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Abstract: With the widespread application of large language models (LLM) in natural language processing tasks, im-
proving their performance in domain-specific question answering has become a key research focus. To address the
limitations of traditional methods in complex multi-hop reasoning tasks, a knowledge-graph-enhanced multi-hop ques-
tion answering approach, LLMKG, was proposed. Factual knowledge from knowledge graphs was injected into
Prompt to enhance the reasoning capability of LLM in vertical domains. Comparative experiments conducted on the
COKG-DATA dataset show that LLMKG outperforms the best baseline by 3.5% in terms of Hits@]1. The method op-
erats in a zero-shot setting, requires no additional parameter updates, and is applicable to various types of LLM. Tem-
poral knowledge enhancement and multimodal knowledge fusion strategies were further explored, and a multi-modal

knowledge graph (MMKG) was proposed as a future direction. This approach offers a novel and effective pathway for
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advancing intelligent question answering systems in specialized domains.
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F o XKL T Prompt i\ HEE 7E 4 HT KB
FH 3 3 s e 3, BT 2 1 A 2 e ]
LI RE IR SR .

LLM AR S B 75 27 AR 50 R0 52 bR S
R B R 5% )7 . Cadeddu 25UY RS W 5 T
LLM fER}5 S8 4 AT S5 P R RIRIEANTT %, B
BT AR EFRNS CAHAIESRIR Y . AR AT
T SEMCEERRE N SARIE R D HIRCR K&
Mst. WG REH, XEE N7 VAR T
FHRLRY A& B 5 T ER R RE ) . B FLIE



<75 mERE 2025 4% 118
o
. i
: AT Prompt :
e, |
[ . N [
: | A S TR A: () 1 [

|
| 5l \:_—_—_ ittt |
L :> . 3 |
I+ v | EERIE: {} ! I
: : rﬂﬁ: : N /' |
| || IRE I LA R AT 47 : I R S T DL I :
[ . R S T |
I |
' |
||r=—"""= === === N g |
1! !
1 i ! :
RIEIEE T S e a2 2| I | e— ,
|| R R A | ( H |
| | B L B R R : | AU ) |
1! | N _
l l\ __________________ /I P \l :
| 1 R 5 -
[ b 1 ! | ww |
| A — -
| AL L3 4 R AR B :
| WA R ,
' |
: i 125 Prompt !
| |
\ 7

3 Prompt B¢ it B [ il [l AR 7R 1

P T i e 3 = Jn LA E b R R B Al AR
R, NJEERENRIE SR LLM 484 1 75 k0 S HF
MLE 5%

6 SKHERRKROH

ARATEE X fil A KR A R P 1 2 B
) 25 7 VAT T SR T R R T, DLERAIE
T3 R
6.1 HIEE

N T 38 FE LLMKG A 8, ARSCER T
R 5 [R5 R 6 VR R AT BT 76 98 25 0 R 1
22 Bk i 2 HE 4 COKG-DATAM 8 47 52 36
COKG-DATA & % T OpenKG & i i) A1 1K & i3
OpenKG-COVID19 ] —/N KA bz 22 Bk i) 25 25405
£, ZHEECET — AR ERE S COVID-19
Lo (EPERN B, M. 297, . i
AT BEHE) A G Bk I R 2 Bk . o

COKG-DATA [P 51 iH B 38 /14 7 112 246 A5
R, 2093k 21787 056 P =04 .

COKG-DATA % # £ S iF B4 & 5 B
H#E 1,
%1 COKG-DATAHIEEMZITHIEERER
L IET I it IiE4E T
COKG-DATA 1hop 165 795 55239 55239
COKG-DATA 2hop 48 147 16 049 16 049
COKG-DATA 3hop 2 811 927 927

25 S5 iR ) LLM #5 2 Python3.8 A1l Py-
Torch2.0.1 345 N T NVIDIA GeForce RTX 4 090
ifkizfy, WA 24 GB.

6.2 TTHIEHR

N T VAR AR AL [R]85 55 2% ) /L) e ), AR S
F Hits@1 1E R 30 B8 R P Al FE A7 . Hits@l
FOREFTABRIEE R T, AR RAERES
R HEZ S — I EL . B AR AR T ] )
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top-1 B FAF-AE TAMEZE R H, Wi A F Hits@!1
N1, Hits@! 8 5 BA A5 Y B A 45 vy 1) J 0
fEo IXAEAETEARRZ MG, S E] T 1
AT, HTERIE I 2 KGQA T AE g 12021,

