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Abstract Knowledge graphs have demonstrated significant effectiveness in commonsense question answering. Existing methods
typically utilize entities from the question to retrieve local subgraphs from the knowledge graph(KG) ., which are then encoded
using graph neural networks(GNN). Subsequently,the GNN-encoded results are combined with language models(1LMs) to infer
answers and answer the questions. However,commonsense question answering systems using GNNs and [LMs face two challen-
ges: 1) how to efficiently extract subgraphs from the knowledge graph,effectively represent and utilize their knowledge and struc-
tural information; 2) how to achieve deep integration and joint reasoning of the question context and subgraph knowledge. This
paper proposes a graph-text integrating model for commonsense question answering (Graph-Text Integrating for Commonsense
Question Answering, GTICQA). The model initially refines key entities by filtering through an external dictionary, achieving
pruning of the knowledge subgraph, and then separately encodes the question context using an LM and the refined knowledge
subgraph using a GNN encoder. Additionally,during the subgraph encoding process,a novel k-sparse attention mechanism is in-
troduced to enhance the extraction of global features from the subgraph and suppress noise. Finally,a knowledge fusion method

that includes fine-grained bimodal interaction fusion layers and mean interaction fusion layers is used to deeply integrate and dy-
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namically update the two knowledge representations. The GTICQA model is evaluated on three datasets: CommonsenseQA,

OpenBookQA ,and MedQA-USMLE, achieving accuracy rates of 79, 12%,72. 20% , and 39. 40% , respectively, surpassing the

current best methods,demonstrating the model’s advantage in handling commonsense question answering.
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Fig.1 Framework of commonsense question answering model based on graph-text integrating
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T LAFER B 2 0 R R AT I 00 4 B E . A S0 2 I Open-
BookQA ‘B 77 B4l 43 #I AT S5 . MedQA-USMLE % #E 4&
8 12723 A ), A ) R (i 4 ASBEIT, B W KA Y
B 2 U A A AR SO TR T Y RS A 4 AT SE R
W E X 3 A B B R GG L AR SORE B FE R [ 45 R

Common-

P EE R AL 5 R B A RO Rz AL RE )y . Bk geit4nty
mzE 1 fral. H g CSQA %/~ B £ CommonsenseQA,
OBQA # 78 B 5 % OpenBookQA, MedQA # 7~ %t ¥% 4
MedQA-USMLE,

® 1 HdREL T B

Table 1 Dataset statistics
HEE HARK #BHK WEHEE BuEE WKE
CSQA 12102 5 8500 1221 1241
OBQA 5957 4 4957 500 500
MedQA 12723 4 10178 1272 1273

4.2 EWHEE

ARSCER ST FIR 3 A B R T B A AR B KGR R
ZE AL R IR . X TF CommonsenseQA F1 OpenBookQA %%
PEAE R T2 AT 8 # R B 3% ConceptNet 1 3 2
B S5 AL R TR B A T 799273 AT I 2487810 &3k,
AT E MR R KB B T MedQA-
USMLE 4t £ , {6 F 51X A= 4 s 22 40038 B 2 14 6 iR 1B 3, &
BT G — PR E R (UMLS) [ % 9% B4 % L & Drug
Bank P %95 B0H8 PE 428 T 9958 A5 S F0 44 561 4538, 1E
R T B R 28 B e B e AR SCSR T T S A5 1) LR 4 i 1)
SR Ay S T S LA B O g A AR AR AR F R AR R

FESEE v £ ORS00 4B 6 R TS TR O 250
AL, X T CommonsenseQA % #E 4E , ff | RoBERTa-large
fER LM B £ T #4745, X T OpenBookQA # i 42, LU
AristoRoBERTa #E 5 LM By £+, % T MedQA-USMLE %
A R T A W B 9T R Y I 25 0 T A A SapBERT #E
Fromis . FERERL A2, 8 RAdam 75 B8 09 1 1k 2%
B LM iSRS AY 24 ) R E W 1 X 10 ° R RFH K ERE
9 100, K /NEEE A 128, GNN i i 85 5% B 110 ° 4
BEE R 200, ARSH T A BRI FH PyTorch TR B 2% 3] #E 44 45
S,M M — ¥ B fE N 24 GB 9§ GPU (NVIDIA GeForce
RTX4090) # AT Y%,
4.3 HE#HR

