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Abstract: The question-answering system based on knowledge graphs can analyze user questions, and has become an effective way to
retrieve relevant knowledge and automatically answer the given questions. The knowledge graph-based question-answering system usually
uses a neural program induction model to convert natural language question into a logical form, and the answer can be obtained by
executing the logical form on the knowledge graph. However, the knowledge question-answering system by using pre-trained language
models and knowledge graphs involves two challenges: 1) given the QA (Question-answering) context, relevant knowledge needs to be
identified from a large KG (Knowledge Graph); 2) we need to perform the joint reasoning on QA context and KG. Based on these
challenges, a language model-driven knowledge graph question-answering model is proposed, which connects the QA context and KG to
form a joint graph, and uses a language model to calculate the relevance of the given QA context nodes and KG nodes, and a multi-head
graph attention network is employed to update the node representation. Extensive experiments on the CommonsenseQA, OpenBookQA
and MedQA-USMLE real datasets are conducted to evaluate the performance of QA-KGNet and the experimental results show that
QA-KGNet outperforms existing benchmark models and exhibits excellent structured reasoning capability.

Key words: knowledge graph; pre-trained language models; QA context; multi-head graph attention network; joint reasoning
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Fig.3 Diagram for calculating node’s relevance
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Fig.4 Case of a multi-head graph attention network
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YRR R BCE R JIHUH] RENE 1 PP A IR AR SR, IR T e AT BT R SR RS KR IR A
BT R ¢ BORAE D B S AT IR R BHR A A B S, 002 S (8) .
S=15) ®)
oot f, R ML T 1 BT s B9 A ¢ 0VE R AR o, B 526 150 query 10 BEAN key 6,45 51
BN g, M kS5 EINA R(9)-2A X (10) Ak,
g5 = 1,0, u,, S) ©)
k= fi(h, u, S, Ry) (10)
e fy A0 fi R 2 kAR e R B R B U ALE T 57 SN A sNAD-A A2 PR, T o B #AE,.D For g,
IS 3

exp(R,,
ag = softmax(Ry) = Z pin;()R ) (11)
t*eN, U{s} :
T
k
Ry =45 12
t \/5 ( )

R g AN RETR o, QA £ F AR ERE K o B EMBERAME PINARA3)
PR,
P(a | q) = softmax(MLP(T*, T, g.)) (13)
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g,~AttPool(T"", 1, 1) (14)

Horp TMROR QA B SCHT AL T RAE RN 7 B, TOMY S AR T PP QA R L A T Z 3k

TR O A AR A (@) iR ELg, Rk Al A, PSR B G (AttPoo) P S 4 R v e v, AE
ZRAE b AN R g BT — AL SR TR — > IE A 146 T, SR 5 A 38 SR 45 2R A AR B AT 6 52 I 2.

4 ZRERSHF

4.1 BEE

A SCHRHE SCHR[23] B9S2 36 3 B, 70 B 4E CommonsenseQAPY. OpenBookQALP I MedQA-USMLE 52 ¥
410 | 347 5256, CommonsenseQA 57 12,102 AN [ f, &R AN 1] FBU 5 5 AN I, 75 B4 A 3 TR 0 IR 3k AT i 7.
AR SCHRIE SCHR[18] R 3R 77 20K B4 22 3% 7> 77 A CommonsenseQA #E4T#54) 2.0penBookQA 7% 5,957 41
LR 0] R B 4 ANk T, 75 A R AR 2 H R R AT HE SR AR 3OS A SCHR[25]1%F OpenBookQA B 7 4 &2 ik
179743 ° MedQA-USMLE L8 12,723 A fil J, 55 A I A0 55 4 /326 T, 5 210 ) A2 0 % 2 I R S A AT 4 3,
{5 F SCHR[3911 IR S B3 4% 49 7 125,

T CommonsenseQA Fl OpenBookQA #(4E £, 4 SC ik 55 it F A4 i 1R 11 ConceptNet 15 45 #4011
R G I 799,273 AN fUF 2,487,810 #1203 SCHR[22] B S RN HEAT 17 RUBRARIAE 4L &, B IG5
RN H T ConceptNet H [ BT A = Je 4,98 J5 NN SEARTE — N R ERIR.

