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Abstract
matching score for the pairs. This paper proposes a multi-task learning framework with self-supervised learning for

In semantic matching, the interaction information between pairs of texts is critical in predicting a

deep learning semantic matching problem. Specifically, a self-supervised model is designed for the paired
sentences to regenerate each other with sequence-to-sequence generation method. Then a multi-task learning
framework integrates the representation from the self-supervised generation with that of the deep matching model
to predict the similarity score of the texts. Experimentations with 9 deep matching models prove that the proposed

framework can improve the performances of the traditional deep matching models.
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Fig. 1 Model structure
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FE T TR B M 28 I 2% ) SCAR DL B A A, 78 A S
TSSM (text semantic matching model)#&/~ . JF IR
T TE F TSSM, 5% 2 45 21 9 /4> 41) - B9 R ik 58 17 S
Vector_E. Vector E [T 8 7 IEU0TF
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mFER P 1) MaxLen, BIA]F 550 B9 fe KK EE .
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2) KR Xt i B PSR T @ F b, 8 3T TSSM %
AJEAFEN AR R, B FF Embed_a, € R™" ™ Al
Embed b, € R"*P™ Dim £y AJZ4EEE, Lk
&M 300,

3) WA i AN B A R R BT TSSM,
195 Vector_E;:

Vector_E, = TSSM, (Embed_a,,Embed_b,). (1)

4) ¥4 Vector E; %ii A LA Sigmoid B8 % A 15 bR
Bz, RIS R T BIARUE 734X Simy:

Sim, = Sigmoid, (W, Vector_E, +b,), 2)

Horh, W, F1 by 2 AT 54 S BRI S 4L

BT BIRRZEIC N L= {1, va oo yuts viGEL,
n) RN AR TR R AE, T o RS U AR
2% R

Lossom =— (L-log(Sim,)+(1-L) - log(1 —Sim;))s  (3)

1.3 B BRI (SSM)

ARSCBE T MR BT SE 1o Y A A R, R4
YU 5%k 1) 5t AR AR I S BLAR D, IR A
AR BN T4 B SO 1 LVEELAT 45 . SSM [ Pre-
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U, =ConvlD;"' (W2V_AB,), k €1, C], 4)
N, =[U,U,,..,U.], %)

Hep, ConvID{" R/ k)2 Conv1D H 4 B 55
K k+1, Uy Fn %5 k)2 ConvID i H .

Ht Multi-CNN Z BB E I 5, AT SCOK,
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INGYRIR 2, 3, 4R S, R D[R] s 4R O ) R R
TG, —ot. WInRIHITHRHE; XY SOOOR, H
CWE R 3, BRE KNGS 2, 34, T
A A AR MRS e . = Io MDY JCRAE

4) Jp VR IR SR BB R S IR 3 £
J2 4 R 2% 1 A S B T BL R )2 (Self-
attention) " AU F A, DU R BN JC2H B4 91 AR AE,
[A] B} Self-attention ¥ i f4 5E 15 &S AR & 8 A4y 51
W5 B . HERIHLH A Sl bn s,
L Softmax A 1% PR ALY Time Distributed 4234 4% %]
o, 193] SSM I, 10 W2V_BA. :

BN = Batch_Normalization(Self_Attention(N, )), (6)

@ https://www.microsoft.com/en-us/download/details.aspx?id=52398

@ https://www.biendata.xyz/competition/CCKS2018 3

® https://tianchi.aliyun.com/competition/entrance/231776/introduction
@ https://tianchi.aliyun.com/competition/entrance/531851/introduction
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W2V_BA, = Softmax, (W, -BN+b,), 7
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MSE (#4751 22) f MAE CF ¥ 48 %] {H 1% 22 ) I 22 4 %
JEWINAE 5 H S H Z B B B RS, R 5 JEARUE
SSM LAAYSZ AR EEAE b 45 2 R K

Lossgg, = —Cosine,(W2V_BA,,W2V_BA). (8)

1.4 Z{E5F 3 (OM+SSM)

AR SR A A 552 I RE AR 1 ST Bk A
2] SR )15 B SOR B N I AZ B G R AE R,
FEALLE TR OAT 55 (B R R AL ) . AR, A
He SSM ) 23 11— AL B 22 BLAF B.(BN), i
WAL JZ K1y, 742 0] i Vector_F:

Vector_F, = GlobalAveragePooling, (BN) o )

SRIG, B IR IR BRI A Vector E, MIZE B {5 B Vector
F, Bt )5, % A LA Sigmoid bR B A 876 pR BRI 4 3%
)2, 1 BIAELLEE 534k Sim_Score;:
Sim_Score; = Sigmoid(W, [Vector_E,,
Vector_E]+b,), (10)

FErp, W Rl b, S T2 S T B SR
TENZRid e, ZAE 5527~ SR G s B0

Loss,,; = Lossgy, + AL0sSy » a1

Forb, A€(0, 1) J2 F e B B AL 45 G pR KB AL R
B ARSI, 2 WUE N 0.5,

2 EWigE
2.1 BIEENA

AR 35 A9 B9 4 2 SCAR T DL i — 24T 55
A TR 4., L35 SO 5 B S RHZE (MSRP)
2018 AF falt AR A7 4 Al 7 M ) 4] DG e K 3 45 9 42
(CCKSI18-T3)™ | Kih“/A 25 AL Z BBk 38 4 4k
(TCAI20)” FI i 4Bk N T8 fEH AR A1 K FE #18
ZHEAE (GAIIC21-T3 Hl GAIIC21-T3M) ", & K4
R ATER I 1,
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Table 1 Data set statistics

Wk sk Wl Rl W

G/ v
5 SEAT EAT KE s
MSRP 4076 - 1725 1892  Fl-Score #3(

CCKS18-T3 100000 10000 10000  11.37  Accuracy 13

TCAI20 8747 2002 601 13.68  Accuracy "3
GAIIC21-T3 70000  — 30000 647 AUC £35'S
GAIIC21-T3M 100000  — - 647 AUC £25'S

2.2 REXAKIEXLEZEBFEMNFE

R 2 ffR, AR SCHEH 9 MR EFT 525 . OM
1) 2 $UE MatchZoo T B EPI BRIA S, SSM (1)
ZHNE 3 it . Multi-CNN 45— J2 9 DL K Self-
Attention 1 28 7T % i [H E A 256, ¥ IG PR BCHR 2
Relu, 525, %} MSRP, CCKS18-T3, TCAI20 FlI
GAIIC21-T3 iX 4 M AR W ZR A2 R HT 10 4758 X
UG E, 35 BRSO R i 1 — A B R R T A A
ik, GAIIC21-T3M A Il 445 J2 GAIIC21-T3 Ay Il 44

AE RN IR AE (9 S FT . GATIC21-T3M % % ] % 4
YIZREE 109738 IR J7 %, Xt Ik GAIIC21-T3 (1)
D, A7 PP B AR 2 53 A B AU A 78 ) 28 B,
J& B VA AR AR ST DR R, SR AR
48 b5 f0 45 Fl-score (MSRP) . Accuracy (CCKS18-T3
1 TCAI20)H1 AUC (GAIIC21-T3 Fil GAIIC21-T3M).

ASCBET T o3 A A LA K O3 A AR A SSML 455
M ZAT 518, 43 fi A Y (Self-attention, SA)TE¥FH
Wi ) b R v I A3 SCASAE BAR B, Vector_F; i A
L Sigmoid bR £ R BT pRER MY 2, 1821 A) T
XF )RR BLBE o K. R RLTE AL B B A R
Pretext {45 2% > 1) SCAS 22 B {7 KL Vector _F, & 5 1]
DL Sr HFSCR AL EE TH . STk, ARSI
T ZAT 5 B SA+SSM,  BIVKE SA 43l A5 0 1y 453 2k
PRIEE SSM LR 5 2k eREINECK F, A 24155
SA+SSM A #Y 151 I A - X6 (4 A ALEE, A X5
OM+SSM ZAT: 55 2% 2] [ 151 2 sR AR A 18], 2 HU(E
0.5,