AR SCRE RN 42 i KG9 A DL B T 6 4 il 5 oA
L5 AL IR B 22 B S Rl A, BT LR S LM A LM+KG By 48
KRR N B MR, B, R T IIE KG E R 4 E R
FORCR R BT A U KG E e LM iR 47 tede. Hok L 78
CommonsenseQA [, ¥E B T 7 i ) RoBERTa-large #£ 17 b
% T OpenBookQA, # B T il 8 9 RoBERTa-large #1
AristoRoBERTa # 17 H 4, i AristoRoBERTa # & 1 #i 4b
KR 2 85 52, A& T OpenBookQA., %5, % T MedQA-
USMLE, % B 9 19 4= # B= 2% 18 5 B B SapBERT # 47 Xf
oo ARSCHEIMIMA KG B BE T .

1D QAGNN(NAACL,2021) 51 ] f1_E T 3045 Bk 5t 4
— AT A K 5 R T R 3 6 T RIS A R AT AT
A S E LM 5 KG BB AR,

2)Joint LK(NAACL,2022)") 5] A — 4~ % 4 5y X ) 1 &
IR BTN LR SO HER BT A X TR AR 1
B T4,

3)GreaseLM(ICLR, 2022) " 4 T Fh A [6] 1 25 19 15 )2, i
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b — A58 AL 15 B 55 — P AR AS o, DT S 30 T AR S
FRMEL,

4 MKSQA(IPM, 2023) "™ Fi| Ff 25 5 4 £ ) 24 4T 55 vh 2
FEME— PR R PR BRI 2 R Z M XAF B, N KG Pk &
M H AR T IR ST T R A

5) HamQA(WWW ,2023) %) 7 Xl 23 i) v # 7 | F 3C
TR 1 PR ) I T ek TR AR T R e A R R
CH IR T B Z E A E S SR B R AR B

6)FiTs(AAAL,2023) "™ 5 F AT H 38 B R /1N 195 i A
BRI R B W3 7 W U0 AR, I A A 56
P X 4 g

7)PipeNet( * SEM, 2024) = fifi FF AR 48 g B T. 2 X &l itk
BB, I3 T — ANk Y B 3 T 0 4% kAT R R S
HIRM AL A

Hrf', QAGNN, GreaseLM, FiTs B! 1) 3 8 T /E 48 F &
7. T oA 285 18] ) 32 B A0 B A7 5 Joint LK, PipeNet A5 84 W I & 78
PR RS LA B v 4T 3 A B A ;s MKSQA , HamQA #5 Y
M%7 F R ARSI KG #7854 .

4.4 BERREHH

AR SCOH R R 7 BN BB A I B R AR S A R R i 1 AR
FR o B A T IE B IO 9 (]S R AR L, 3R 2 Rk 3
Sy RIEN TR TR S o A R R AR SCHE Y GTICQA A% AL 7
CommonsenseQA #l OpenBookQA $(#E4%E FAYPERE, & 2
IHdev —F: £ /R B HIAE CommonsenseQA N 43 # Y 56 1F 48
R ER R TH test — 42 38 75 B R 7E Py 43 B0 A 0 X 4 1 Y
WERf %, % 3 1 RoBERTa Large — % 3% 75 #% £ fii Ji] Ro-
BERTa-Large 8 LM Y & + 7 OpenBookQA Ml i % I ¥
HEHf 2 , AristoRoBERTa — % 2 7R 6 # i . AristoRoBERTa
YR LM 1 £ T4E OpenBookQA MK & I 14 #E 2% ,

%2 ANFEBEAE CommonsenseQA | (41 it & B

Table 2 Performance of different models on CommonsenseQA

[€Z3)

A THDev THTest
RoBERTa-Large 73.07 68. 69
QAGNN 76.54 73.41
JointLK 77.88 74.43
GreaseLM 78.50 74.20
MKSQA — 74.53
HamQA 76.88 73.91
FiTs — 75. 60
PipeNet 78.95 74.75
GTICQA(Ours) 79.12 75.70