% T MedQA-USMLE, fif I 1 —A™ I A4 22 ) S iR i e R R T G — R 2415 5 R4 DrugBank P 44
¥ PEL AL A 9,958 AT AR 44,561 251448 ] SapBERT! 1y 512k 42 FR o Xt 1 sk N EAT W6 4.

7T NGB ENREE ConceptNet HRI RO S FEFEEMTE ¢, FEIHN QA LR HRSHEIFEE
185423 ConceptNet [ SE A4 i K J5 18 A IX B8 SEAR SR GG 40T FER V7, 0 985 4 SE AR 22 ] 1) AT AT 19 0k it 4% o
A SRR E] v, PR PATAEAT SRR, RFRRE v, h W R W A i, & A5 3878 6.

4.2 FfEER

T 25, 7% FE AT T ZR1E o5 R TR 1) 3 B AL SR AT 17) B4 %5 RoBERTa-large!** 1 T+ CommonsenseQA i
#54E ¥4 RoBERTa-large!**/fil AristoRoBERTa*/H - OpenBookQA ##i £ %} T MedQA-USMLE #4452, 1 Fi 4=
)& 25 5 B8 SapBERT!). H i RoBERTa-large Fl AristoRoBERTa 153+ BERT 4!, J& T KA I 615 =
A IE T 5 R AR HERL. 77 SapBERT & & T A W 22 40U S = Tl 5.

SRJG, 5 R A FH T 2508 55 R 5 R P 5 A I S HE AR AL A5 KagNet!'”. MHGRN(Multi-hop graph
relational network)®?!, QA-GNN[1, & Z [ £%(Relation network, RN)™®), RGCN(Relational graph convolutional
network) 71 GeonAttn*®! H: g1 RN, RGCN #1 GeonAttn 72 3 - 3¢ R 850 1) B #4122 X 4% KagNet A1 MHGRN
— 3P0 R G R B AR HEAT B T AR AIE S8 25 F S RN B BT AR UE T IR R AT HR QA-KGNet 1
[Fi] {75 5 AR
4.3 ZIMT

AR SCKs % 3 BEIE B R ) B4R D 1B 200,250 L N 5,482 114 dropout 4 0.25.3%#% Adam!*”)
TENSHAAZE MR/ N BB N 64,18 5 BRI 2 1 R 80h 1%107°, 2 3k B R BEE ) 2% 5] 5 80h 2%107. 5256
T {31584 Intel(R) Xeon(R) CPU i7-6700k,32GB P 17,256G SSD,Ubuntu 20.04 #:{E &%t LL & GPU(GeForce
RTX 3090 Ti).f# F PyTorch AE42 "SZ LT $R A6 7Y

2 https://github.com/INK-USC/KagNet

3 https://github.com/allenai/OpenBookQA

5 https://github.com/commonsense/conceptnetS
6 https://github.com/INK-USC/MHGRN

7 https://github.com/pytorch/pytorch
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4.4 HERZEN

K s FE 6 2l e TR EZEER A CommonSenseQA F1 OpenBookQA Hi#E4E LG &5 - AW S
3% ] RoBERTa-large(fA 5 & RoBERTa)*ff: 1% & #5  RoBERTa(w/o KG)Z /XA FH %15 = B A P AT i) 2
{£% 5t Fi%#% RoBERTa-large 1E N 1E 5 8 1) HA L AR B A SCFTHE QA-KGNet 7EH K& 5K E LT
FR B IE R 2 = W HETR R ) N B %1 fE CommonSenseQA 1A 4E I,QA-KGNet tt RoBERTa(w/o KG)FI#EHZ =
5.32%, . MHGRNP I fEff 5 5 2.41%.7E & 6 H 3% FH 5 Fh i 55 128 (B RoBERTa-large Ml AristoRoBERTal**!)
3 590 35 A 7N T 10 35 v A R R AT 1R 1 SR R 45 SRR WA AE OpenBookQA H ¥ 4E I, BT QA-KGNet 45 & A ] (1115
S %Y (Language model, LM) [ HER 235 Ry fk . IR TR0 45 UL T 22 T 2 Sk R R TR SRR T/E B8
BEH I, B QA-KGNet 5 [H HIIE 5 B AU AR 45 A 5 RE S5 I BE S T, i iy Jak o A5 8 8 4 1 (R B ik -
R IR TR AR AL R AL LR S0 B BE A AU A R R RE R A R

