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Numerical reasoning method for graph neural networks
and numerically induced regularization

BAI Yukang', CHEN Yanmin'?, FAN Xiaochao', SUN Ruijun?, LI Weiji¢®

(1. College of Computer Science and Technology, Xinjiang Normal University, Urumqi 830054, China; 2. College of Computer Sci-
ence and Technology, University of Science and Technology of China, Hefei 230026, China; 3. School of Software, Xinjiang Uni-
versity, Urumqi 830046, China)

Abstract: Numerical reasoning is a crucial capability in machine reading comprehension. However, the varying data
types in this task introduce complexity. As a result, the identification of potential numerical arithmetic relationships has
high requirements in this task. Two approaches are considered to improve numerical reasoning ability. First, the graph
neural network method is incorporated to explore a heterogeneous graph-based neural network structure designed for nu-
merical reasoning. Second, numerical-induced regularization is introduced into the pre-trained language model to en-
hance its numerical comprehension ability. Experimental results on the DROP dataset indicate that the two methods ob-
tain an exact match rate of 76.5%. Furthermore, the comparison with the baseline model and the ablation experiments of
the methods show that the two methods mentioned above can enhance the numerical reasoning ability of the machine.

Keywords: numerical reasoning; machine reading comprehension; graph neural network; heterogeneous graph; numer-

ical induced regularization; named entity recognition; pre-trained model; extractive
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AT 55 I SRR R A R0 B 1 SRR & AU
R OC F, MRS 5 [n) RIUAR G B A5 B #E AT EUE s 3
I JE A B 45 8 ) B 58 o AT 55 AN U o — ik
AL D] 15 3L e e S M D 1) ] AL, 7T L A A X
B s w BAA BRI BUSE, 0T R AR
BAEIZ A RE ST o MR 55 FE ISt A b [ AR A 45 b
ANTR) B 1 5, T LA K 501 e P 5 5 P A AR R
555G B T8 ARG 7 AL B R 3 Ak 22 8k 4
B, RHHE SR GO R R R, TEREL
AN SR SN g S 1) WS & N R G
B A EL A5 B A RIXE Y, 33 B AL 2% ) 152 2 i
AT LUK B N2 LB D K S0k, AR R L
TR () AL TE 7 [R] AP AT

H R BT 55 9 98 5 vk R 3 R,
S5 1 PP TS SO R I 7k, LN p A 1)
P4 (neural symbolic reader, NeRd)™! J&—> i ]
B R P U T 2% 4L ) A RS B, P IR 2 5
HICHE PR 4244 (operation-pivoted discrete reasoning
framework, OPERA)P! A5 LK 4 B D BR 0 45 o — 2]
PR BT R B ARTE T L 2 BB K, AR
JE AT B, B DATE AT i BEvE AL, B
Z BRI T 2 B R, B A
B,

B 2 Tl 5L T R ZR B B A 8 I 2% 1) i 3]
i Jr %, H A EHE ) BERT (automatic data gen-
eration BERT, GenBERT)™ | 5t T~ % {8 1 45 (1)
BERT(numerical-contextual BERT, NC-BERT)"! | 3
TAM b i 5 R P AT 4% (program execut-
ors of structured query language, POET-SQL)!! &5 &
R RS2 1% 5 v, 38 3k oK 00 H0 a0 o 1 5
R FEATHAE T 1T B TR0 25 DA A5 21 5L A B0(E 3L A
fE 7 35 A, LR R o B AR I 0
LRI SR E

55 3 PR 5 T IO B B b 2 I 45 11 v 31 g
Tk, ZRA-Z B M4 (multi-type multi-span
network, MTMSN)! % {5 JE 1 & # 28 [ 4% (numer-
ically-aware graph neural network, NumNet)®! | J&F
e 5 P8 AT 1) P 7 T R 4% (question directed graph
attention network, QDGAT)!? S5 A5 I fef FH 1 5772,
2 A0 AT B 3 A R T o R A ) 3]
HRA, SR 8 o HAA Y 7 0k B e AR R AT ORI
Sk, BN PIA BUEESRE D B, AR S
RPNV AF R ROR , (H ] i BEVE A 22, 7 ik Rl
EMERZ—

ZAE S R 2 e, B IE B 2R,
FEUE S MR LR AN 58, A SCH I H 5

P o 222 o) 245 1101 o e R R AT o5, ) 45 4 o
{ELA & IR SR, (8 R S (BB A BE A
BT H A e R S R A Y S A P RE i 1
S AR L AR (ELHE PR RE 7 o SCPROAZATE 55 19 A
TR Je K JH AT HH B RE 0 198 5 BB R 4T (oM,
FLEIE F X S WA HEBERE ) 0 T 5 BB 250 e A5
TR AR PERE, O 1 RE LA B AR SO T st — &
1% R B E 77, [ st A R i 3L RE AR A5 A (L 3
ARy, A SO 1L T 1R 45 0 -5 R fE 5 = 1
AE ) B E HEBEAR AY (numerical reasoning model base
on graph structure and numerical induced egulariza-
tion, G-NIR). %A B 15 Yok FIRUE A = 1E W AL Ky
HOE PR AR RE 1 AT ZRiE 5 AL, Rl ]
Sy P o 22 ) 4% A R L 9 BT AR, e S AR T
S FR LS R AT BT A A 5

