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[Abstract]

In this study, we propose a method to augment the provided reasoning paths to improve the answer
performance and explanatory power of KGQA. In the proposed method, we utilize LLMs and GNNs to
retrieve reasoning paths related to the question from the knowledge graph and evaluate reasoning paths.
Then, we retrieve the external information related to the question and then converted into triples to
answer the question and explain the reason. Our method evaluates the reasoning path by checking
inference results and semantically by itself. In addition, we find related texts to the question based on
their similarity and converting them into triples of knowledge graph. We evaluated the performance of
the proposed method using the WebQuestion Semantic Parsing dataset, and found that it provides
correct answers with higher accuracy and more questions with explanations than the reasoning paths by

the previous research.
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I. Introduction

22 A Ao 2(large language models, LLMs)
2 WHd(translation), 89K summarization), o2&
(question answering)y} 22 Tifet Fofe] xjAo] A2
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II. Preliminaries

1. Related works

1.1 Knowledge graph question answering

A4 2efm WAl Al Chefet AfAl(Facts)S E
2o elz myote Jej=
graph)E SJujgith. E2jE2 St AFE] At H=
olEJE](subject entity)”} TF= AlEJE](object entity)2}
W(relation)E 7P AM(s,r,0)& SJUIEH: AJA] 2
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III. The Proposed Scheme
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1. Retrieval model
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helpful
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Fig. 1. Architecture for self-enhancements on knowledge graph reasoning path

of =2 & Q== B3t relation pathE FAMHO=

J2ie] ARo] “Who is the child of Alice™o|H,
relation path z:marryTo— fatherOf S A3/3Ict
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SHA7] =2 relation path z& Aot 2@S SHAT]
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a|q, ZP a|QaZa PQ(Z|Q)a (1)

2€7
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Nutrea[18]9} 2 KGQAO] z)Aste]l GNN 2 Zo]of
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first search, BFS)E A-&sto GA 4 Slct iy ot
e A (973t 2ol Bale 2 otk

q. = LM(q), r, = LM(r,), (3)

w(g,,r,)=0(q.Or,), (4)

e, = o(w(g,,r,)),where e, EE,, (5)

a, = softmax(EgGg), (6)

pathgyy = BFS(g, qentity’ag)‘ (7)

sExos M2 O Wyos WYY ¢ 28 J22
A path,y, = pathppy + pathgyys "87d
2. Generate and inspect first-round answers
LLMs®}t GNNZ Eoll 28738t path;;, L pathgyy<
FastStore[19]ﬂJ( Ze Eai 7<17< ;Oﬂﬂi ﬂ& %’ME &
off EAor =&
pathy,, S LLMs| xﬂ% r 22 1), LM ol i

LLMsoﬂ Kﬂ#ﬂoﬂl Egﬂ 0] SHEA] LLMs A4 A
2tk 2) 32 42 S LLMs7} ofshisP] 22 24 2902
T35kl LLMs7} B =28 4 Sl=A] F7IRIch

A YRR, oAl 22 7425 7|4to 2 LLMsoA] &
2 =5 5 Al sl of o, KGQA &+ Ho]
EIMIo] A8-5 &Estof Fig. 20 go] ¥ 4 =E2E
A0 2 instructiong A} LLMs7} UHEH—S’_— JHS
2398 4 Q=% 5iQith Fig. 29] {reasoning}oll= &
d=7, {question}oll= 2zo] YLt

Reasoning path-based KGQA

SYSTEM

Only using the reasoning paths, please answer the given question. Please keep the answer as simple as
possible and return all the possible answers as a list

User Reasoning Paths:
Matt Laver = education edhucation student —mﬂdm\ = education.educaBioningtitition = Obio Usiversity
Mt Liuer = people.personrationality — Uited Saties of Amesica - locationlocationcontainechy = New n:k( ¥
Matt Lot - pecple.personsatiaeulty = Urited Stes of Amics - location katicn contsedby = D Unierity
Question.
what college did matt lauer attend?

