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Abstract The ultimate goal of artificial intelligence is to let machine understand human natural language in cognitive field. Ma-
chine reading comprehension raises great challenge in natural language processing which requires computer to have certain com-
mon knowledge,comprehensively understand text material, and correctly answer the corresponding questions according to that
text material. With the rapid development of deep learning, machine reading comprehension becomes the current hotspot research
direction in artificial intelligence,involving core technologies such as machine learning,information retrieval, semantic computing
and has been widely used in chat robots,question answering systems and intelligent education. This paper focuses on micro-rea-
ding mode,and answer candidate sentences containing answers are extracted from given text, which provide technology support
for machine reading comprehension. Traditional feature-based methods consumes lots of manpower. This paper regards candidate
sentences extracting as a semantic relevance calculation problem,and proposes an Att-BiGRU/LSTM model. First, LSTM and
GRU are used to encode the semantic expressed in a sentence. Then, the dissimilarity and similarity are captured with an Atten
structure for semantic correlation. Last, adam optimizer is used to learn the model parameters. Experiment results show that
Att-BiGRU model exceeds the baseline method of nearly 0. 67 in terms of pearson,16. 8% in terms of MSE on SemEval-SICK
test dataset, which proves that the combination of the bidirectional and Atten structure can greatly improve the accuracy of the
candidate sentences extraction,as well as the convergence rate.
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. VA — 7 T SR A SR G B AT S 2 A B, 5 —
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RN O — A YRR B 38 S R P 00 2 5 A DU ok 21 imi
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Johnson S5 4 H1 T —Fh 4 5 25 45 B b 28 ) 45 B A (Deep Pyra-
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3 ET Att-BiGRU By & RI&E AT &

AT S AR R ] 2 28 SR AR R R B BEASE S IR T R
FEF TR B — A~ T SOMT 56 BE T35 1R R L A 4 Hh S 2R 1) 45 4 A
WERT7 ik
3.1 AR

TE P B0 BEAT I 10 B AR 24 AL, O T [T 25 o E () R 5
TET SR R E A BT, R 1HIH T H XA HEITE
FEBHE SCCH BE I b 22— S ) BRI SR 3 A, #E
FIWT H B IER . HEHRZMNT R P R PP Py 3 AR
SCRFA G T2 A ST BRI A 1l B Ofe o AR T LU BB A i S
TN EADRL .

1 IR AR AR 7R 4]

Sample record of options and related candidate segments

Table 1

Pl .EXR AEEMAFELTXENEY , F LR R G R AT XA NE, RH
MRCBRERIZEEX T A ERA—EXENBERTT .

Py HHBE FEE-LEHNLETE. MZEMNRAGXFE W RA LB
o SRR

Py HEERANRCABR)E S RER . FEMAREEL T WA T £ B0 E
BLLRAT —AEAMRERE.

He A N 3CE BRI AE 8 i 2 B T R 2] i, o e R LR

HR A LA 17 Bl o A N TN hy T 1] (58] 452 360 i 1) £ 326 ) 19 2 dil
BT T ML 1] 13 B A 1) 8 SR K. AR S MY T 0 3 ) il B I)
BT AT Sk 1 R
Bk kIR k
N BB SCE context 44 7 5 F) option
i H < 0 R S P A O B e T A T
Given:context=/{s; ,8; 855" »s, | soption=h
Ouput; candidate= {s, }

Require: n=score(s, » h)
for sentence in context
if score(s;,h) > then
n=score(s;sh) ,t=]
end if
end for

