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Abstract
paper builds three test sets from Dureader by automatically extracting and manually annotating, consisting of over-

In order to better evaluate the robustness of Machine Reading Comprehension (MRC) models, this

sensitivity, over-stability, and generalization. In addition, this paper proposes a multi-task learning framework with
answer extraction task and masked position prediction task. Experimental results demonstrate that proposed method
gains significant robustness improvements and show the effectiveness of the three test sets on evaluating the

robustness of MRC models.
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Table 2  Statistics of test sets
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. L) 246 246 9.63 5.15
K0 )

ey ey 2703 246 10.11 5.48

L, R 456 456 9.40 5.99
HEaE )

b e A 496 456 16.21 5.92

- AR A i 5 1417 1417 9.41 6.44

z X
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1. INPUT: JR[aJ# <p, q, a>

2. OUTPUT: i@ #Efil<p, ¢', a'>5§ null

3.8 p TR SR, FRICRIZEE A ey,. .., €}

4. IF m>2 THEN

5. BN {er, ..., en TTERI{s1, ..., Sm}
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@ https://mrqa.github.io/; @ https://github.com/unlimitedaki/Chinese-MRC-Robust-Dataset
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32 ETERMBAMEBUERMNNZES
)RR

X ] 52 AR 1) BRI R, AR SO 5 2 SR
WSRO S, TN BEAT 248 557 T Wik o HERS
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i # end_position i i & 4f 7 & 5 ZE R a WK ETT
GERCE

start_loss=CrossEntropyLoss (start_logit, start_position) , (4)

end_loss=CrossEntropyLoss (end_logit, end_position) , (5)
1
Ly (0)=E(startiloss-ﬁ-endiloss) ° ©6)

X HE R A7 B T AT 55, A SR HE A F 0 45
mlm_prediction 55 {7 & #54 mlm_label [ 38 3K
VEAEAII R, H3 R RO T

Ly v (6)=CrossEntropyLoss (mlm_prediction, mlm_label)o (7)

B SRS TN AL 2 AT 55 T i A
VL 2PN o X HERAIREA, 2 1:2 59 L Bl FEAL
I3 BC S S BRI A5 (07 B WU AE 55, I X E Pt
FEA SRR, THAB T O 24

Hik2 L5520 E

L R4 INE5E D R m AR (D, ..., D)}
2. FOR D; IN D DO

3. 1:2 1 LB AL A3 P 2250 2l BRI 5 7 B 00 4 55
4. 1F BEMBPULES

5. THFEEZEMBUNK Luiu(6)

6. IF SRS (v 35 T

7 JEWE 15%F) token

8. IS E WK Lyvm(6)
HEBE V()

10. BB RIBEL 0 = 0-V (0)

11. END

hed .
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A FLAE AT EM {H 53 51 4 85.98% Fll 74.38%, 1= T
Dureadery s ¥ 77 32 44 4 52 (345 7 ENRIE2.0jypge 2!
) 84.68% 1 72.74% . #X1fii, ROBERTay, 1E 3 1>
PRI b vERe, AR ST A L A
AL, FUIEFRAR 18%~25%, MR L, A ML
i [ 12 SR A AR, BT I o 5 PN BBOA S A i M 1Y
RoBERTa, E& MM _FAS 7 AEAR KA ELEA

SHMEBERUA B e LB B A R [ 2
B ESATIERS ), i H s B R i e . o
F3FR, 2 BRI AE 3 A6 R I K 4
AR R L BRG] 4R T, FL(E S 552
171 8.8%, 9.2%13.6%. i [ H ALK HLAL
BAGER TN GAR, £ THELZHES S, 5
SCHR A BE S RATARTE, P, B IR ORI
7 A A St H AR B R AR A . R HAE I AR
FEMNRAE I, 22 B BEROA A6 Oy ik (AR AL s /D % 12 2
LR, BIAMERE B E R . R LI —
FRIE - o MR Wk I, 22 i B ARl T A 780 1) A e
I3t 4 SR 5 490 P 0 3 5 SR =22 TR AT SR A AE K
Py iE

BT 28 A BOR A 457 B T A4 22 4T 552 ) i
7 S D R A R o LA A A I, B AR 92 4k

x3 EBLRAERODTMNEHEENRENLELER(%)

Table 3 Experimental results on origin question and robust test sets (%)

R - MR BE(F1/EM)
3 ) R MR — — —
RoBERTa JE£5 4577 LAt LR+ ZAE 5242

- Ji [ 71.00/55.28 75.33/58.94 77.72/63.41
pUR: b .