TEB0AIE FE T 1 1 L4k N BRI HE 44 HE SR (1 4K
PERE, EHE T His@l10 4845, & RRTERTA 1%
AT, N IEE RIERES R T HE4 T 10
¥y i .
6.3 KiESHER

LLMKG J7 ¥ H () 25 MRS 75 22 5 LLM i
TR H: 3T Prompt )96 RIHE RS . FET
{7 BELOZE 3 () VR A T s R A T S s A A
ARATHIIN RREIZ . N T 36 0F LLMKG HEZR7E A
A LLM T fE, 7F COKG-DATA b ¥t 1 5L
o ARAAEH T 11 o SCIHF YR LLM:  Moss-
moon-003-sft-int4®?!, Chinese-Llama2-7B**\ Chat-
GLM-6B*, ChatGLM2-6B. Baichuan-7B. Bai-
chuan2-7B, Qwenl.5-1 10B%, Qwenl.5-14B-
MoE®%, Qwen3-8B*"), DeepSeck-VL-7B-base! ™,
LLama-3-8B""l, LLMKG HEZZS i FH 1) 7 SO F
JRLLMAMEE WK 2,

LLMKG J7iEBIERESZ P FHEE 2 LLM [R50 ,
3 FHASF) ) LLM P RERA LLMKG J5EIRCR . 18
LLMKG 77 ¥ i 1% BE 9F il ', Qwenl.5-110B 5
Qwen1.5-14B-MoE A 1% il il S v A Y, 3 2
BTN R

(1) BEYRAFE NI : Qwenl.5-110B 7 4x
A100-80G GPU #E4T FP16 #:35Y, HT125 5%
() Bk R L5 3 B B A 3 M Sk 56 4% ECY, T
Qwenl.5-14B-MoE B35 240X 14 B, {H 140 B
BZaEFEEA SRS T R %
iU S O N SN/ s =R
A

(2) A5 ERC B : LLMKG Z R A v ) %0
A 2 56 5 8% 8 1 SIEINF e B2, fH Qwen1.5-110B 1
K 2 5 3 O N AT 5 AR LA 1R i
B (>5s) P Qwenl.5-14B-MoE %5 5 % tH#L
GV WN s 2 P = w7 WS a0 B oo S ]
AR,

AL, 7E LLMKG X 258 58 4 f n] 85 5 S
RRRASIEAR . R AR AT I M AT 45 o, 3 At
6 PRI AT S 56 DL TH R ATAT ML iR g

32 LLMKG #EZRs2i8 h{FE A B9 SC R LLM #E5E

LSt

SRR

i SR

Moss-moon-003-sft-int4

TN ZRBHE CARLI 7 00012 Hr 5 S RACHY 5], BARRHE R0 i R0 9 2 1A A R i1 25
AEST, SCRFZ RN TR 2 fl 1

T Transformer 4544, 1E4) 1.2 Jift tokens Eilll%k, SCFFAHEOEE, R C&E DK E N4 096

XFURRE Ao, SR 2 A E ORGSR, R SRR K32 K ETR3G, @ H KOO i 5 K0t

AL, BSHEN14B, [HEE LR TNEIERL, LRBOTSEEN 2.7 B, TR

oy HEL fg 4 HH 1 80 LS BTN, R H RSy AR, Bt Sy maR I, IR T

{3 H SigLIP-L #1 SAM-B E A3 FF 1 024x1 024 EIHG SN RS W0 gD s, JFEETTE4)2 T 30K to-

Chinese-LLaMA2-7B 701 PR LLaMA2 B, AR, se A ml i
ChatGLM-6B 6212, SRR IEXGE AT URE H AR, FET General Language Model 2244
ChatGLM2-6B 6212 ChatGLM 58 ZARRA, JEPEAEAITH, HErhrERe 55T
Baichuan-7B 7012,
Baichuan2-7B 7012 TEHC . AT, ¢4y, @RI SO AR T B AR B Tt
Qwenl.5-110B 110012
T4
Qwenl.5-14B-MoE 14012
THH A
Qwen3-8B 8012
GQA SEH AR %, i
DeepSeek-VL-7B-base 7014
ken iEk}_E )% H) DeepSeek-LLM-7b-base 4%
LLama-3-8B 8014

Meta 3 H BT — RIFIRA AL, F2Flid 15 T tokens (5 2 A TFEGR I 25, 7EHEEE. ARG AE A
AR 7 R L
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R S PR TR SR

ANFE LLM PEREXS EE W 3, 7R T LLMKG
TEARF LLM TR st b &5 5, mdr i 43 #0H
&£ 7R, lhop. 2hop F1 3hop 4 7| % 7~ COKG-
DATA ) 18k, 2 BkAn 3 BkiE .

