &4
4 Sequential Fusion

. 1t S22 85 Y= ?count
v Combinational Fusion
= S{7} S20/ CHAH ANDZ 2&

=
=

ry £ S2oHH &

ot SPARQL=S

Question

Question
Whest currencies do countries bordering Germany use?

Phrase-level
Question-SPARGL
MappingLibrary
g———

movie produced by Adam
Sandler?

@ a) Question Decomposition
Sub-Question1

What is the smallest Netflix ID

SPARGL

SELECT DISTINGT 7

1 rs:fim.producer flim 7x .
m.netfib_id Fnum .
JORDER BY edintegeri?num) LIMIT 1

so-level Segmentation

VWhat countries border Genmany? — Gphre
Sub-Question 2 — { Mavies produced by Adzm Sandler
\What ar the currenties used in 3 country? — :‘ The smalizst Metfiix ID movie

=

nsm. Opz8 ns mmpmduoerrlm'a

2 ns:Alm film. |
ORDER BY x=d |nhsg_e1;°num LIMIT 1 A

b) Phrase-level Retricval

Related Phrases Germany ~— | Austria

v
Belgiun |
| 72 frane (—

/
1

|

1

! re

] Euro

: [(etgiun | > < [(Erance |
§ Greenland| | Danish krone

d) Sub-K&
Fusion

(Bermany. sdjoin. %) France |

.
i
1
’ - i
| Countries bordering Germany | I
1
1
\,

{ Currencies used in the country

(7. cumsncy_used, )

[

Ay

-
i ]

p———————

~, . ~
; A

— | CFP franc |

]

A ~—a !

Germany —3> [France|— | Eurc i

1

~ / i

Belgium )

~ .

g

Answer CFP franc, Euro

1 WHEREZ Ml &HHl 23

|

a) Sequential Fusion

( o starring e 51.".“9\ Km The
Pantoliano J Matrix ~ 7| Reeves Matrix
2 Etobicoke
X £ School of
Avondale | the Arts
‘ Tom Hanks Secondary [ ;m Fusion =
= Alternative | *"°° ;,ffts. Keanu |
3 School g Reeves |~ | Dela
E‘ o 3 — “hag, Salle
] De La Salle * 5| %o\ College
! College v .
Etobicoke S/:::‘:):dd(::y
Chabot College f::‘:o:::: Alfeiative
School
b) Combinational Fusion
Laguna %, San Jason
Beach I'Yv, et >S5 Hill
A Lo:ies (ﬂ Jason Hill @Y‘ Fusion San
= Francisco
Lauren San 1,‘,;’\ Lauren
@ virthe  Conrad  births |_Francisco ) s~ Conrad
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KGs as Reasoning Guideline

Agent—based KG Guidelines

o Agentd} 22| Zol-KG BAHE Aol L, KG—specialized LLM=0| KG J|Bt2
x| © 0ot reasoning pathE M4

O

« General LLMO| 0|2 =& (Inductive reasoning)dll =

O

=ohl 2 HE dd

OO

Prompting

Muti-hof
Complex QA §2
: pfwt lﬂg Conversational QA §2.4)
Instruction 1 @ Agent Instruction 2

General = Explainable QA §2.5
& @ Generation
Questions

LiNs

& KGs as Back
O I ground Knowl
ol | edge §3.1
g

Inftial onswer 1,
Reasoning path 1;

Initial answer n,

K&-specialized Reasoning path n; ,'
LiMs Inductive —
T Reasoning || - , [

<headl, relationl, ta111>) &raph- -
<head?2, relation2, tail2) |constrained » 2| [(KGvas Refiners ) [
—> <A Final onswers, & [Land Validators §3.3 Output

) Decoding ’@)0 Reasoning path “\‘M‘A‘J M‘ ==

Advancements §3.4
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KGs as Reasoning Guideline

Agent—based KG Guidelines

KG-Agent: An Efficient Autonomous Agent Framework for Complex
Reasoning over Knowledge Graph

Jinhao Jiang', Kun Zhou?, Wayne Xin Zhao'; Yang Song”;
Chen Zhu, Hengshu Zhu?, Ji-Rong Wen'
'Gaoling School of Artificial Intelligence, Renmin University of China.