R2 REXKIEXLEER

Table 2 Neural semantic matching models

REA AR

R E TN — BT Z R KA — e IOBAL)Z, MBI AN A T # N-gram FHIE, BOA 0225 B

SRR AP IR BE T SCUC RO, AT USRI T AT UGS, (ELBI D )36 2 ] 28 ELA R A
JEAE DSSM (FER] L, 83 o FH ot FH 5 AUl 22 R 2% 4 30 40) T ) N-gram (5 8, x40 3 =2 1] (952 ELA5 B

PRANT ARC-TER X2 HAR BARMUA SR A o A SCSRBRAE FHATINAS 2 WA N-gram 5 B3 H AR
AEA IS SO Z (ST AL, A B S A A — [ € R BE M DCIE T 18], i A A 4R ph 2 ) 26 ke 1 5

o FH 5 37 A% PR EU(RBF - kernel) KA 35ia) 22 [A] (9 4K VL L (soft-match) (5 5 HFE, KR4S A —ilE, Sl 4
J& K-NRM ) —M 544, £EJE X Translation J B4 =22 [ {5 F 224~ 45 B 28 ) 45 SR SR BT A~ ) F- 1730 22 8] A9 N-

I T Bi-LSTM WY SCREAY, PN T- 1Y o 3 R A T 2 ELAR BB A 1) B3R R, AR5 6 Top-K S b AL )= Al

v}
ARC-I"MM =
TTHZEL
HFHFRR DSSMH
AT
cDsSsM!?
HEIR
ARC-1!"
DRMMTKS!"! .
AR
HTAH  K-NRM'
b o0 245 B b1
CONV-KNRM!"! N
gram {5 3
MV-LSTM!'®!

RS TIRYE, BT AL

TRABRY DUET!"!

IRA R Y Local B THE2RANC SNC A ICAELE B, 3L score; Distributed £85I 2% > B4 ) T35 X
A HAF S, 153 D score; % L score Al D score >R FIFS S AL

R3 MEMESHILE

Table 3 Neural network parameters

Btk JFFIKE  BatchSize OM Embedding JZH#iHH4E8  SSM iy A4k )i SSM 4 th 4k i Multi-CNN &2 &R/
MSRP 34 64 (34, 300) (34, 300) (68, 300) 2,3,4
CCKS18-T3 40 64 (40, 300) (40, 100) (80, 100) 2,3,4,5
TCAI20 20 64 (20, 300) (20, 300) (40, 300) 2,3,4,5
GAIIC21-T3 37 64 (37, 300) (37, 100) (74, 100) 2,3,4,5
GAIIC21-T3M 30 64 (30, 300) (30, 100) (60, 100) 2,3,4,5
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3 RBHER SN

TNV 2R 4 1Y SR A R AR SCHE Y I P
WFFE A8, F1-Score, Accuracy f1 AUC BUEHIITE 0~
LGN .

TS RQ1 . i 3 4 3 F 378 1A Y i) 51
s Al LIER, A SSMJE, ARC-IHAIZE 54
BOHE A2y 4 T 2.8%, 2.7%, 2.9%, 3.9%H 1.4%;
DSSM IR R T T 0.5%, 5.1%, 21.1%, 16.2%F1
12.4%; CDSSM 82T+ 53 514 1.3%, 8.8%, 18.6%,
12.0%M131.7% . AT WL, J% T 378 Ay BT A6 n
A SSM &, £ 5D HE % E R BOREG R 4R T .
W 2 o] B UG 52 AR S RE 8 R b axX SE BT A 1Y
AR

X RQ2, HFE4FH, A SSMJ5, ARC-
I ALRIAE 5 AN EEE LA RE 20 IR T 1.9%, 0.1%,
1.5%, 6.0%7F 7.5%; DRMMTKS £ %1 53 5135 T 2.9%,
2.7%, 1.1%, 28.6%%136.0%; K-NRM Jil A SSM 43-J)

KNRM 73542 T 3.1%, 2.1%, 16.5%, 4.4%F110.2%;
MV-LSTM 4 5 #& 7+ 5.0%, 3.0%, 4.6%, 8.9% flI
11.6%; X F R4 #i % DUET (1942 T+ 53 51 & 2.4%,
2.0%, 2.6%, 8.4%F19.3%, JHLEREMN, fFIT
A H B AL R S AR 2 g, iIn A SSMJE IR
BIARTE, BLH SSM 5L T4) 1 7 91 e SR B 22 B
7 B 5 X SR R B I 22 BLAR BIFA 5, AT
A%, JF H BB HEAT 250 b 1 55 5 4h TR B DG eSS 0 42 B
LHAFE, $RTHER A RGO .