P A 64.47/46.76 73.28/56.46 77.30/62.41
Y- R 82.61/67.54 86.38/73.03 88.19/75.88
LIS e

MR 60.35/41.14 69.55/52.82 65.23/46.77
- AT PN [ 85.98/74.38 88.21/76.85 87.96/76.99
iz

458 7 A 67.26/48.17 70.84/52.90 70.24/51.64
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Table 4 Experiment results on in-domain, over-sensitivity, over stability and generalization test sets (%)

AU R e Zik
IR
F1 EM F1 EM F1 EM F1 EM
ERNIE2.0 HE£k i1 84.68 72.74 N/A N/A N/A N/A N/A N/A
RoBERTa JL£E 5751 85.98 74.38 64.47 46.76 60.35 41.13 67.26 48.17
ZH A 88.21 76.85 73.28 56.46 69.55 52.82 70.84 52.90
LRI+ 24T 5524 2] 87.97 76.99 77.30 62.41 65.23 46.77 70.24 51.64

B MR BC T FRm B AERCR, N/A R R 47250 .

e U, [RIA, AT I T AR A4 I 25 T LG g A AR
BB SCRRfRRE T, PR AR SO RE 1. A
F3ATLIE W, B SRR AT 55 25 S O
2, e R A S e RE A s, FLA L
FLARBIRIERE 5 12.8%, VLU 4R R A IR SO g
J30] DAL AR el 20 X 5 3R ) P Bl ) R M . AE S AR
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TF) A5 00 2 B 9 ) A ARG 6.5% 11 8.5%, 2 % 1 Fn £
T 5524 2] B 5 R R T R ARG A 3 ) /N 25 7 1
R, AR5 R TS A7 AE 22 80 W] DL )1 A
Xof B2 R ) A8 5 D [ 0 22 ) = 1T b ) N 2 S e B
B, RECHERER TR, [R] Bt UE B T2 B0 A A
5] 152 PHRL At A 8 114) 3o 0 U ) o 114) A R o

SHREMRE WS EAE 496 MEAR, K
JRF 456 DRI EREA . WNEATTLIE H, A
e e E FRFL M EM A B F R, LI
SRR Sy ), A R ), 3 4 A S R AR
22.3%M126.4%, o] WL, 7EE B A, wil
SRR A i) AR 90 2L BB T 2 e R A R A )

FINRNE AL, URBLIAG 1 25 9 45 A5 AU {11 [ T
SLIBURE =22 - M| E | SEUR /N1 Y (Ar 3 E S (2 JEEZS
BT AR FRAT S5 o [ A E BA AR SOk A 1 3 e e i AR
REAS A R0 B2 WA 8 70 R o 1 )7 T R PR fE

ZAMRE  IZEIR AT 1036 MREAR S
KEE IR (R HRY, SO BIEE R TERER L, %
AR F1RTEM {H 53 51 B AIK 18.7% 11 26.2%, £
WO ZAT 55 2% 2 ik AP e R R 22 0, R
TE /D A0 TR, TR SRt 280 7 4 ek A B
PERBIZ AL TN o AR SCHY Y 72 AR 42 mT Ok
A RPN AL % ] 352 P A AR ()92 AR PR

5 i

b X AL g ] 352 L g o R ) 5 A P D ) AL,
AR SO AT R S AR Az A 34 R SR B A
BRI A LSO LAY Dt ) R 34, LA
FeBeRERIVERE o TR, AN SR H A SR 1 SCpL
o D] 12 B AL R A O B vfE AR 8, A 5 A M
PSR LA PERE R T B W AR SO MR M4 1 A
Rk o A, AT B T4 Sl ORI MRS 137 B
TR B 24T 55 2 ) SRR 22 B B o SR, f v 1
HRSCHIL A B 152 PR AR () 5 B . ROR B9 AR v,
T ) 152 HR AR SR B I R B B S U A B 2 26 R Y
Mg, HE—Pfd w7 & BT 55 P AP RE
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