%3 AEILLMMgexttt

LLM Thop 2hop 3hop
Moss-moon-003-sft-int4 88.6 83.4 79.1
Chinese-1lma2-7B 96.4 93.1 90.3
ChatGLM-6B 95.6 92.7 91.3
ChatGLM2-6B 98.7 94.6 93.9
Baichuan-7B 95.3 93.7 92.7
Baichuan2-7B 99.2 97.6 97.4
Qwen3-8B 99.7 98.3 98.5
DeepSeek-VL-7B-base 98.8 97.2 96.6
LLama-3-8B 99.4 97.9 97.6

FEF 3, A LW 52 £ LLMKG J7 i 7EA A
LLM R ERPEReR I T eNI{EIZrmt BT
BIRAF, HBHNSHEAAEZER, AFRLLM
BT g B A AR P RE SR iU R R ey . (A
B, ENEAR AT S BT R E A AN R AR . il
XA R LLM R IPEREFR AR, RILAE LLMKG
JiiEH, Qwen3-8BHL AL TR AEME, H
BT HHEBEE R 10 BKIRE /7, £ 3hop IR I
R . fEETRMSER T, KM ET
Qwen3-8B [ LLMKG 75 7% 5 HoAth 5 28 77 v i3k 47
XFEE
6.4 XtEbsEIg

AATTE COKG-DATA #4 4E FBeihs2e, ¥
LLMKG 7F 5 £ 53t i KGQA B AL FE AT % Lk, filt
4 LLM 5 H1H B 1 22 Bk 1] 2 A 7Y b ik 2 155 7Y
XL W4, B BAHAR R,

(1) EmbedKGQA: T ¥ 51K B ik A 77
PR FHAT Z B KGQA TS5, I Hadd ATk
BEFE IO SR 95D R B B (A e, B SRR L A
s 5 e P [ 2 i R

(2) TransferNet: & — ] fEREPEE R T 2

*4 LALLM 5EREER) 2 Bie)E

R SR BERINTEE
[t Thop 2hop 3hop SEME
EmbedKGQAP*! 72.9 80.3 86.6 79.9
TransferNet™®! 98.8 96.5 13.3 69.5
COKG-QAM™ 95.8 92.9 97.3 95.3
LLMKG 99.7 98.3 98.5 98.8

Be i B, ERAREACA SR, WA
KL SR oy BN T HEWT 2 2

(3) COKG-QA: i 19 hiim N #52 Fg =
AR E EmbedKGQA, K FH R A HL
i, K AN [ 22 1 f o T 81 S R N ) L R
A BN FE T AR

SR 4RSS R AT A, LLMKG 7£ KGQA
155 hARBLT HoA B R B R RIS, el 2 7E
i i 22 Wk 10 R TR I, AT S e ) SR R
B A COKG-QA. LLMKG [#)°F-#4 Hits@]1 1t 2 T+
T 3.5%. LLMKG J7 28 it £ 2 iR B ol b i)
FAE BAE A LLM 15N, {8 LLM 55 & b 2 fi# 7]
R IR I 1) RAH G R A, 33 1T A B HE A 1
B o X P EIR B 5ER 1 77 V5 A A>T LLM
A A HER B R B R, ARG AR L) S L
B RR B i 85845 2., LLMKG J7 2 fg
i BE R 1 b AT A BRI [ 5 A % ), R LR A
By J 22 Bk HEF (1 ) 8
6.5 JHRLSELG

N T BAEAR SCHE H T Prompt 9% 2 7 i 5
W 35T 7 P B I R R A R YR R
T IR SR B, CE AR ARHEAT Y R, ik
A LLM 55 115 P 1 1) 22 Bk 1) 2 455 730 90 i iz 06 &%
R 4proR. R X SEEG 1 B R .

(1) NK (no knowledge): ZFK7~{XUf#H LLM
AR S, AN F R B rh A 22 AT R
W, EIXFEOLR, LLM FAKSES N 0] k47
BRI, BRBAMEIREN .