?School of Information, Renmin University of China.
*Nanbeige Lab, BOSS Zhipin. *Career Science Lab, BOSS Zhipin.
jiangjinhao@ruc.edu.cn, batmanfly@gmail.com
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» 32IE Query GraphOil A 21 5 A (triple) OLCH HE et &+=(loo) € =&
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Query Graph| [~ mioxeq
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| Output y1
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Ioster
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o
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KGs as Background Knowledge

Retrieval Augmented Generation

« RAG(Retrieval-Augmented Generation) 2} KG(knowledge graph)E Z &5t QA

« MH2 EAZRH KGE PAGHD DeZ I8 QIEIAS OIS BiH SRAIEE 2ed M 22 M
- SIS AIEXN EES ZEZEZ IS0 LLMO| 225t 0, AN 2 top-k ZAEA

(augmentation)ol &S A M

B 12 3 4 Vector
K& 0] — J_SI.mJ.l::r'.'LL;.'
Textual |Construction 1| Freva
Document [————————= | 2 -
Chunk Ul
unks 3 \l/
KEs
4 @12

doe chunks 2

Index graph Top-k @
for retrieval /related 1
5 6 789

p 12 3 4
B @ PLM Question Embeddings
and LLMs Augmentation
P ki Llser
remptng Prompt —;-,.
Questions|——= Taxk Answers
Engineering Frnmpting Generation

LLMs
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KGs as Background Knowledge

GNN-Based QA

GNN-RAG: Graph Neural Retrieval for Large
Language Model Reasoning

Costas Mavromatis George Karypis
University of Minnesota University of Minnesota
mavro016Qumn. edu karypis@umn.edu
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L= Adot)

HAME ajEeS

OleH  M&Etst tHES S5l pdl
* Dense subgraph extraction

v' PageRank J| 8t neighborhood & &

GNNL=Z &HH =&

St &, evidenceE LLMO|| ==

FoHOd query—specific dense subgraph 244

Pmmpt "Generate helpful relation parhs ]

GNN-RAG
O e e | > [um] > g})
L
\
Dense retrieva P Reasoning Shortest
for GNN — % |@NN | ——» |A: English, Jamaican English, Paths >

o

Retrieval

d

French, Caribbean

Jamaica -> official_language -> English

Jamaica -> language_spoken -> Jamaican English
Jamaica -= close_to -> Haiti -> official_language -= French
Jamaica -> located_in -> Caribbean Sea

"Which language do Jamaican people speak?"

Reasoning

- Textualize + RAG

A: English, Jamaican English

[2025] [ACL-F][GNN-RAG] Graph Neural Retrieval for Efficient Large Language Model Reasoning on Knowledge Graphs
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Reasoning paths ==

v oY Subgraph I0lA GNN=2 =4 2F =EDJ}l answer2 &&= 126110, top KE =
v KEHE top KO | & entity 2} topic entityE H Z o= shortest pathE ==
v oY BZ== "Jamaica — language_spoken — English" SEliZ 8! AE S}

GNN-RAG

Q: "Which language do Jamaican people speak?”
A: English, Jamaican English

F’rompt "Generate helpful relation parhs |

— - $o

Unlon

L

Dense retrieval

g

Retrieval

F—» GNN —

Reasoning

Shortest

A: English, Jamaican English,

Paths

Y

French, Caribbean

Textualize + RAG

Jamaica -= official_language -> English
Jamaica -> language_spoken -> Jamaican English

Jamaica -> located_in -> Caribbean Sea
"Which language do Jamaican people speak?"

Reasoning

Jamaica -> close_to -> Haiti -> official_language -> French

A: English, Jamaican English

[2025] [ACL-F][GNN-RAG] Graph Neural Retrieval for Efficient Large Language Model Reasoning on Knowledge Graphs
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* \erbalized paths—based Answer Generation
v BIAE HEHO| Reasoning paths= LLMOIAH B E 6 == Answer A4

GNN-RAG F’mmpt "Generate helpful relation pab‘:-s |

Q: "Which language do Jamaican people speak?" A
A: English, Jamaican English Lo Unlon

1

A

E Dense ralr¥l‘*’ ? Reasoning Shortest
g for GNN N > GNN » [A:English, Jamaican English,] _Paths

LT L Fr nch Caribbean

(1

Y
f’ Textualize + RAG
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£ |Jamaica -> official_language -> English

L |Jamaica = language_spoken -> Jamaican English f ]
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E "Which language do Jamaican people speak?"
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 RA(Retrieval Augmentation)
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A: English, Jamaican English e U”'O”
|
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KGs as Background Knowledge

LLM-Based QA

Digest the Knowledge: Large Language Models empowered Message
Passing for Knowledge Graph Question Answering

Junhong Wan, Tao Yu, Kunyu Jiang, Yao Fu*, Weihao Jiang, Jiang Zhu
Hikvision Research Institute, Hangzhou, China
{wanjunhong,yutao31, jiangkunyu, fuyao, jiangweihao5,zhujiang.hri}@hikvision.com
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rol