B 1 scoreCsy o5 T BE R B A 0] T A SC A2 B2, TR
AH T R AR T S AN T R DG

18 B2 YR JE o 42 I 4% AN e i) 3 AR 1) N 2 L 4R o 3
AT A B 1 1) 18] R A AR 5ROk TG O A I AR AL L (ELR
X A BE M B0 F IR T A OC BT S, AR SR F—FF Atten 45
B4 75 %5, BIVTE B9 23 38 3 b Xk e 2 Al 4 F {1 22 A S B iE
HZJG . EXE 8 E W ESE AR R, ATE M E R
I F 2R KR GEZ R TIHEPA T 2ZH W
ARTR] & 2 5 AT DA LE 2 795 4 g T2 110 o b {1 20 T 4 < F A DG B
3.2 ETREFIMEMNEZRBEEANHNE X
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HERFZ AN 2 h () Feow ¢ B ZI A S
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i, =sigmoid Wz, +b; +Wh 1, tby)

fo=sigmoid (W x, +biy + Wi h 1, +bis)

g, =tanh(W oz, + by, +Wih (1) +bi0)

o0, =sigmoid(W,x, +b, +Wih 1, +bu)

o(=fOci-, +i,Og,

h,=o0, Otanh(c,)
Hri,©OF R imat ZMETEMEE,
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AR, FE T T #0200 60— 0 2R S E B R EE,
AR BN Z %15 % . GRU $64#u 07 7 038 (2) iR -
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z, = sigmoid Wz, + b +Wih -1, +b)

n, =tanh(W,,z, +b,, +r, O W, h -1, b))

h=0—2)On+=zOh,

AR SCIHH A LSTM Al GRU 1% Le 45
A TR 1 v A5 M RN R
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B EAG 5 1 22 W 45 LSTM fg A5 &4k 3B 1 I3 370 550808 . (1
28 e 3 N N = SRS N A g P T R LR BN
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Bi-GRUD ™ i 42 . i 16 39 /g il B IR] IsF 3 0 R O 45 8L A
b F A5 B DRI SR FH R 1) 478 2 A 28 I 24 A 55 BT 4 2 > 1Y ]
B A R B Ao R ARG R U R AR SCHE I BT 45 44 1Y
FAh B IR T A2 A BILSTM/ Att-
BiGRU B8, HHEAK M k25t an sl 1 s,
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Fig.1 Network architecture of Att-BiLSTM/GRU
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ASCHR LR 5 Avten 2548, IREEM A A T 3RR
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i h . N TR IE R Z R R E 0, 1]X N, R H
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BOFE A SO TS T A AR OC I R E v
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AR B 2 BT 22 B 5 SR ARE Z [l i L OC & L =X (9)
iR -

hi=hy Ohs
h, = ‘huL —har ‘
D
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h,= ‘hm‘ —hir |

Bt 1) A BRORE)E By ko sk Sk PRBLT BAS )F 22 0] 3L
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Bt i — 2 R AE ) 4
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FRAE ) 4 3R 35 T 1 A) 2 1) 1Y ) 5 Ll ) OC &R PR X
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T=C(pispsspsspi)o [FIRE B A 28 5 W00 oA B AT 4b 21
y=sigmoid (WT+bs),

3.5 &A%

FEXT 3.4 5 HH BB, A SR Adam (Adaptive Mo-
ment Estimation) 8 B FBE B RIS HE T, ML T
B MLES BE T B 8 s (Stochastic Gradient Descent,SGD) , Adam
REMEINE SGD 7E IE 4 J7 17 (4 F IR Ml se . 7R hid 72
mh 451 2R BRSCEE OSSO AL 2% pRBCR 158 B AR (A 5 T 2 1]
BB, X i A 1 1] 70 ) £ P 2R o = 0 3 ST 2 R B

zosm,z):—%i (tlogo, +(1—t)log(1—0)) (1)
k=0

YT 5 2 0oF A8 R AT 0 R A 4 B R S e E S

D https://github. com/MobTgZhang/AttRNN
? http://alt. qcri. org/semeval2014/taskl/