(2) RRF (remove relation filtering): K72
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120%

100%@— —n P

80%

= 60%

Hits@1

40% r

X —6— \K
20 A)o\':_.__ LLMKG
: —®

Thop 2hop 3hop
(a) NK and LLMKG

20% —@—— RKT
i LLMKG

0 "
lhop 2hop 3hop
(¢) RKT and LLMKG

120%
| OOWK.H
80%

60%

]

Hits@]

40%

20% 1 —— RRF
—&— LLMKG

0

Thop 2hop 3hop
(b) RRF and LLMKG

120%

100% —— —
80% f

60%

Hits@1

40% 1

20% + RKJ
e LLMKG

0 .
lhop 2hop 3hop
(d) RKJand LLMKG

Fl4 e LLM 5 5niR B 1 22 Bk in) 2045 70 3 b s o6 45 S

Fr TR RIGIEFNG, AR top-K MHK KR,
T 2 A 2 S0 R i P oA R B0 i A7 58 REA A
KR RZHAT IS S AR B e X PR 7 V21 1) R FE
T ARERE O Rl A S RETLREZRIT
RIE R, ATk 2 T ELLM AL B 51R
TR, AT A & fEwtE . FamalTiR
T — g G R B B AT L R R PR A R TV
TR E T KR RAE AR kS FE R i
SR, DA R AR B s E A . XS
VH SR Ie v RRF 1 r) 2R AL, B an ey A B K #2601
Wi o IS S, IR TR & R 5
IR -

(3) RKT (remove KG2 text): FRERT
BT W B RN AR ROV, AR 2R 2
= e BT IE S, 1 2 EEE g tks
BALH A LLM. X — 15806 thop CHABE) )

SMa /N, {HAE 2hop (RUBK) A LA _F 1 22 Bk ) @t
i, T B A 4 ) 1 TR 2 B R L 1) B A
J70 Ma 258 i 4 7 SR AN 2 57 SR P A g A
HERE P ORI, JCHORAE G R A AR HEEAN
S A B 7 T ORI FU B . IR R W] 9 AL
18T T O R P i 1 A 0k g oK
AT s LLM B AR BE ), A2 iR A
Kb S5 K A B F N LLM

(4) RKJ (remove knowledge judgment): &
ANERR TR ARG, A OORYE 3 RS R R
SICHECNR R S AR A =ond, KR
REMWEBEANLLM AT 2. BT 28k
B AT 55 10 TR LRI SRR 2 5 2 SR S G
R, BERERFIWT RS 5, BT RER R B G R
AR R, FEEIEHR. Pan ST T
¥ LLM 5 AR S A 25 G 1 770, AR AR A
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T B A (KG-to-text) K 44 % &R $2 HL
(entity-relation extraction) F1 22 Bk # £ &% ¢ 8 4
Ao WAL, FIH FE A W SRS Can 32 8 sE Ak
2Rk Rets A AR a2 Bk i 2 i HE R
TR R A A5 JEL 520

i 4 g e e, A LLM AT 7]
B W, R AR BRI, LT JE v IR R ]
. IX R B LLM YA A TRAS 2 DUAE Bl 3 S
B S, A SR B 45 4 LLM AT $2 T i) 25 A5
B 2IEFHLER. Bk, HARAER
R B BRAE LLMKG BRI, A B8 4 AT
FHHEIGRAE S5, Rl I 9] AARAER FE AR
Feo PRI — D EAE B R M Re .
SERKHY], FEEBRKRIFIERKEN T, K
REIWTE 5 ARG IS BB 845 LLM, X Fh
77 ATV s 5 A G G IE B, LLMAE[RI %
e RIS 5 S PR AR 3 A KSR, 3 B A A
(515 o) R PRI RE 0 R B, R ) A ) R A8 )
O R R . R, ZeRRdh T B
R0 R0 VR A ST 0 1 BBk 1) 83 ) S W) AH X 0N
F R 9 LLM A £ w] DU fif — 26 ] 5 1) 45 1) 4k
HIR . SRT,  BEAE ) Bk RO S 0, LLM HE DA
— IRPEBR R K A MG AN, s e 2 A R P
R FEER . fJm, ZBRENR T S 2 Bk
) B S ROy B2, R D9 2 ik 1) 25 T G
FEZASLARMK R, R 8 SR Ak
FHKEE, TR REL R KR RIFFHEOL
BERMENE . LRG0T IR SLIR g BTk, AR
HEH BIHET Prompt [ 9C R IR SR ME . FE T 5
T 42 1) RN AR AR R R R TR ) T SR S )
Ldio
6.6 EEERERMEEST

N1 VAR B R AR BE, FEAT T4y
I 7B B R EYR R B top-K MRAREERE
it AR ZRIN[A] 2 TR PR 9% 2R o A 2R AR T 3R 14 e 4
PrinE s FR, % %78 i o2 1R R &R 2 top-K A

