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Study on Knowledge Graph Question Answering Methods Incorporating
External Knowledge

BAI Yuntian, HAO Wenning, JIN Dawei, LIU Xiaoyu
(College of Command & Control Engineering , Army Engineering University of PLA , Nanjing 210014, China)

Abstract: Knowledge graph question answering is one of the hot research areas in the field of natural language processing. Existing methods
face two main challenges: difficulty in understanding complex natural language questions and limited semantic interpretation of entity repre-
sentations. To address these challenges, a knowledge graph question answering method called DEK-KGQA is proposed, which integrates ex-
ternal knowledge. First, a joint graph is constructed by combining the question knowledge graph subgraph and the QA context. Then, the rele-
vance scores of nodes in the joint graph are calculated using pre—trained language models. Finally, external knowledge is introduced to en-
hance information interaction and reasoning ability during the question answering process. Experimental validation is conducted on the Com-
monsenseQA dataset, comparing the proposed method with existing methods. The results demonstrate that the proposed method achieves better
performance in commonsense question answering tasks, validating its effectiveness. In addition, ablation experiments are conducted to evalu-
ate the impact of each component on the overall performance.

Key Words: knowledge graph question answering; QA context; pre—trained language model; external knowledge

FARZ TR A HERNSC R o PR R B {45 Wikidata'! |

NELL"™' Freebase'*! . Dbpedia' Fl1 YAGO" 45 . IR &K1 7]

AR LA SR FIR A ) U S A R AR R 3
PEAES , MRS E R A 2R 1R 5 AL BT A — A F RN TR S

FERR AL FTRIEIE & — A MR | oy 48 A0 o SCI 2%, H BE TR RT 3 ) 25 14 75 125306 40 R IR < o ST A

MRS AR — A BAR B SR B, 4 2 AR A FEARTR . I ST TR R G T RS ALY A AR

0 35

T

Y7 B #5:2024-04-13

P AERBRNES >

HEWH: B T b3 KL+ %5 8 (JCKY2020601B018)

EER-N . A= X(2000-),8 , B ELRKRFHRBEEHN IEFEALAL L, AET AN A KRBT, HRLT(1971-), 8, ¥+, &
FEIBRRFHRFELEHNIERFRHEE LA FIT IR T QN KRBERRZ LR KB EFREF T 3 RE(1979-),
B, B EIAEKRPIRELS TRFREIE, R T @A RBEIBEERZ A ;2 05 (2001-) , 4, B £ T2 K FIRER
HIRPREA AT O EFRMIFETAE, K@ REH AT,




29 1

Pl 2R, B30T R IR 55 Bl S AR AR IR 3 ) 25 5 BT 5 - 57 -

T (R A SR T AR AR B 45 4 Ak A TRl E A A
IRIE SRR IS T A OC R TR BEAT UL, 15 Hh I A8 R
VTR AR FUARTR 5 R UHEA T i 44 SR | ST
7 AR A LUK LG A R S5 R Ak A i s ), S R
T AR AT UCEC . AR, A0SR SR BE TE A R 0 AT
3, A RE - B AN DL, HE TR e 1A e . 1R R
FR7 W OCHETE TR 1 AR08 7 ) 5 R R R 3 o 1 S
9 28 2 Al D e ik 1) o, O fet FHARMLLRE DR E 1) D7 =0z A
HEFP 258 o %07 TR 2o K [ JURI R AR PR Hh A SE A 5 6 &
W55 B — I 4E 2 [B] v, ST R) RS R PR 3 Y 1 LI
B, DT BE 8 A A4 1 0.3 5 (R AAH OC 145 2, IFAE AR B
IS . T T LAl R AR R AR, i T
AT S e R R IR A, Bk = R i UE R T
B SRV FC I AEAE HREHEAT (a7 5 ) 7457 £ DL IRC , X LA 3l
PSR Z 1) 1 IR 2 U OGRS e 1 25 52 1Y) o
ik

PG, o 7 4 v R 3 ) 25 RO MERA . AR S5 i
FHAE SUIE BT FAE B A R J5 i, 42t DEK-KGQA (DEscrip-
tive Knowledge for Knowledge Graph Question Answering) J7
o B PSP GRih 5 A AN 0] B — R 00X AT R AR 42
U, DU AR () 0 5 285 28 Z [E] i o SCOC R TR SUfE L, 48
JR A5 TR EEA 2GR IS 250 5 B AL TR
B R =02 GRSk SR RS BUAHCE - 4L
FFREPEAT o0 e 1 =0 . A, SIS AR v i
PRI 50 ST A B 18 SO R B MR R . RS R )
T VEHE ) =TT AN E S A BN T i 5 BB albert
TR TR IE R R A5