« J|Z&E KGQA Logical path 24! 2| StH|(topology information 4!, &&= keyword LIZ 2 QI
digest HHAE S)2 AHZSSHH Message Passing S EHE KGQAE £8iol= 2
v' Sampling => Aggregation => Transformation => Readout =L & &K
v" GNN2| message passing= textadEi 2 &l aiot= 2

Aggregation prompt of LMP e\

' AfD  Which team won NBA Finals 4-3inthe || Language Message Passmg 0 Facts Graph A o q
shortest time since its foundation? i Aggregation i m The e{lllly (H.endl:‘ntlty} ,hm re]a.ll'tm
Knowledge Graph o :- @]’mnsformatioa N eves {Relation) with following entities:
Finals i ‘, Text Summarization " ™ freguency Il‘a-llEnﬁf
- BED m,‘v fffffffffffffffffffffff S f— < vi).
Hills fmm j The NBA (TailEntity,), ..., (TailEntity,,).

championship
events dating
back to 1947.

Finals isan
event that
occurs
annually

777777777777777777777777777777 Transformation prompt at layer 1 of LMP e\
Given the guestion, we have K facts
aboul its topic and related relations that
may helpful to answer the question,
question: (Question)

g
— Tran sformation

(3 ]
N
-~ oD | _@en @ 0

: | GO o
:

1 NBA Finals and were founded in 1947,

U ’ . - > o o : topic: (Topic)
D -m D o,
' < > Transformation
o [\ Yearly s — r Z . . . 3
. 113000t (TR focston. ‘ ad @ @ ML Please summarize each following fact
m [ Mﬂ"mm = i 7 | while only keeping every relevant infor-
location ' ' $ " 2 »
ixaton Pl e @D S @& @ @ - cntities pooling mation about the question and just re-
champion " ‘\ s ' 1 ' r o) _
csut o D | : - - e e e o turn all summarized facts as following
m result | o) | = order in the same numbered list without
o “ champon /. Tunner up vttt explanation.
m .“ ' 1©) ! The team that won the NBA finals 4-3 in facts:
m - " =5 the shortest time since its foundation is )
P oo ) i i the Los Angeles Lakers who won 1952 1. (AgregatedInformation, )
i

2. (AgregatedInformation,)

K. (AgregatedInformation )

[2025][ACL] [LMP] Digest the Knowledge: Large Language Models empowered Message Passing for Knowledge Graph Question Answering
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1. Sampling

¢ Question:
= Topic Entity: ‘Loma’

=  Gold Entity: ‘Hailemariam Desalegn’

caoon m 1962 Finals

5D  Which team won 4-3inthe !
shortest time since its foundation?

Knowledge Graph

) o

€ Ca 3
5 % E

i H 2
/% ¥'as ‘Y,
i’'§ 3@ :

Samplmg

e
' S /1

Samplmg

Langul

i

o
A

s 2 ¥ 55
"’a“

R
g8

-

ge
o

g/8

Here are the top 2 relations selected to explore about the topic:

1. location.administrative division.country
2. location.location.containedby

Konkuk university
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2. Aggregation

% Question: “Who is the prime minister of the country that has Loma?”
=  Prompt: The <head entity> has <relation> with following entities: ~~

Luage Message Passing

X Aggregation
1962
Finals frequency
e ) ed
A ~
o &

Aggregation

fhamgon wault =
Bed @B
FBed Ho
oo O
Aggregation
oCcation founa (
ED

Ceitics | Boston

facts:

1. The entity Loma has relation location.administrative division.country with following entities: Ethiopia.
2. The entity Loma has relation location.location.containedby with following entities: Dawro Zone; Southern Nations, Nationalities.
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3. Transformation

% Question: “Who is the prime minister of the country that has Loma?”

=  Prompt:
Facts Graph
- Here is the list of summary: ronsformati ["NBA Finals
. ransformation events

1. Summarized Fact | O Text Sommriaren ) 1! oy
. / R has 2 history of The NBA
2. Summarized Fact -, Entities Pooling Mm Finals is an
» mek o197 Al o™
annually

> Transformation ! i
1 @ Text Summanization 1952, 1954, 1
1955... Finals
oll ended with Lakers won
a3 NBA Finals

> Entities Pooling 1952, 1953..
Celtics won

Lakers were

> Transformation founded in 1947
© Text Summarization Ceitics were

- B founded in 1946
Denver Nuggets

|- Entities Pooling Lakers are located
in Los Angeles
Celtics are located
in Boston...