R = e IEM A E E R . TR
ZETT A, AR B top-K MK = nHBEE K
RN, (H2 % R R AR, X
e FONBEE KRR, SINT B2 5 i @6 K )
ySINTaS

. e =onAl
—o— BREME

50F 55%
40t 50%

= -

1R

111 30 45%5&%

K

= &
20 140%

30%

top-K
5 KRAEM A ERE B

BEA, R i E 6 s, 52
AR PR 4G 2R I 1) B A K S i g e 45
GRS EREHERFEE, AR top-K [
AR E N3, MIOE 75 B RS R
TIEF R AR, ARSI AL Z R, Jf
HAEHH 1R R I .

60 3.0
. R =004

sol —o— K 1o

X =04
K2R W il/s

top-K
6 AERMENERE T

6.7 FIREERGENAENM
AR AR fa] SRR R R B A BTV
W IER R A S A = e RN B RIE S
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A, NIMTSEI T B Sl 2. S8l #f
LB TTEARTE, ZITERM T RS S i
FR, (HARHAEE L. AT R T i% 5%
S R FREREE S UEOR Z m R 2

A R H T Ribeiro 2P 10 45 45 5 #5450
WG AR ER I SCAR A RO, R 2R
oy BARE E UK, IRz H LLMKG-CGE
TR YT B0 UEFE T B 1) SR PR AR i T 1
(4 b, A5 % LLMKG-CGE 5 A# fl LLM
A % I LLMKG-NK S F a7 B 3% 85 1
LLMKG #EA75%F b, 36408 01 28 A2 1 o v bk
frsem st RIMES.

®5 WNEFNREERG ARG R

A lhop 2hop 3hop “FEME
LLMKG-NK 22.5 5.8 2.6 10.3
LLMKG-CGE 97.8 91.4 88.7 92.6
LLMKG 99.7 98.3 98.5 98.8

WL TR S PR, TS H LIRS,
FE R 1Bk ie) BRI, R S5 A RR AL Y B AR TR
T OUAR Y B A AT S S R A SR AT S
B 7E Il 8 [ 25 R B 2Z AN K. SR, 7R
2hop 1 3hop [a] @RI, I T ] B 42 1) 0 IR P AR
R RBH T AR . TR AR R S
e B ANE S SURI T 2R B AR AR [ A R 22
A B8 AR RS R Af = o0 AR E S AN [ R A R
Ho W RA R B ARTE S SR E, O B
Wi R I A BRSSO, W RER Y
EIEABUE = e R SEBR & S, BRI E SRR AR
L REAE Uk /IN BT SOAR AR R 22 1R I SR T RS
It HAT LB e e e 1) 2% 5 HE R 1Pk

RICTTERITEREZ 2 A KRB R A5 . H
R P ) SR o A SRR PR e T
HEPEER AR A AT R s Prompt AR IR 45 K 15 M 4 5
515 B8 77 5 KA XS AR RN IR R R AR s B
RS T EF RIS U8 TR NG B %

FES AN . Rk PR 27 2 Wkt 2R 37 55 oAl LA
G AERPERE R RER . Bk, Rk TAE
A3k —20 M\ Prompt H 214l BEIE0. B £k
4 5 RV AT S BE AR ) 55 A P IR TR 9] B R G
ROR 5FaE Nt

6.8 BIF5ZIRSMIREEAARKMRRE

R AW R BAES S, ERERMENE
BREZMMEH RN, R CARBS M =TT
ZF ) T ) T S R VR S AV ST o ANHE R R ) T
T LM AT 2 %% 2N ] /5K o el A2 24 T 98 K
I 1) 249 AR B A S I, AN EE RS B A A A7 AE
RIEZMR TR E . B EFRER M, g
) E R RIERAYES B SOE R .

e, R AT I O R KR A R, ) dn
AT SR E R gt T I B T A I AR R
&, BRI R0 S A 5% R (A 1 FR A
N2 A0 i SE N PR A B RE ). ik, IR
SR HE H ) B A 0 I B (temporal knowl-
edge graph, TKG) @i 5| AWM E. H4FF 5
55 SRS @SR, BRI TR B
HEMRANE X681, fEARKTAEF, mIgks:
eI A PRI A RE /). B, TwiRGCN i il 7E
P35 AR X 2 v 5] NI [B)BCEE AL AN T 14 24, K
T AE Z Bt 7 2% (W TimeQuestions (45 48 )
ks FE SR T 9~10 N 4 i - B TR R
Chen 25142 4 1) Multi-granularity TKGQA 77 5,
BANHTMEAL I T 2 KRR A1 2R I R R, IR
37 | CronQuestions %5 5 & 24 & B 8] v] 225 B0 45 .
XL AR, R A] [ 2 55 R 51N R U (R
P BE % & 2 SR THSE AL ) A S L HE R RE ) 5
TR .