# 3 ARRBEAFE OpenBookQA 1% fig ¢ ¥
Table 3 Performance of different models on OpenBookQA
%

A RoBERTa-large Aristo RoBERTa
Fine-tuned LMs 64. 80 78.40
QAGNN 67.80 82.77
JointLK 70. 34 84.92
GreaseLM - 84.80

MKSQA 71.80 —

HamQA 71.12 84.59
FiTs 86.00
PipeNet 69.60 87.80
GTICQA(Ours) 72.20 87.60

HAK k3, 7F CommonsenseQA i #E M ik # , GTICQA
i AE THDev Al THTest A8 34 515538 T 79. 12%
A 75.7% M T 203 M A RoBERTa-Large, 43 ) 52 ¥l
T 6.05 NEFEM 701 ANESAMERT BT AR
R MBER ST 0. 17 A EH 20 SR 0.1 A EH A A AT
e it . %t F OpenBookQA Ay i i , GTICQA # # 7%
L RoBERTa-Large Al AristoRoBERTa 1 & LM ) & F+ |-
BOWERD R4y 3k 2 T 72, 2% F 87, 6% . M T i 14 A4
LM A SISEI T 7.4 N E A4S M 9. 2 A H T, %
fdi | RoBERTa-Large £ 5 LM £ T B5 5 F . A S0 ¥ 1L
A R ) MKSQA B RISCEL T 0.4 AN E 4r 2wl
Hee it . (R E B, Y M AristoRoBERTa £ 5 LM
FFm, GTICQA ¥ J5 F B A 20 % & 4 1) PipeNet £5 £
0.2 N E S A 4 M H N PipeNet 85 0 331 B9 3 & 57
KSR wg & B T AE A (B 7E W B | RoBERTa-Large 1915 8L
TLGTICQA 5 HAM R T T 2.6 A 70 5. X XY
GTICQA R EARF K LM £ THN T EAEHMEME

AR R R, GTICQA 5 R 7E 4b 3 H U ) 25T 45
i, RE A% 52 B0 AR OR [RIAE S S0 UUE B S s S A A
JEBEH R PERE . M F AN S MO B LM, GTICQA #
AL 5] AP AR KG IR LM+KG HEZR, UER] T 1
FEZR A 2P 5 QAGNN, GreaseLM, FiTs £ # 4 I,
GTICQA 7 {0 P i A B B B R 4 308 7 A S 25 IR 1) 5 B
2 5 A B TP R s il ad 5 JointLK, PipeNet 45 2 (1)
XFEG S HERA T GTICQA A58 5% F A 56 S 2 R 2o 108 ) B A 7
B A R0 5 38 1 5 MKSQA, HamQA # %1 i %) 1, GTICQA
REAL Y Ay R R F R A ACER B T — W
BAIE

Bk b 3 RS I A 22 T ok B ) 2 R ok 22 Ah AR SCIR TE
A ) B 2 U MedQA-USMLE 48 £ & i 47 T Wt .
IAER A PHIH T GTICQA MIPERER L., 45 %W, 51
A W) 5 2 AT AT R B I R L LA R i 2 A LT
1 55 R A 7 B AR L, GTICQA #5581 76 1 66 | 3% 0 i
L X — S5 E W T AR SCRE R A RE P R AT
A,

F 4 RFEBEALE MedQA-USMLE |- By PEREF

Table 4 Performance of different models on MedQA-USMLE
A Test/ %
SapBERT-base 37.20
QAGNN 38.00
GreaseLM 38.50
FiTs 39. 20
GTICQA(Ours) 39.40

4.5 HEAEKWRSH

N T B AE GTICQA & A B iy A 2 1 ££ Common-
senseQA 1) THdev b XF &1 19 A= B 59 A% KEFA 8 | - fil
ARG 3 A FEBGHAT T M, SEI A RNk 5,
3. & 4 s,
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5 HBEHTE CommonsenseQA I 1471 fl 3