78
ORoBERTa-large(w/o KG)
6 BRoBERTa+RGCN
'Tr BORoBERTa+GconAttn
T — :u ORoBERTa+KagNet
— — ! BRoBERTa+RN B
S B o [ |: DORoBERTa+MHGRN :u
e 2 Y DOROoBERTa+QA-GNN 1/,
& e : I W ROBERTa+QA-KGNet I :
w70 e ! I
o - 1 1
68 oy ¥
1 1
1 1
1 1
6 ¥ 1
1 1
1 1
64 1! L

Development set Testing set

Fig.5 Accuracy comparison of different baseline models on the CommonSenseQA dataset
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£ 75 | DLM+QA-GNN ]
- . LM+QA-KGNet —
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RoBERTa-large AristoRoBERTa

Fig.6 Accuracy comparison of baseline models by using different language models on the OpenBookQA dataset
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R I HERA 22 1 . SR B 45 SRR B, SapBERT 1 Titdll #E 4 2 1% T BERT. RoBERTa #ll BioBERT, X’ SapBERT 1§
F 1 M B 2 = SO, T A 0 5 A 25 2 S B R 7 2 T 33 T 7 70 A A2 A 0 25 5% AT (R 48 B 3 SR &R,
7 S At of LA 2856 45 s 40038 6 5 1) i Ak 3 90 R TGV E B A7 412 K5 T B2 QA-KGNet 55 SpaBERT 454, Tl
HE R AR T H A 38 S A R v JR A T QA-KGNet [R5 & T B8 S 5 508 B (6 & 26 &, I
SpaBERT V1515 & QI BE i 8 1 5 32 G 56 1) S A 10 80T 2 Sk B B kA7 v B AR 5 3. 5 R
LM+KG J5 % QA-GNN 4 b, QA-KGNet (1) T vH: 7y 2R 0% v — 6.
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| e, é ;g;g;§
34 0 BN
w N\
. 2 HHIN

Testing set

Fig.7 Accuracy comparison of different models on the MedQA-USMLE dataset
K 7 KRB SE MedQA-USMLE %4 4 I (¥ 5 xf b

BEANFEH IR B 22 CommonSenseQA Al OpenBookQA [, 18 5 1 6 &~ HH QA-KGNet 1 BLIEE] 70% LA
b AT A R 3R T A L B 5E MedQA-USMLE L, E 7 EB/rH QA-KGNet MR R KLIN 38%.idk il
QA-KGNet fEA A # L B MR Z R T EZHIIZIE S ERE M BN EHEZm. Gl E 6 o,
RoBERTa-large(LMs(w/o KG)) i T Jll 1 #ff % i & T AristoRoBERTa(LMs(w/o KG)) [ 70 Il #E #fy 2 , 1 15
QA-KGNet 5 RoBERTa-large 45 & 34 5K 55T 5 AristoRoBERTa 45 & (1 R0 40 S 15 & B RS i R B, B S 8L
T8 QA-KGNet BEA B B30 m 5 & AN SEAR TS 5 18] (A JG 1 7 HOAS HE R, 12 T 52 0 22 Sk 193 3 00 W 4%
F ) SR AR 3, B &2 QA-K GNet [ TR 4 i %6 76 8] 7 o ,SapBERT #2& H Al fi I 11 I 2238 5 A 8, % SR 48
MedQA-USMLE A8 kB B 2% i 5 243V, R F /. SapBERT 7EiZ %4k LRI FMEMm R B A m B2 B
R QA-KGNet M RE, 5 4 B TE 5 A AL AT DS AR SC M 2 B o B 58 i i 845 22 Sk B = ) I 4% e
T Aff b IS ) A VA T ™0 i 5 0 e R PR 20 3R, AT 2 T 88 A4 (1 1) 20 T 4 i 6.
4.5 JERLE