ok, fERITIZW . HRHER . LSS
PréE SRR, SORME BUH H LA AL
RIBTEREAE S, TEME S B, AT N 2 AL
gl o E KERHER. TR —Hkik,
Z B R B (multimodal knowledge graph,
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MMKG) #Ht, 1EN—FfEIR. SO, &
S RS 5 G A RR R 5 1 R — 8 HEZE,
AR T G0 FR B 1) 4 A 1 ] HE R,
R TV RIA R B TR SO g A,
Lee 2532 ) MR-MKG. He FI Wang 42 i 1
Multimodal Graph Transformer 5 /5%, C7E 2%
A ) B 5 HERAT S5 b R BLH AR etk e, B
T MMKG 75 8 5 A 7 1 SCPE gt 55 41 21 € 0 5 i
(g 77, SR, BLAETERZ BT 2B,
G Z BT i) R S5 BT 5 BN SOERE .

AR, AR AR IR ) 8h AT Bk
BL” AT BRI TT AR mT 9 e ) 48— HESE «
FEFI P HR e, AR TR U BB 5 2 s
KA AU E 2 AT, JFASS R
EANRTE S, SEILENIR ) & 850 FE 518 XY
5Re IZFME AN BTG IRTT 0] 25 RGO I i 4 5 %
HUE B N RE Ty, WA EHES) RGN RN IK
A7 ) “HNRIREN” AR, R R ARG
SRl Y. BEFE RSP IIN LR

7 ZERIE

AR ) LLMKG J7 3 3 1o 45 4 46 S0 iR
K% LA Prompt JE XGE AN KIE SR, AT T
BERLAE 22 Bk 0] B AT 55 P e M S o et . 1
TR R & R EEAERIAE T, A8 LT
P ETHE NG 2 M M LLM. 51 N a4 %0
G IR G 5 Z AR S AR, R RE L F)
BTN ERG S TIBERT. A, 3
B 7 AT A7 AE Prompt A& OB T BIREEA
THEIF RS 8. AR — B RR B3k
Prompt A= il 55 IR B 1l &+ M 3 e 2 AR
FRELS ST, DI m R RE B
CIEESER LIRS 3 4

SRR :

[1] CHEN R R, JIANG W F, QIN C W, et al. LLM-based multi-

(10]

[11]

hop question answering with knowledge graph integration in
evolving environments[C]//Proceedings of the Findings of the
Association for Computational Linguistics: EMNLP 2024.
Stroudsburg: ACL, 2024: 14438-14451.

TAN X Y, WANG X Y, LIU Q, et al. Paths-over-graph: knowl-
edge graph empowered large language model reasoning[C]//
Proceedings of the ACM on Web Conference 2025. New York:
ACM Press, 2025: 3505-3522.

ZHOUT,CHENY B, LIUK, etal. CogMG: collaborative augmen-
tation between large language model and knowledge graph[C]/
Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 3: System Demonstra-
tions). Stroudsburg: ACL, 2024: 365-373.

PAN S R, LUO L H, WANG Y F, et al. Unifying large language
models and knowledge graphs: a roadmap[J]. IEEE Transac-
tions on Knowledge and Data Engineering, 2024, 36(7): 3580-
3599.

HUANG M L, DUAN L, ZHANG Y H, et al. Prompt learning
based unsupervised relation extraction model[J]. Journal of
Computer Applications, 2023, 43(7): 2010-2016.

LINDERS J, TOMCZAK J M. Knowledge graph-extended re-
trieval augmented generation for question answering[EB].
2025.

LU Y F, ZHOU Y G, LI J, et al. Knowledge editing with dy-
namic knowledge graphs for multi-hop question answering[C]//
Proceedings of the AAAI Conference on Artificial Intelligence.
Palo Alto: AAAI Press, 2025, 39(23): 24741-24749.

XUY, HE S Z, CHEN J B, et al. Generate-on-graph: treat LLM
as both agent and KG for incomplete knowledge graph ques-
tion answering[C]//Proceedings of the 2024 Conference on Em-
pirical Methods in Natural Language Processing. Stroudsburg:
ACL, 2024: 18410-18430.