Table 5 Ablation tests of modules on CommonsenseQA
A 1HDev/ %
GTICQA 79.12
-F AR AL 78.56
-kFA 79.05
-k R B A B 75.94
B ERBEEXREL#A R 76.76
SHERX AR 77.25
795
790 - —
S
N
5
a
L 785
780
0 0 8 120 160 200
*E

K3 kFA B & A X BE 1Y 5
Fig. 3k value effect of the kFA module

diex @y
80

IHDev/%

76

74

B4 AT 28 A 2 B A e S
Fig. 4 Effect of different layer number

4.5.1 EZARSH

MK B T AR e AR v B R A A SO A A 1 B R B
T 0,56 ANE 4 5, BEIA AR S BT B I T L e R Y
it s YRR kFA BHUR AR SCR B ERE T T 0. 07 AN H
Iy L ULH] KFA BIH 7R 3R GNN A 56 5l 52 A4 1T 1 7 42 %
00 R 7 O T R R T AR R 2 R R A AR R A R
ARSCHCR A PERE T [T 3. 18 AN H 43 21, Uk WA 2 b 45 & 7 b
RS 1 S UM B TT LA SE G bl 58 B TR 2 3 ) AT 55 TR A OB
BT AR P RS AR SRS A . A
TR A B 1 T A 43 - IR B BRS8N B
AR BT T I . 24 25 B AR B OB S 52 il
AR ARSI PERE T e T 2. 36 AN 48 A M EBRBIE
LA RR RSO RE FRE T 1.87 N E M AL, XA
UG B T AN KL U 285 38 B il A J R E A 38 B R A 2 ARk T
TR 285 ST LA A T AT L 3 R BA TR D R A R
A T T A B IR R
4.5.2  BAEP KBS

DKFA #HAY & W, WK 3 BiR A SCHESE T A H
TR T GTICQA MITERER I, BEE & (/] , 450 P R
275,24 £=120 B, GTICQA K15 T ffEPEfE .

2) TRl AR e v 4 4R RE RURE A 32 HL Rl G )2 B Y
W, Gl 4 TR R E BIE S B A )R R R Y =3, W B b
F IV B SUREZS A2 Bl A J2 2 B0 3 GTICQA H RE 3% i
IR X=5 WP fe k.

3) FR Al A B S i A TRl 2 U e, i 4
BN 5 [ 0ORL BE AU S 32 LRl )2 280 X =5, WA BB &
2R JEE OURE 25 58 FL A 2 )2 B 3N . GTICQA ¥ fiE & i 4
T e Y=3 Bl Rt .

4.6 ZLHISH

AR S 3 — AN ZR A 43 7 T T IR R LR R BT BRI KFA B
e .

W 5 Fr s, ¥ 5 1 “rubber bands” B E — A4 % K, K
“rubber” Fl“bands” E g AN HE C IR L Bk . A “rubber” B &
SO T A 28 24 T R) RO 50 8 Bl OF B SR e AR s
R BEAT T E R B, R 2 5] A4 “drug store” “ballon”“tires” %%
— Ik R O 1 408 N A, X ey 5 R R S A OG L T
SR PR AL, FTLL AT A ConceptNet H 38 HUA
YT & 5 A ) B S0 PR K A T SR B O A G S
AT TARGEIE . X AR F R #EAT RS 5 0 kFA Bk
Xof 55 B S AR DM AR 22 M AR HEAT IR

homework . room
. education

student

skipper

iy A = )
elastic thing ‘
rubber bgad
w teachjng
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education

-
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- /

B 5 FRERMEEYS KFA B 1ER

Fig.5 Role of subgraph pruning and kFA
GERIE AR T — T KGH+ LM 4K GTIC-
QA BEAY AR S 3o A S 1) SRS R OGBS A&, 5] A — A kFA
B3 T P A JR R AE 04 5 BRI 910 ) 0 7 4T S T D B 4
— A FT AR BB 7 58 Il A 2 R B8 A8 A 2 A Y A
WA, T MBS ERN AL 54,
SHAE 3 AR LAY BIE T GTICQA A 7E 7
PRI BB AR 58 Tl T T A A s R UGE . 1
RN AR K 30— 25 40 R T v skt o T A S 1

T128 HANRLA I B % TN A0 8 745 BT R
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