1 HEXIIE

A G0 T RN B 1 SCAW BT 7 V38 5 TURE SR T
T SCHLNLKS AR TH 75 e 4t b nl BEAR A IE . Hakimov
AT R A0S O R A ATTART () 4 R RS 1 8
AL IEAUR AR B A SR BE AN AL A 3 A9 07 1, AR
7] B30 (1) 375 SC 7% R RE (9 4% 35 41) o Unger %% Walter
AL Y T TV ARE 08 4 0 s 1 1 SUARATT 1 R P
AR, JFAE SOGB4 SPARQL A 3, DA 1T A1 R 1A 33 v
EXIPS SO (SN S R (S LD NN S €1 IR
WA AE—SE BRG] . O T et ) AL, Yih 45O
A PSR A R AT, - D5 R R A PR 45 A A DR
A R — MR AR R, 5 AR R TR 25 26, mT
DT G b 38 7 52 % 1) 20 Bk AR 249 B TRt 7 0 M 0 A A7 45
RATESF 1, Zh S5 TIRRIR S 5 25 X 1628 5 0 25 )
FTEAE, I 2 i SRR 5C 2R 7 A ) U | DA S A H X
OrE IR A R IE AR i) o AR, b 3R T7 vk AR BEAR A M filf 92
BN AT TR SO AR, S BUE U AT AS RN G HER

S TR B ER BY J7 1k T8 W S ) DT R AR S

HEF R A5 F 5 P i A TR UAH O ) R B S AR | 1k B
KF o Flan, i A S AL B 3 2 71012 M 2% (BAMnet)
o 5 LT PR 1) AT 4511 L 320 W f T R R
G Sy — A [ ) i A\ 2 [ 30 Ao ] A S 5 4 2 48 5
A Z 8] ()25 Z8 B A TN B 3R, SIS T 5 A G (A5
B BT Z0r AU 1 T 5 ] 8 S 4 A DG Y
VEZE SR, X F U I Z2 Bk B () 81, AT I T2 e 2 31
CERFTRWIEOCER . N T P R R, A5 AT R
JE v A OG5 B M T R AT HE T2 SR, LG
A ReARE B 4y, IR0 AR AT REANTE 1 18 rh , DT 2 34
R M P A R SE A8 o N T R R A B ARCR , X AT
$& 1 DEKCOR #2884 | FI] F 5¢ 8 1L B 5 Fl A Wikipedia 45
SCARTE Rl Hh B B ) SR S 119 £ 8 R [l 28 1 m) R, 3 o
PAHTR PEL 33% rh ks 2R AR DG A I 3, I8 SCAR S BAE R
T CE B RGBSR s, DUARAS SRS B 1) R R A
Yasunaga 55549 A AL T K 55 TR R RN U L A 45
A, 38 3 B T R T L Y A 28 ) 4% (Graph Neural Net-
works, GNN) 2 #& 1 S A& 3 4l #2715 AU Z [ 1Y X &R o Sun
A5OSR i 3 D BB Rl A R R R ] e 2 R
KNGS RN IR T — > BT RS P DA ] o B3 T ¢
. Wang 5T —Fhag B4 W ER ALY 58
BN T TR [ o 2 I 2% 11 e — 2 A AT DA A T A
I {55 384 . Choi 251 H — Bk O 8 il S92 (A 700 43
BLHI Y 7, T T TR 18 3% b = e 4 By i S 44, LA
i TR R TR P13 A s Y ) R
AR 25 I LRI AR Rl A SN R A R

)25 75 1% DEK-KGQA . %18 Feng % 19 75 1 4K BUATR
P 151, A Ta) 80 8 R DG S A AR g B 5 5], 3 1
5 AR ) S A5 SRR S o I A A SR B R O
FERE , LASREUAS o0 foc i B = oAl GRSk, 6 R B SER)
22 SCER 14 1 g L ASMER RN T3 2% 5 A Sy il 5
HE BRI AN A o B AN ARSI AT LY R
A ) R L, 2 5 ARG I A