YANG Z K, ZHU Z X, ZHU J. CuriousLLM: elevating multi-
document question answering with LLM-enhanced knowledge
graph reasoning[C]//Proceedings of the 2025 Conference of the
Nations of the Americas Chapter of the Association for Compu-
tational Linguistics: Human Language Technologies (Volume 3:
Industry Track). Stroudsburg: ACL, 2025: 274-286.

LIY D, SONG D D, ZHOU C Z, et al. A framework of knowl-
edge graph-enhanced large language model based on question
decomposition and atomic retrieval[C]//Proceedings of the
Findings of the Association for Computational Linguistics:
EMNLP 2024. Stroudsburg: ACL, 2024: 11472-11485.

SHU D, CHEN T, JIN M, et al. .Knowledge graph large lan-
guage model (KG-LLM) for link prediction[C]//Proceedings of

the 16th Asian Conference on Machine Learning Research Ox-



[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

« 82

ford: Pergamon Press, 2025: 143-158.

LIU P F, YUAN W Z, FU J L, et al. Pre-train, prompt, and pre-
dict: a systematic survey of prompting methods in natural lan-
guage processing[J]. ACM Computing Surveys, 2023, 55(9):
1-35.

CHEN X, ZHANG N Y, XIE X, et al. KnowPrompt:
knowledge-aware Prompt-tuning with synergistic optimization
for relation extraction[C]//Proceedings of the ACM Web Con-
ference 2022. New York: ACM Press, 2022: 2778-2788.

fk#, Tk, VESRE . —FhdE T Prompt 22 BB R A B REAR K
FRAMEU i CN115687609A[P]. 2023.

ZHANG C, ZHANG N, XU L. A zero-shot relation extraction
method based on Prompt multi-template fusion: CN115687609A[P].
2023.

LUO L, L1Y F, HAFFARI G, et al. Reasoning on graphs: faith-
ful and interpretable large language model reasoning[C]//Pro-
ceedings of the Twelfth International Conference on Learning
Representations (ICLR 2024). Vienna: ICLR, 2024.

ZHAO HY, CHEN H J, YANG F, et al. Explainability for large
language models: a survey[J]. ACM Transactions on Intelligent
Systems and Technology, 2024, 15(2): 1-38.

WU Y, HU N, QI G, et al. Retrieve-rewrite-answer: a KG-to-
text enhanced LLM framework for knowledge graph question
answering[C]//Proceedings of the 12th International Joint Con-
ference on Knowledge Graphs (IJCKG’ 23). Tokyo: IJCKG,
2023:10.

CADEDDU A, CHESSA A, DE LEO V, et al. A comparative
analysis of knowledge injection strategies for large language
models in the scholarly domain[J]. Engineering Applications of
Artificial Intelligence, 2024, 133: 108166.

DU H F, LE Z W, WANG H F, et al. COKG-QA: multi-hop
question answering over COVID-19 KnowledgeGraphs[J].
Data Intelligence, 2022, 4(3): 471-492.

WANG J B, LEI J, SUN S N, et al. Embeddings based on
relation-specific constraints for open world knowledge graph
completion[J]. Applied Intelligence, 2023, 53(12): 16192-
16204.

CHEN Z Y, ZHAO X, LIAO J Z, et al. Temporal knowledge
graph  question
Knowledge-Based Systems, 2022, 251: 109134.

ZHENG R, DOU S H, GAO S Y, et al. Secrets of RLHF in
large language models part I: PPO[EB]. 2023.

CUI 'Y M, YANG Z Q, YAO X, et al. Efficient and effective
text encoding for Chinese LLaMA and alpaca[EB]. 2023.

DU Z X, QIAN Y J, LIU X, et al. GLM: general language

answering via  subgraph reasoning[J].

model pretraining with autoregressive blank infilling[C]//Pro-

[25]

[26]

[27]

(28]

[29]

[30]
[31]

[32]

[33]

[34]

[33]

[36]

[37]

[38]

[39]

ceedings of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers). Strouds-
burg: ACL, 2022: 320-335.

YANG A Y, XIAO B, WANG B N, et al. Baichuan 2: open
large-scale language models[EB]. 2023.

BAIJ Z, BAI S, CHU Y F, et al. Qwen technical report[EB].
2023.

YANG A, LI AF, YANG B S, et al. Qwen3 technical report[EB].
2025.