s E S CELE BB T Bk AL A 4% ) L K45 % bR o S, AR
PN iRk b i S AR X A SR B AUkl s i I R 28
BRUE o 1)U BRB BE 00 Ak 2 A9 66 32 {8« 3 2 45 UK AR R )1 R Y
S — 0 A R b — U SR R v A B B RIDRE R B
RN 2) BRUR S 500 U Ak - i i Bl HIL D 4R Al T 19 26 AL
HZ RN BE . 3) TN AE A T B BCME - 30 5 2 R 2%
JZ B T A 1 O R S PSR T B AR R R R T T
Sigmoid BRI B K RHILEE ) R 7R J5 vk e A S [0, 11X TA] PN B4
{8 J7 SR B A A RO 2 . O T 2R pRBGT S B R 0« T
SESUCRAR A IR AR B TR . SR SR A S T A% 4 - i R 2
B S 1) P 4 e R 22 (S i) AR R B — D R 4% 2 P L AT
BB BT R AT . 6O FIRIAL AL A T T T — P BB B A - Ok
ST b 2 I 4% v A A R AR BB (T = —
o 45 A TR

4 KWRHESERDHN

4.1 HIBERIFEMNERAE

9T BAUE Atten Z5 Hg XU A 25 F B9 A SOPE L AR T BT I
SIB T Ate-BiGRU Fll Att-BiLSTM 5%, HAK AT & % 1 3
github PISEY 45 35 16 b o (9 98 SChR 1 SOAR B 48 H it T
SRS AR M i S S R PP AL A SC . SR A SemEval-
SICK i SCCAS A AL W A5 45 R K04l 4 4 Sy 1F 00 45 40 4 .
XoF 24 8 B — ), 0 SOAH JCMEAT 5 2 0O T A ) T A
SCEAESEE RIS . IZBUE AR ALTE train, test, trail 3 A~HB4),
HHA 4> 5 4500,500,4 927,51 9927 ANARE . FAA) R
A B X BRSO ZR I OE AR . B AR Y
FEAAE A — AN AL 1D 5 A A OC B P A R A
BRI TRPR S . BRI REA R Bl An 2 2 T g, Hodh C R EEP
BEONARILRK ENEHY.

2 TR REURE A R

Table 2 Sample record of Datasets

pair_ID sentence_A sentence_B score judgment

The young boys are There is no boy playing
4 playing outdoors and the outdoors and there isno 3.6 C

man is smiling nearby man smiling

. . Four girls are doing
Four children are doing X
105 . backbends and playing 3.8 N
backbends in the gym
outdoors

A hiker is on top of the
_ . ) ! . A hiker is on top of the
253 mountain and is doing a . X X 4.7 E
. mountain and is dancing
joyful dance

Z: IR SCHR 12, A SCHUR 3 O 22 48 40 (Mean Square
Error, MSE) R 1Tl BT $2 45 1R AR 1 19 22 85, SR F pear-
son 5 KR JiE ik B0 25 R [A) N A 0 KO B9 £ AT O G
XA 48 AR ) N IE P AS 07 T 20 im0 T R A
MSE {8 /N, pearson $& 8K, 508 f) ¢ Bt 4, B4 4
PRI B AT

— (12
Z(IM*;)Z . JZ(l‘Zk*;)Z
k=1 k=1

pearson=




202

Computer Science THEHLEIZ  Vol. 47.No. 5. May 2020

MSE=

1 X B
N;E:\(Ik_yk)“ (13)

4,2 ZEWigit

e TR B 0 R e, AR S ] g R 55 A R AT 40 4 Ak
B, LA B A TR AR R AN R - 1 YN ZRBE I 2 1 7 ST B A T
HE 1 B0 18] #4104 3R B, 5 1 > ) R 9 8] 3 O 2R AR B
2) AR I e 7E U A AL T X R i AR AT ) LG AL 1)
HL 718 38] (8] B KN K vocab_size * embedding _dim , H: o vocab_
size SR M A KN embedding _dim 28 A 7] 1 B 2 B K
AN X)X AT A I AR B L 2 T B Ak TR T4 )
AL J5 A5 B vhox ) 9 2R 51T A L 3k B 7E I il B eh gt e
i %k iy B4 ) A B B ) 4R B B IR 1) 5. 7E B At-BIGRU
BERUA LSTM/GRU AU, 38 1of 2l 4% B 2 14 4 1 ok 45 i
LSTM 2 # L K Ate-BiGRU % I B J2 A9 3 &, 36 H