Assistant  Ohio University

User Reasoning Paths

Lm— Assistant Here is the possible answers... [|4] S 484

Self-evaluation for KGQA ]
User | s the abeve answer correct? &) YES B) NO |

Lmi Assistant PIYES | question, answers)

Fig. 2. Self-evaluation example of reasoning path in LLMs
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LLMs7H At $212 AP} Bolete Zloz mev
2= 6:]/\-10}0:]‘ A+ % ]§0]L} %344 1:19‘]_}\1,\61%
= SR IT20]. 2
q3kS dho}, [X}Ao 7 &=
Ao tfjste] LLMs AA 2 APt H712 XIsste 2 s}
At AP HrF ik AE/2E% ol (binary) =&
bS|

T2 LE, A (8), (9)2 2t

—LIHIJ

ﬂ

y1= argmax IT;— , p(a;| q, pathy,), (8)

evaly :p(yeSIq,yAl), 9)

WA o] 1L LLMS7} 52 72 o
b4 9 BRRSIICE Fig, 3% 2o] Al 3 ZEIE

ol

=
£ F8ofo] LIMsolH 22 A2 ok oA w7t
sfoict.

nEnE A2 LIMso|AE 28 H22 gaes &
gIch A WA e ob AR, LiMsold 9e
izszr 22 ulgoR Be 5% 4 Al ofF BE

A7} I o] WL A (10), (1)02 Uehd 4

alq.

Reasoning path-based text gensration ]

SYSTEM You are PassageGenBOT, an Al capable of generating concise, informative, and clear pseuda passages en
spacific topics.
Reasoning Paths:
User Jamaica-> location \[) languages spoxen-> Jamaic i Creole "’ ish Lang Quage lreamning]
Jamaica -> language human_|anguagecountries spaken_in -> Jamai i
Question: )
what does jamaican peogle speal? {question)
Assistant  Jamaica is 3 country where Jamakan Creole English Language is
spoken. Addtionally, Jamaica is a place where Jamaican English is also
spoken.
Self-evaluation for KGQA
User Is theabove texts incude correct answer? A} YES 8 NO
Assistant  P(YES | question tex)

Fig. 3. Self-evaluation example of contextual
reasoning in LLMs
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yo=IT'_  ply; |y~ i ¢, pathy,,), (10)

evaly = p(yeslq,ys ), (11)

y = A2 7422 B MY HAE to]2 ojnjst

Al (9) @ (11)& &3l LLMs AAR F2 722 Hit
A}, eval, T} eval, % §t Holate Qojatu mrs}
=9l 720 ool Qo Biksloe] E2)E 1
Eat

[aliR=ie

2 A

mo x rok (1L

SH
o

ol

3. Triple enhancement

# Ao At 37t Az o
7} Qlok WY RAGE B3] HE
Astol E21ES AT B BAE AR
Sme At AR Eaus
transformers 2 &[21]Q] ‘all-miniLM-L6-v2'& A3}
of Qe Mol Byt AN BARZF fALER Ae
o, s g2 google search@t 72 < 74A8 QlIxl o
2 Alsgstict. o] o, LLMsojlA #2]g 4 Ql= 7i"lA
EOo] Zoj:= 2|t 3fo] AallM glotz, SIAOIE A=
e ol @92 A% (chunking) F& 5ttt E9t <l
Aol E FAol= At S 2a%t R AAE Hsh ¥+
L2 2 (ranking)A|A 2 £819] B3 T4 AlAg
o A9 A2 A3 A A AR A9 FARI
Stz 2 AAHY, Facebook ResearchoflAd 7Kgt
FAISS[22]5 AHgstgich & A
7} FolRS m, £ HERE AAjQl SAMEE

o] Axtei.

r l

% Ei}«—/\E Hi“ﬂ S1,89

A (12)0} 2

- 5189

cosinSim(sq, s, ) = — | 12
o2 syl 1 sy |l 12)
5oz, A A3 A4 A Ue-3 Aot Ezl
S5 A3 ElE AL F AF ZERER 74 40
AN AAdE & Qe EglE fA0] tist oAl FES LLMs
7t 3R S wAlste] EERE AE FE0t