2 FHiEZLY

2.1 HERMEARR B

RS G E— D H mE (v, E), Hirp v R RS2k
HEE ERRRANES . WNTHAN KR el  AF1E— XA
FF SR (h, ) eVxV, B =04, Herp b 2 Sk S 2 B 5K
I, — A =Ie Al LR N (hyr,t) s

YHE— ARG T A g — AR S G i — >
WERER A={a, ay, ...y a, VS ) EAT 55 2R 2] —
MEZE aeA 15 a & g 75 G T IERRE

TG TARSONEH IS RN
2.2 FHiEHRR

DEK-KGQA ZER NP 1 firzR o Xt T4 1) g Ko H R



- 58 - BT T

2024 4

Table 1 Symbols and their descriptions in this paper
F1 FUHFSKREHR

ANE R o, AT LADFHE N —A QA 1R 30 51 BN IR 15
Blgeale FETICHR15 10773k, B AR B0 2Rl 5 8

5 %ﬁﬁﬁ HUNE ¢ HEATHRFE SR I, 15 B HAT IR 2R, FFEE X g PVATA
G P - N N
v A PELTIE T 3 4P s H A K QA LT ST A e Al g T )
E KRR AR EISARAE R — N ERE R U T 3
h HAZord Ak sk FEHE QA LR 3T A5 o ARG B U BT AT AT AU R
' A R S TN 53 25 R 5 45— X005 2 AR D S8
t ) ¥ &> N s N TR 4 NEECabS
q IR FEBZAT A AE R BT S AT AMRRAE | H e DRI & 3 v
a bes St AR e i = ol FEAR BT A B S — ot
g IR T Jo, FETAE B T 2, AR SN 2 A5 2 [ B S A |
c I —HJ‘}.LE Ju. e puu—. S s N N P
. R S AR = TEAL ST PR B (5 . 46 RS TR P R
y'/ S R A | = oo M = o R P S — AT A,
v, S LN FEAER AP HI R GG AL B R I [CLS IAric , &A% A SCAR 1Y
v e AR FEURINLSEP AR T, 520K 58 BT 54 A albert $08,
T CcA HIHY R AR .
g q = t S % ) - , = = A
. RV Z ISR F 2L F 3 2 7 a0 AR F 2L K softmax JZ 77 4 — >R
V. e 2RI IE 24 S T RE R A
| s — — —
—— |
[N ~
[#mi2 ~ O B [T
I
A |
> m — ——
iﬂ?ﬂﬁ BaEU : attention
r”Ji%ﬁ%if]IﬁX'T —— AR SR g Ifgzgm_ - :‘——— > albert » w-%%jlg:d »  softmax
sadnpan | | |-
L 5 @) [00] I
EFCH e - :__—- =t
2 |
! |
! |
jmmmmmmmmm [
| I
Fr———bk—-—— rm—————— |
| g | S 7T ep———
Lo [

Fig.1 DEK-KGQA architecture
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Where are you likely to find a hamburger?
A. fast food restaurant ~ B. pizza
C. ground up dead cow  D. mouth
E. cow carcus
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Fig.2 Joint graph of a question in CommonsenseQA
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Fig. 3 Process of calculating relevance in the joint graph
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fe Where are you likely to find a
hamburger?
YET A) fast food restaurant B) pizza
* C) ground up dead cows D) cow carcus
[Al AR SEAA hamburger
A hot sandwich consisting of a patty of
cooked ground beef or a meat substitute,
[F] R AR in a sliced bun, sometimes also
containing salad vegetables, condiments,
or both.
PRI restaurant
An eating establishment in which diners
T+ are served food, usually by waiters at
e their tables but sometimes (as in a fast
food restaurant) at a count.
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Sk sk hamburger
A hot sandwich consisting of a patty of
S5k cooked ground beef or a meat substitute,
ok in a sliced bun, sometimes also
ML containing salad vegetables, condiments,
or both.
RSk restaurant
An eating establishment in which diners
JEEKN are served food, usually by waiters at
R their tables but sometimes (as in a fast
food restaurant) at a count.

Fig. 4 Example questions and analysis in CommonsenseQA
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Table 2 Hyperparameter settings
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Max seq length 192
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Weight decay 0.15
Warmup proportion 0.1

Loss Function CrossEntropy Loss

Optimizer Adam
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Table 3 Comparison results with different baseline models on devel-
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