TSR] RE M R — R SeIe W T S R BE ML BN 4 50 58 B S AT IR, B S BT Y
HEfRE.R 2. R 3. B 8 LUKE 9 /R T A AR il g5 R 2 BoR T AR EE R :UE
CommonsenseQA & HE#E 4 b 1R FE .QA-KGNet N ) — BB AR &K T3 A (QA £ N30 550K
BIRE 1) QA F SRR v, AHTE 15 3 TAE BI(TAEE G)). a0 R ATE QA bR ORIV R P 385 fr) = R 4T sit IR) R 57
R IC 2, X 5 T i AH B 3 FL 7R, T & J P B 1V T B (76.91%—74.85%). W AR A4 T 3% 422 3 0 iR B 3 o 11
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FTA 5 25 (AU A QA 244, NI REBE A T B (76.91%—76.44%), IR R A2 BT B9 s B8 8 28015 2.
Table 2 Ablation test of different graph connection methods on the CommonSenseQA dataset
= 2 AEPEER 7 0fE CommonsenseQA £ 5 (17 @i i

EEEH RN W (%)
QA LT X5 RN BT e 74.85
QA LT 55N BT f A 76.44
QA TIN5 QA SEikiER: 76.91

R 3R T AR E SN OB 7E CommonsenseQA £ 4 1y @R @ i 15 QA L3 A T
T G, AR A2 RN IR E 5 B A 1 B4R TH(75.28%—76.69%). A L3R N AT s ve v, REUL |
TSR w,=fenc([text(T):text(v)]), SR S5 F w, AR AT AT RFAE SR T, 51 56 &5 SR Ji 7 ol il 0 A1 TS0 £ FH O 3
(A5 (76.98%—76.27%). [F) I { FH 5 BB FEE AT | S N 1) 14 1 30 AR T (B2 30 ) P ol P S BB 11
2R, FRW IR L AT LASRAS 78 L A4S 2 AR AT TN, IR b, A ST T 3R QA-K GNet 155 AN Al i S Bk .

Table 3 Ablation test on the relevance of knowledge graph nodes on the CommonSenseQA dataset

"3 AR EE Y S OCBREEAE CommonsenseQA s 5 L A TH abi i

RELE HETHER (%)
- 75.28
+ E TR 76.27
+OLRERE 76.98
+ R ST RSB 76.65

Kl 8 f&/R T #£ CommonsenseQA #(4f5 EAN[F] GNN LAy 8 b k. B 8 (a) it ik ¥4 fik v & 70 A0V S g
T R (P PP TR 50+ 9% ZR AN SR IR 2 2k 731 96 T ASE 2R o ik 4 5 SR AR W), 3K e R 257 00 R Rk B D 4 v A
SRR, B 8(b) SR T AN AL GNIN 2 HO0S 15 28 1R 5 R 52 0, L=>5 I ) 20CR B 0 PV 2 70 X 2% 1) J= 0 22 el /b #6
S R — B R HOVE REF R R B b B R AR TE ik 78 o 2 20 R R R, R BT R 5 I TE IR IR
G 37 BRI 28 SR H0E 2 i, BT R 0 I 2% il 0L 5 8 I 2R vk iz A B A B At B 4.