A1 A|gohe ZFLE BIESIS ARSI
E2|Z 3&0] gigt oAl JE = 23 27dolA YEr

o }

"Microsoft Word is a

"head":
"Microsoft Word", "head_type": "Product’, "relation":
"HAS_CHARACTERISTIC", "tail":"accessible offline",

, {Mtext™
lightweight app that accessible offline",

"tail_type": "Characteristic'} Z+-& U2 2AF 9l AAsH
2 Qe EfE oXE ¥ 7K

’E 5to] Al EAEA E
o|S AdH ErEE2 JEHEE AZsto] AE e

LLMso]| A|5-5tH

E% %}% Ol EEéT’fL 4:} 225 GAlsto A (13)
o] & 25 ATt OEtd BEH 2 PEe
path, ol A0 =N 2FTA 0= LLMso] Al &2
BE pathy, = A (14)2F Zo] UEhHT
pathy,g = BFS( a9 Gentitys Grag)s (13)
path g, = [path, ;paths,, ], (14)

4. Answer prediction and explanation based
on reasoning paths

fEdoe e 28 428 7l¥hea LiMsoH A
woll tigt = A/ttt Fig. 29] ¥ 4F ZELES 5¢
sl AMgstol ojot 52
o] LLMs7} §2 &3t

sl

reasoning paths, please answer the given question

s

and explain why. Reasoning Paths: {reasoning}
Questlon {question}” & ArESIOH, & AF I2DER
o F99 LIMs RS Agole] Zag Fatt

IV. Experiments

2 AN = AlStehe Wl g AR flol i
Aol KGQA do]EAllel  WebQuestion  Semantic
Parsing(WebQSP) T|o|EjAlS A}2519ct. WebQSP T
O|{All2- Freebase[23]oIA alieh 4,7377]9] HE-E¥
o] oz Fd=lo] Jlon, Ao 2-g9 FEZ L=
gith. WebQSP HojEjAl2 &8 AE-BWH 4 2,826
7Nt HIAE S AF-TH 41,6287 = F/ddt. 2 A+



Research on improving KGQA efficiency using self-enhancement

of reasoning paths based on Large Language Models 45

oM AYZ Holl BIAEL AZ-FH 42 AMESI
A I} A|E2% AystT(accuracy), Hit, Hits@1
F1 A2 ARSIt deh=+= LLMs7} o535t AA| o
o 5olA =2HtEA| ol 53t vle2 UEACE Hit LLMs
9 *3‘5—3 71st7] Qloll &= AMEEE A|EZ, LLMs7}

T 2
S
2
m\l
L ofl

WPE Y F ofuell mIEEA] HIRIGH
Hit@1S zdlo] A Wiz S8t Ay} Adyt AR5}
_x] F743h F1 A4 ol 29 Y= (precision)
(recallH 2ot o os ARt Jdes 2
ARlshs BlES,
15% 2ol HES

030 22 H=2E

Table 1. KGQA performances based on reasoning
path settings using WebQSP
Dataset
Reasoning path WebQSP
setting Acc. Hit Hit@1 F1
(%) (%) (%) (%)
LLMs 75.1 85.8 78.5 69.0
LLMs+GNN 75.9 86.4 78.6 69.4
LLMs*GNN* 809 | 905 | 810 | 71.1
our method
g 2aE 3l ==, Hits, Hits@1, F1 A4 59
ol RE Flotet AN AHE 28 27 HYS
Heko oashe Ae & 4 9k ol X2 Z2E 7|
sho2 ARo] gg A4elgle m, Aotk wol o}
QIEYS TR LLMs A4 FE 42 % ONNS 283
22 729 45S Bl 21 Yehich

Table 2. KGQA dataset anomaly detection accuracy
performances

Reasoning path Acc.(%)
setting
LLMs 94.8
LLMs+GNN 97.3

A3l Ank [LMs 7]8F 22 742 2 o]85}0] 0ES ©
&3 7492 94.8% 2, LLMs®} GNNS AMR3H 22 H2
= olgstgloyt ege] mad F9-S 97.3%E o=
EIR|SE 4 QloiTt meta & 71K AL 8% 90% o]Ae