AR SCHY F2 2 TR LS 3 4 T5 I

1) A F B T — A JE T Pl 28 0 2% F 6
(BT T DU 4 Aoh 2 X 2, o 2 fi T i 44 S AR
Sl o B S TR AT 0 S, P e 2 2 R T
KO A LYY S g Ll 22 T 2%, 8 TR o 22 R 25 5
LI T HAERE;

2) 7S I A 1 R R hE 452K R, )
FHECAR 5 5 1B A B2 T 1 i 5 46 TR ) (i
i HE T 5
3) 18 i A5 T B RE A PR3 48 DROP L
A1 50 E, UEBIA SCBT A B HAT R B O P fE
AERS MU R O RICR

1 Mx Tk

A HE TR 55 2 DL A ) 132 PR AR AT 55 vh i r ok
1155, & AR AR 25 0 1Y SCE, R B )
I AH OC B OME, 38 Ak AR 3 Y 5 =045 R 1Y
2
11 HE#ERE

FI A AT 55 0 B, AR A0 o R Al I %
G p 25 0 45 R BY 40l ] B 3R] 3R s 1Y 4 R 1]
(global vectors for word representation, GloVe) i
AT 1 BB B ) 25 ) 2% (numerically-aware
question answer network, NAQANet)!"'! FI7E GloVe
Hefilh B AR %& 2z 55 NumNet™!, (HRCR A
o P ZRiE 5 AR 20 I AE A AR TR & ALY
& RAL S5 b, IR RE A 8 5 B HE BRAT: 55 1) A
G, W M 2 T TR B A B HE BRAT: 55 b ) 8K
Ao BRI fn e, AU ] B 20 5 R A — 5 TH I
AR DA e B HE R 0] A, 55 — 7 TEME LA X 22
T2 28 2 AU 1) 1) DBy, A S 3 3 1R BUELA 5 0T
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P KB HARTE S, I L — D7 1 ) LA 258 2o 93
YIZRaf 18 5 B BIE 55 19 B F SCEROR, 9 —
75 T AT DAAR HE A AT 55 0 B8 A JORH Bz 1Y) 18 R
FEATHON 25, 15 B IS A RS AT F R,
2018 4F, FE T8 e 4% 1Y XL [ 2 11 4% (bidirectional
encoder representation from transformers, BERT)!'?!
A, IE HAREF A EAR T R
B 2019 4, Liu 4% 7£ BERT £&4ili b 7E47 dieift
I T R fd 4L B9 BERT Hiill 25 73 (robustly
optimized BERT pretraining approach, RoOBERTa), il:
H 5 Fli#E 45 F Mt Rl . RoBERTa R 8h &4
i, T DL A oy i BB B R 45 3 R AE T .
RoBERTa 3k H] T B KAyt i /)N, B S 2 3 T
B A0 B R B ), B v T R S B R IR
H#RE S . RoBERTa X R4 HYPERER ) 12 B,
A SCPIAE (4 I k1 5 A58 B RoBER Ta,

1.3 E#HER%

TEAAT 55 b, [ Bl 28 ) 2% = 22 75 4 A
Yoo BISi 58CE SRR T —M™EN KR,
P AL EL 3G, B DL B A AT 4 B B A
A A (R B B R R

HLAE 2008 4, [l 22 9 28 B - Scarselli
SEUALHR o RIS R 2 DO £ 15151 1R 25 4 1 1
ISR OB e NG E oA LAY Rl AN S o2
W 2 A ] e REA B, S SO SGE g, XE DL
JE RS 45 . Hamilton 5507 i Hy 1 BRERAE 3R
& J7 1% (graph sample and aggregate, GraphSAGE),
O R AT S AE BRI S R
B JE KA TR A AR Jm A SR SR R, 3R
BT OB B R B A oS3 Ah, OO R T
JL AT 28 T 2 TN [R) R A AR AN B B R
Velickovic %51 45 H T I VE 2 M 4%, 1% I 45 08
FHIE R0 2 i e 1 1 2 BRI 2 A5 1 1) 788 - 1]
R, AT A5 ) 465 B3 ] T i e A 90 2 ] [R) R
S2E ) B, 2020 4, Hu S50 $2 T S 4
22 P2, 1% 07 R ] S AR T 1) 220G R M 45 ok 1
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FE B R ERSEAACE R, 2022 48, /A
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2 T RN By B TR 7 K