76.8 76.8
76.6 76.6
76.4
76.4
76.2
—_ 76.2
3 76 S
< < 76
Ei 75.8 s
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752 75.4
75 75.2
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e Gz e (s | 3 4 5 6 7
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Fig.8 Ablation test of different GNN components on the CommonSenseQA dataset
K 8 A[E I GNN ZH14/E CommonsenseQA i £ I i) Bl ik
Kl 9 5 H7E CommonsenseQA (4 % AR M2 A4k 5k%L g M7 a4 R E o)k BARRKZ
A BRI {2,4,6,8,10,12} 25 R, 2 k=8 IN  HEHf 2 St o IX A2 DR O 24 koot /b i, S BB R 2% R ik 2 A
£ FE 70 43 SR I A5 R0 (R AF 338 1 458 Ve A0 3 AR, 2 e ik 22 W) PR e 72 ) O 4% 2 B S ¥ 7 8 o SRR, AT 72
A 22 LA, B 9(b) R T AN Rl K BE A g X BB 1P B I R R, 2 @=3 IN I RO el o R Bk B g i /b T e R 2R
73 B 0T AL BOHEER HE A R I B K a0 R Bk B g 3 22, BEAR R DA R B & 1) B T A (H i I VE 2 R T
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Fig.9 Impact of the number & of multi-heads and the number g of hops on the accuracy of the model
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4.6 RETTERMERR

ARATIE IS 534 2 3k BT R0 4% 1) TN B B SR R R QA-KGNet IHEBLE 2. B 10 AR T A%
1), ] v A = A T 10 38 PR Sk 3 7 v 1 AL R 1) v IR (U R AL v PR D R DRV, SRR 5 R TE) AR B 10(a)
R, AR B R A B A 26 48 22 (BF'S, Best First Search) R &R M QA R S & T 3 1) @ SR 5 s (1 n 7% 1
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FE“isA”K 2, M “school room™EE 5. FEE] 10(b) ™, AN J5 1A A A BFS SR8 B 5 70 BUE. W] AL A 45 R f i
TR P R g R AR, B “grassland Al “prairie” X MR TE QA T SCHR AN — 8 S B IR I (B AE [A)E S A
“2(cattle)” Fl & Z AR “HL (grass)” 2 [H] = A KR IL ME T H B A EMWE R,

Q:  Where does a child likely sit at a desk? Q: Cattles live in what sort of environment?
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Fig.10 Visualization interpretation of the reasoning process in QA-KGNet
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] 10 QA-KGNet 2 1 72 (1) AT A0 AL AR B
4.8 LEHLHEIE

G R AR BT T Al A R A TIO 2 00 EE IR 10 45 T DA 40, T 3 BT QA-KGNet 45 /AL HEBRAT Dy,
FE5 N I /INECER 7S TN B 23 T VI R 3, S 2R SRR YT s 2 IR DR R = A TR A B T R T R U BCE 1 S R
(B SR E B PRSI TE, ) 2 FR N 58 59 TE ). 58 HEEL B R b B M T ) B SZAR (B “book” B “dry”) > & &
e T SR (B “interested” B “bored”) B & 18 M T— ] j8 SEAK — FAh SR (BRI “fed up”)— 25 R WLk B 11(a) AT 7]
F P AN, AT AR 15 5 i, R DAV SR B TE QA-KGNet 15— 2 H,QA R 3CHT A T 5 [ @ 5L 4 “book” Al “dry” )
HRESINELF— R ASE TERMNZRH BARE ARG —Z,QA BRI & T % CE T 58k “dry”, 111 55
KT 5 — A5k book”, ML HEERBR 158 T dry”. 53 W82 B 5 «dry” 5 s A& S RER I E R A
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11(B)FIE 11(c)H,QA T30 5 T 58563 T 524K “book™, [8] I 55 56 vE T (75 58 ) Sk <dry” AR 38 b3k HE B 43 1
B, T 7 IE W 22 Acinterested” 75 B 11(d)H, nf LWL 1) 76 X E 5 52 3T A 301 )5 QA & R 3L & T3t
PR AN 1] 85 S A4 (B “book” Rl “dry”) 33 AN B 5if I v, b B 485 28475 1H il 45 SR O 25 25 “Acinterested”, {H WL B (1) IE A 27
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5 R, S EOTI

Q: 1If you have to read a book that is very dry you may become what? Q: If you have to read a book that is very dry you may
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Fig.11 Analysis of the structured reasoning process in QA-KGNet
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