I8 3 R AR AL SA 5 TR AR OM 7E 5 4
Bl ER SR g R, & P SA B YE H P 3 AN 5L
PAE FARORAE T A OM B R, Xy i, A SCik
THEY A B B AT 55 e S BIA Ry . T
AR AR HAF R . R, 454 SAR
ZAT 55 iR SA+SSM L 7 — > B4 45 (GAIIC21-T3)
WA A R . A 4 A Bl A D S AR
SRR A SR MR 45 G B I AR ) I 2 AT S5 R
(OM+SSM), i B HXF T Ii#AT 55 A R .

P TF 2.1%, 4.4%, 11.9%, 33.9% Fl 47.4%; CONV- HE— 25 4B I — AN B R AR RV 5 2 T4

x4 ZRER(%)

Table 4 Comparing model performances (%)

FEiF MSRP(F1-Score) CCKS18-T3(Accuracy) TCAI20(Accuracy) GAIIC21-T3(AUC) GAIIC21-T3M(AUC)
ARC-I 75.51 69.53 74.88 85.34 93.08
ARC-I+SSM 77.64 71.40 77.04 88.69 94.35*
ﬁﬁjf Z\\fjszx DSSM 80.24 73.22 68.72 76.86 81.78
LA SR DSSM+SSM 80.64 76.93 83.19 89.29 91.96
CDSSM 79.75 70.47 70.88 79.83 69.51
CDSSM+SSM 80.75 76.67 84.03 89.42 91.56
ARC-II 77.41 71.23 75.21 80.53 83.87
ARC-II+SSM 78.85 71.32 76.37 85.37 90.18
DRMMTKS 78.81 75.73 87.02 68.51 67.03
DRMMTKS+SSM 81.09* 77.74 88.02* 88.11 91.16
spaigom KNRM 78.13 74.01 73.88 67.01 63.10
KR AR A OM  K-NRM+SSM 79.77 77.25 82.70 89.75 93.04
BLALE OM*SSM  CONV-KNRM 77.73 76.42 74.54 83.61 81.95
HALFER CONV-KNRM+SSM 80.17 78.03* 86.86 87.31 90.28
MV-LSTM 76.04 75.17 79.67 81.18 83.63
MV-LSTM+SSM 79.87 77.43 83.36 88.43 93.30
DUET 76.69 74.78 83.53 82.34 85.39
DUET+SSM 78.56 76.25 85.69 89.29 93.37
4 ff AL 15 SA  Self-attention (SA) 80.50 75.57 81.03 89.75 93.13
+SSM £4155 SA+SSM 80.76 75.79 82.69 89.88* 94.12

LWL ML ARHA ST 2R OM+SSM BRI T OM B R iy 45 21, MUAR SRR S MR AR W B AR S5 2R, MR BEAL SA fE T OM BEAL 9 25 1T
TRILER
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WRIESE 45 A B 2 ) 2 AT 55 SCAR TR LR 12

&5 SSM W AREBEENEAR(%)

Table 5 Self-supervised model improvement by data set (%)
HpRae ARC-1 DSSM CDSSM ARC-II DRMMTKS K-NRM CONV-KNRM  MVLSTM DUET A
+SSM +SSM +SSM +SSM +SSM +SSM +SSM +SSM +SSM
MSRP 2.8 0.5 13 1.9 2.9 2.1 3.1 5.0 2.4 2.44
CCKS18-T3 2.7 5.1 8.8 0.1 2.7 4.4 2.1 3.0 2.0 343
TCAI20 2.9 21.1 18.6 1.5 1.1 11.9 16.5 4.6 2.6 8.98
GAIIC21-T3 39 16.2 12.0 6.0 28.6 339 4.4 8.9 8.4 13.59
GAIIC21-T3M 1.4 12.4 31.7 75 36.0 47.4 10.2 11.6 9.3 18.61

Blo 25 RIREE A H B IS 45N B0 SR AR 1Y
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