At 2 74 29] oS mdsh= 712 o 4 9J9jor,

o

59 58 22 % X8 A= /] Gaeg o
02 LLMs7} AP} Wrlshe 202 Zofxl HlolEAle
W 4 Qlcka W,
chgo Aot woR e 8 A=) |E 4=
Hot siM 7Hset B Alsstal QleA] Eelskitt
o2 olot 28 #22 LLMsol Algstn, LLMs7H
ojol chet ot 1 o] et e FUSHES ol
ot ol &2 WebQSP & Moz A3 EA1717]
Q5 Tl = llama2-chat-hf 2291 Ro(C[14]5 A&

sioict. Aol 3 o= LLMsOA g2 &35t X
34, ‘cannot provide’, ‘no (specific) information’
279 23 o2 BEsiEch 22 220 4y g
U Nk Moge u7}6}oﬂq oSk

H‘EHHU%

Table 3. LLMs explainability performance depending
on reasoning path setting

Dataset
Reasoning path ieleibil?
. . Answer
setting Explanation .
s () explanation
rates (%)
LLMs 825 85.69
LLMs+GNN 84.8 86.77
LLMs*GNN* 91.1 93.31
our method
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Answer and explanations for ]
KGQA using previous methods

Answer and explanations for KGQA ]
using our methods

SYSTEM

Based on the reasoning paths, please answer
the given question and explain why

User Reascning Paths:

The Social Network -> film.writer.film ->
Aaron Sorkin
Question:

who did armie hammer play in the social
network?

Assistant Explanation:

The reasoning paths do not provide information
about ‘who did armie hammer play in the social
network?’

SYSTEM Based on the reasoning paths, please answer
the given question and explain why
Reasoning Paths:
User The gSOcial Network -> film.writerfilm ->
Aaron Sorkin
Social Netwaork -= STARRING -> Armie
Hammer -= PORTRAYED -> Cameron
Winklevoss
The Social Network -> STARRING ->
Armie Hammer -> PORTRAYED -> Tyler
Winklevoss
Question:
who did armie hammer play in the social
network?
Assistant Answer:

‘Cameron Winklevoss', Tyler Winklevoss'

Explanation:

1 The reasoning paths mention “Cameron Winkievoss -
> PORTrayed -> Armie Hammer -> STARRING -> The
Social Network™ and 'Ty|6l ‘Winidevoss -> PORTrayed -
> Armie Hammer -> STARRING ->
MNetwork ™

The Social

2 These paths indicate that Asmie Hammer portrayed
the characters of Cameron and Tyler Winklevoss in the
film “The Sotial Network.®

3. Therefore. based on the provided reasoning paths, it
can be concluded that Armie Hammer played the
character Cameron Winklevoss and Tyler Winklevoss in
the fim “The Social Network."

Fig. 4. KGQA explanations in LLMs based on reasoning paths

W3 5 9122 WIrt. mbA AR} LLMse] A

& o &7} Ao Astet F2
5 O[5l Beto] ZhEsh A 7[HE
o} Fig. 4= AAAQI o2 YEhdt AF ‘who did
armie hammer play in the social network' & ©0]-83}
of 7|& Wgut AlRtshs WS ol&sto Awol tigh &
1 2 olf-E EYAIA HoTh 7€ Uor B £
& 429 7% 'The
film.writer.film — Aaron Sorkin' ¥t £&% o] A&
Ot dg2 28 & gt Aoz BoZint §Hdof A
oh o FE A25 HANE 4% The Social
Network — STARRING — Armie Hammer —
PORTRAYED — Cameron Winklevoss', ‘The Social
Network — STARRING — Armie Hammer —
PORTRAYED — Tyler Winklevoss' 7427} Z7}%]0]
‘The social  network ofA] ‘Cameron
Winklevoss” 2 ‘Tyler Winklevoss 7}X] &&sh 4 Q1%
= WA xR0 Jhse %S BYck

Social Network —

G
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