LUHY, LIU W, ZHANG B, et al. DeepSeek-VL: towards real-
world vision-language understanding[ EB]. 2024.

DUBEY A, JAUHRI A, PANDEY A, et al. The llama 3 herd of
models[EB]. 2024.

QWEN TEAM. Qwenl.5 technical report[R]. 2024.

ZHANG Y, LI H, WANG X, et al. Efficiency analysis of large
Chinese LLM[EB]. 2024.

RAJBHANDARI S, LI C L, YAO Z W, et al. DeepSpeed-MoE:
advancing mixture-of-experts inference and training to power
next-generation Al scale[EB]. 2022.

BAI C, ZHOU Y, ZHANG Z, et al. Long context: beyond 100
K tokens[C]//Proceedings of the 32th Conference on Empirical
Methodsin Natural Language Processing (EMNLP). Strouds-
burg: ACL, 2023: 4980-4995.

ZHOU Y Q, LEI T, LIU H X, et al. Mixture-of-experts with ex-
pert choice routing[C]//Proceedings of the 36th Conference on
Neural Information Processing Systems. West Chester: Curran
Associates, Inc., 2022.

SAXENA A, TRIPATHI A, TALUKDAR P. Improving multi-
hop question answering over knowledge graphs using knowl-
edge base embeddings[C]//Proceedings of the 58th Annual
Meeting of the Association for Computational Linguistics.
Stroudsburg: ACL, 2020: 4498-4507.

SHI J X, CAO S L, HOU L, et al. TransferNet: an effective and
transparent framework for multi-hop question answering over
relation graph[C]//Proceedings of the 2021 Conference on Em-
pirical Methods in Natural Language Processing. Stroudsburg:
ACL, 2021: 4149-4158.

WANG D Q, WU J, GUAN L W. Industry knowledge base con-
struction based on knowledge graph[J]. Manufacturing Technol-
ogy & Machine Tool (8): 74-80.

MA A, YU Y H, YANG S L, et al. Survey of knowledge graph
based on reinforcement learning[J]. Computer Research and
Development, 2022, 59(8).

RIBEIRO L F R, ZHANG Y, GARDENT C, et al. Modeling

global and local node contexts for text generation from knowl-



« 83«

BERE 2025 45 118

[40]

[41]

[42]

[43]

[44]

[43]

edge graphs[J]. Transactions of the Association for Computa-
tional Linguistics, 2020, 8: 589-604.

SHARMA A, SAXENA A, GUPTA C, et al. TwiRGCN: tempo-
rally weighted graph convolution for question answering over
temporal knowledge graphs[C]//Proceedings of the 17th Con-
ference of the European Chapter of the Association for Compu-
tational Linguistics. Stroudsburg: ACL, 2023: 2049-2060.
CHEN Z Y, LIAO J Z, ZHAO X. Multi-granularity temporal
question answering over knowledge graphs[C]//Proceedings of
the 61st Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). Stroudsburg: ACL, 2023:
11378-11392.

ZHU X R, LI Z X, WANG X D, et al. Multi-modal knowledge
graph construction and application: a survey[J]. IEEE Transac-
tions on Knowledge and Data Engineering, 2024, 36(2):
715-735.

KEJRIWAL M, KNOBLOCK C A, SZEKELY P. Knowledge
graphs: fundamentals, techniques, and applications|[M]. Cam-
bridge: The MIT Press, 2021.

LEE J L, WANG Y Q, LI J, et al. Multimodal reasoning with
multimodal knowledge graph[C]//Proceedings of the 62nd An-
nual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers). Stroudsburg: ACL, 2024: 10767-
10782.

HE X H, WANG X. Multimodal graph transformer for multi-
modal question answering[C]//Proceedings of the 17th Confer-
ence of the European Chapter of the Association for Computa-

tional Linguistics. Stroudsburg: ACL, 2023: 189-200.

EE ]

FEEL (1988-), B, WL LEK¥GiS
Bl Bl Bt 4, BT A AR
BHEHHEML,

& /ﬁ

FEIR (2004-), 2, WL LR RZETERE,
BT 0 B A WA A SRV S AL

HiFE (2004-), &, WL LR REEE:,
FBHFFTT RN REAE B AL S 2 RS A

AL .

BREIF (1999-), &, WL i K2+
A, FERASTHAEEHAFTNARES
IbEE,

BEE (2002-), Z, WL L KFEmE
A, EERFFT N BHE MR R

BEEN (1973-), 5B, L, WL LK
SR, TEMRATANPERT SR E
2K