NS DR BIL A X M PR A RE AN 2 Y TR) R
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TILERGANIEL 1 o, B2 J2 B ey 3 RO 4N, 56
1R S ORI, 25 2 J2 S5 g R ol 22 o) 2% A
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Fig. 1 Model structure
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S, Q5 PR X FRoR M Q'F P, WA A
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R A SRR 1) i R U, B S
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T e 22 B AR . i 44 SRR T LAl A Y
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(common core natural language processing, CoreNLP)*,
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A T SRR i) AR D 25 SR TN RS B (40 g AL, il ot
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22 FHIERE MR ER
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IR, HARRE, A BORE SR ) 1 %
(6 DB U 2 18] 145G 28 0 st — AT 10 &, it A
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T, DT SN G R O R . R
SCAE T 3 b A ] F) e 55 56 28 ok i 4 2 A5 i,
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A I3k 2 O AR R R H AR BE T TE AR
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JE, Bt LAAS SCH e #ag TR 45 X 1 o 3 b e S 5
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FRAE RO R AR E IR, MM — R R
s B, A% s AT R TR (B S B A Y i ST
— AR 52 R R AR SRR T
KR, N—F B i &, SRR —DBUE /D

T SN — SRR T 5 3 SRR
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Table 1 Examples of numerical reasoning datasets DROP
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S o, R 181 B, I ELARIE ¢, 5 A, 6 2
FER) 7 FEHLE . 2 (1) Fomxt B AR 8 i 28 s
AT BEHLRAE, FHUOE pREIOM SRAE J5 1075 AT
AP, SRJG G — ARG N, NO)FR BART
FORERHERIE T A, X Q) HETREREES
K (1) R R ANEE, SR HAr T
SRS . GE AT (3) #EATIE Ak b, 15
PRI 25 ) 2% i Y P9 AT o R TR R ) e
S TR R A T R
23 ERWMER

B TIZAT 55 B BCHE SR 0 A 2 Fh 8 S 2880 (L
InEfE . B SCE A B, 4E DROP i £ 4t
WY J7 ¥ L S NumNet SRS, AR H 4 & 56
KRNI

H5EHRE 51 FH S A [T ol 2 D) 408 A AR e o ) 1)
TR O 28 S BRI IS 4 EREBUE M &, A5
WS R 4 BRCER w48 My M, M,
M. X 4 P& SRR 50 5]k S R B (passage
span). [ @ Fi Bt (question span). 114X (count) F1%%
{223k (arithmetic expression).
231 XFRE

BRI CE P IR RIS KRG
YNNG

PP = softmax(FFN([M,; M, ])
PP = softmax(FFN([M,; M,])

U FEN 3278 2 JZ 30 e B0 Re LU 19 AT 15t K
2% o AR AUAR 4 2\ =X o [R] 2 B A R [ R AT I
Y5, My FoR a1V 2R, M, M, 43 00 3R oR 5
B 2 T2 MBI R 3 2 A .



° 1273

TR, 2 o R 2 ) 245 MR (75 5 1 DU ) 50 9 B 7 2k

% 53]

232 FIAA R

M T AATE 28 AR R rh, TS 2t BRAE
XEPRELR, HIA TREREH, BTG
KO MEE KRG BRI AR AL

p" = softmax(FFN([Q;exp |Q|® h])
P+ = softmax(FFN([Q; exp|Q| ® h])

PRy RO 285 58 o BRAE ), 22 B S
) 4 S LA 98 SR 01 X R B T AL
B O AR SNRET S (explQl®) RARXS h
A BIR AR AT I
23.3 it

X SCE 2 U B SR AT TR T
U HEE 0~9, Rt B0 M B AR 55, Fr LA S
FIR AR

P = softmax(FFN(h))
234 BAAKEX

BRI E AL

P = softmax(FFN(h))
s YRR | A BUE AT SCRR ] &, T pe
FRE N BUHNEARRB LS MR, 5
A 3R R URIE, B SR B bR IC O IE R
FEN, P25 BRI S 1R ECT, AR e o R OR X
BrEHERILLK,

IR Y FEN J2 25 #4441 7] = B0 51 1Y
5T 46 o AR S 3 de RAR T A AR A 1T RE 1Y 3 B
MR ZRi Ay, FHAR K s ECh

Lo = —log ) P(t)P(rt)

S g il 4 )5 7 0 0 R R R 5
3 ML EH

1 B ROR A BUE Dy i e T 2%, &%
ORI e = BB IR R R 0, 3 A PRI R 22 T
2% v AT A BRI 2 I Xk 5 (A SRR, 0 {4 3
EARCRA . S 7B R 5 A8 b i
SCFE R ) 7 HE BRI 25 A0 2 A AR KO 10 RE
T3, AR S i YRR N 20 R R ) i A
T gy S RE R B R ) i, T R AR L X T
B A B RE ), A SCOR AT T R E 55 1E W AL 46
2% (deterministic independentof-corpus embeddings
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Table 2 Experimental results on DROP dataset %
Model EM F/{H
NAQANet! 44.24 47.24
NumNet®! 64.56 67.97
GenBERTH™ 68.60 72.35
MTMSN/ 75.88 79.99
NumNet+?* 72.36 76.10
G-NIR 76.50 80.36
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Table3 Ablation experiment %
Model EM F,fH
G-NIR_5 74.18 78.27
w/o DICE-loss 73.33 77.27
w/o heterogeneous graphs 73.09 76.87
NumNet+_5 72.36 76.10
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Table 4 The predictions from the NumNet+ and G-NIR are illustrated
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