Here is the list of summarized facts:

1. Loma is located in the country of Ethiopia.
2. Loma is contained within Dawro Zone, Ethiopia, and the Southern Nations, Nationalities, and Peoples® Region.

[2025][ACL][LMP] Digest the Knowledge: Large Language Models empowered Message Passing for Knowledge Graph Question Answering
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4. Topological Readout

Fact graph= multi-level numbered list HE{ £
HE[5F LLMOJ|A| T EHSHA answer 8

[

in Boston.,

. b Topological Readout R
" topic @ 1T WA T b o st of it events daline bucs 1o 1547 P
“ 3 O, D ! 1 ) | The team that won the NBA f
" ~ 4 the shortest time since its foundation is
i 1@ Q12 @21 Qa2  thel
i Oll| |:)O 2 o O l"bml;:ummmnm:ml‘” NBA Finals and were founded in 1947

facts:
Here are some facts about topic Loma that may related to the question.

1. Loma is located in the country of Ethiopia.
1.1. Ethiopia has the IS0 3166-1 alpha-2 code ET.
1.2. Ethiopia has the IS0 3166-1 short name ETHIOPIA.
1.3. Loma is located in the country of Ethiopia.

2. Loma is contained within Dawro Zone, Ethiopia, and the Southern Nations, Nationalities, and Peoples' Region.
2.1. Ethiopia has the ISO 3166-1 alpha-2 code ET.
2.2. Ethiopia has the ISO 3166-1 short name ETHIOPIA.

[2025][ACL][LMP] Digest the Knowledge: Large Language Models empowered Message Passing for Knowledge Graph Question Answering
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5. Limitation

«  Multi-hop QA task2 2 LLM AF2YIED AR5 =2 BOIH, 010 3N o=
«  Question Answering task XAl Jtdataset L 2= query0il CHoll 2412 XIS}
FXI D QIO ATHE OS2 Hl21F AI2H0] 20| EXtE

|:l F
[Q
1o
0Z
0x
ol

‘LM :2 +1,( =hop)’

Cf. 3-hop2| F% query'd 7'H

' &0 Which team won NBA Finals 4-3 inthe ! Language Message Passing Facts Graph
a shortest time since its foundation? :' Sampling 1 n, Aggregation ‘.‘_ ’
i n :
Knowledge Graph H ¥ = O o] M D e
111 opt [ TEGRRCy. SeS 1952 fraquency P . e The NBA Finals
i . ~sresesmea= 3
sburr : S NBA Finals - = = N NBA Y 1952 B s e has a history of -
KE I °F events - . > Entities Pooling | ! s i Finals is an
. ' T ' event that
m‘ ~ head coach i .,,+1 S e meeeeee R T SR + 1 back to 1947, o
found - " - = - S " Ot 3 q |
m Wi f Sampling Aggregation S 1 - annually
m o — m loction 1} ¢ d"amuuu . e — = \) Transformation

. ! ina result ' champron
bxaton uner up -l m . ) mm % 71 © Text Summarization | 11
result runner u L ‘E chamoon - = 3 PR R

S AR Lakers 1952 1952 ‘

. 1 mu‘ ! -, =] Finals [ Lakers ] Finals !
m location 1} L A, = Entities Pooling
¢’ \ : - 1 i
H\ Transformation '
Text Summarization | |

Yearly

i
champio i

jon ! R . = Entities Pooling
champon 4 - ~ 1 i
Y o5 Finais m - - e — T T
'

— runner up m:" TopologkaIReadom
% )
@ o » B o

1€ ! The team that won the NBA finals 4-3 in
“=5 the shortest time since its foundation is
i the Los Angeles Lakers who won 1952
| NBA Finals and were founded in 1947.

+1
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5. Limitation

«  Multi-hop QA task® BL LLM AFZBIEIF AXS| =2 =IO, 010 2H oJ&

o) 2=
e Question Answering task AtAllJtdataset LH 2= query0ll CHol =& = Aoty EH= M6
OIS JIXI LD AD|0f ATHE S =2 H| 21 Al2H0] 20| EXtE

“question™:
“question
“question
"question
"question
"question

1 Th
result”:
“question
“question™:
“question
"question™:
"question
"question™:
"question

“question
“question
“question
“question™:
question

question™: o is the 1

fManection™: "what all
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« MCTSZ KG =2 EZ2|E &M5t1], Q' VZ BtE B A= sub trajectory flow—balance FDPO
=S §6H KGQA H& (2 2 d2tH 2 Quality) Ol= 22
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