The global loss show

The MSE loss show for train

BiGRU E 4 & 4t B baseline, 745 48 B A8 DL & R & K/
LSTM/GRU XL ) 45 25 K4 14 1§ 28 0 48 FEAT T L. 8 °F
AL UL, JIT AT i 25 X 2 55 78 (1 g ] ) SR — 1 Ol 300, AR
R S BROBUZ S T RO R I B A 4E S 200, 4R R
100, b Ah sum f0J2 09 4 B 1% 5 5 100, 35T ok, 4 Rtk
{ELFT MSE (1% e $I038 B2 7 11 8 X be £ A B I 2k 1) £ 45 OF
W 25 A AEALLE train A trail BOHE AR LA BN &5 R AEAT T pear-
son Al MSE P I $8 47 (1) Hb 55, R R T Al SR 45 25 AV 4 11
B TR B IF 0 TR A
4.3 ZWHERHH

S A A R 50 ALY L A B — AR IR 58 AR
ZIE R S HOEAE B R E R 3 A B0 A U S 1
PEATIA . A — A A RS SR 2 R

The MSE loss show for trail

16 045 O e e
== Att-BiGRU o See 0 tee e geet ettt sa 00 e
" -+ Att-BiLSTM 040 -'v"'..-“'. '.,..I'\.h-',....‘n'"...‘..“.“. 040 TN Teed * e,
4 — Att-SumBiGRU
PP 035 e 035
12| Lol L, 030 L, 030
1 g -~ Att-BiGRU 2 -~ Att-BiGRU
2 H S 025 ||~ Aw-BiLSTM 5 025 ||~ Att-BiLSTM
3 10 [ o) — Att-SumBiGRU| o) — Att-SumBiGRU|
] % 020 LSTM 5 020 LSTM
08 s > * <+ GRU = |+ + GRU
\'_
06 Seteenne,,
04 ——
0 10 20 30 40 50 0 10 30 40 50 0 10 20 30 40 50

Epoches
Ca) 4 Jay 450 46 fE A S5C1G 1t

The Peason loss show for rain

Epoches
(b) train %44 b MSE 8 S5

The Peason loss show for train

Epoches
(o) trail HIE4E - MSE 19 e S 1

The Peason loss show for test

2 2 05 = 2 05
Q Q -~ Att-BiGRU Q == Att-BiGRU
= = 04 -+ AwBLSTM ~ 04 - Att-BILSTM
g - o g 03 — Att-SumBiGRU g 03 — Att-SumBiGRU!
@ Pee® ‘eee® @ 0. LSTM @ 0.
S 04 RFAOUC I R ] e« GRU 8 . CRU
a~ ) & 02 & 02
» -~ Att-BiGRU
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Fig. 2 Convergence on global loss, MSE and pearson index comparison with various models
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Table 3 MSE and pearson index on Test and Trail dataset using

various models

B pearson : MSE :

Test Trail Test Trail
Att-BiGRU 0.7544 0.7521 0.0313 0.0314
Att-BiLSTM 0.7142 0.7160 0.0388 0.0366
Att-SumBiGRU  0.7472 0.7423 0.0337 0.0356
Att-GRU 0.5392 0.5280 0.0539 0.0555
Word2Vec 0.2902 0.2278 0.0740 0.0807
LSTM 0.0451 0.0623 0.2123 0.2289
GRU 0.0506 0.0862 0.3854 0.3991
BiLSTM 0.0622 0.0715 0.2727 0.2620
BiGRU 0.0819 — 0.1996 0.1866
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Table 4 Sample records of Datasets

ID sentence_A sentence_B score  predict
The young boys are pla- There is no boy playing
4 ying outdoors and the outdoors and there is no 3.6 3.304
man is smiling nearby man smiling
Three women are dan- A few women are dan-
124 . i 4.6 4,461
cmg cimng
A woman is planting A woman is cutting
1525 K 1.2 2.554
some flower broccoli
4661 A woman is cutting a po- A woman is slicing a po- L8 4857
tato tato
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