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Abstract

As a key task of natural language understanding, machine reading comprehension has
been widely concerned by scholars at domestic and foreign. In order to solve the prob-
lem of multiple choice reading comprehension, which is difficult to extract evidence
sentences due to the absence of clue annotation and questions involve multi-hop rea-
soning, we proposes a model of evidence sentence extraction based on multi-module
combination. Firstly,we use some labeled data to fine-tune the pre-training model;
secondly, the evidence sentences in the multi-hop reasoning problem are extracted re-
cursively through TF-IDF; finally, the unsupervised method is combined to further
filter the model prediction results to reduce redundancy. This paper is verified on
the Chinese Gaokao and the RACE data set. In the extraction of evidence sentences,
compared with the optimal baseline model, the F1 value of the method in this paper
is increased by 3.44%. The accuracy of using evidence sentences as model input in
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downstream answer tasks is 3.68% and 3.6% respectively higher than that of full text
input. The above results confirm the effectiveness of the proposed method.

Keywords: Machine reading comprehension , Evidence sentence extraction ,
Recursive extraction

1 5§

BE&E BRE S AHEBORZRE, EINSN T8 P AR AN AMTIR AN « ARCE 58

TEAL 2R ] SL 3 g A 1Y 22 TR 3 1 55 (Mostafazadeh et al., 2016; Lai et al., 2017), Bl: Z55%€ 3
~ [RREAMGEI, BESRARIESC  [EIE A, M E eI e B (e T

STEAESS, HIVE B RFERC - AEGETE A (Wang et al., 2018; Ran et al.,
2019)FEE=F Z MMM E., #H17/E BB G ARME H & EET - K5 A BB BB A
[, ZULEREME R UEE NG ERL PHRI(Wang et al., 2019), (WERACE(Lai et
al., 2017) FRTXHIFANGEE R M FHRENER) | HHAALCHE LEmEx. e
MAER ARSI TR MARRTN - FrRlx T30 BoRrEIRSE (0 2% 78 30 3
R THEFE, HFRENL134.15F k) |, BIARICKH S EIRTRMESZ R H 5 A3 Kk 17
MRPEEFR, HES - Z @R . Ft, RBURERT B EZEFE HRIHETME
E, ZRSCETA 2 Tide 3 [ 1L R (55 PP A (e B S B R R AT P

XL BRI, Zhang et al. (2019)3& HDCMN+, TEXf 3L CEINIWN 7S7. %= Pri
T, FIHRZHEMBEVEME S SikuiE B B, DY R Tl . (B2 TR %k
A H N Z A)(Wang et al., 2019), FFEREELMRGEA) 5% 2 A 8 & BRI L, anELET
N, BEE R AT S HS248 & FIMT R THAIE IR R EE R, HNRDOES245 HE A KK E K
e B RFZAEME . BEAITE AR ER, ZLBEEARMER B 20 5825 G pl
N o BT, Trivedi et al. (2019)%F {55 f1) Wi 11 9 SUAR €5 1£55(Korman et al., 2018),
3 AT ETR - R BIL, AT E Z AR S FA TS KRB - BT - DIRELK
& . KRHSNLI(Bowman et al., 2015)% BB JEAT R0 2 J5 #EAT T o (EAZMITIER % Q1
WA ZEE R TURMEN, WEIF R, B E CHELETTE, ATESCH B 5% TAR
KECAIS15S15,HX M A BT & KfE B, X ERTNHTRAMEFHE WTiTEE. X
. Yadav et al. (2019)F2HROCC, MM A) 5 X a3 e Rl R ) (5 BB 55 5 ~ 18308 ) 5508 10 %
P2 8] AT SR SR A DL S g0 1) Z [B] TU 4R 1 =07 bt EROCCH 47, i — P Bs 5 -
FE—E FEL WIIRM%, BRER&E TR k.

ERTTIERR AT REIR G KR T, B FE— kA . (1) EECRIETS ]
AP, BOHPHRERES N — P B HIPRR A SRR IR, 2xrEia) S
W, GNEETR:  (2) G HEORE SR IR AR R ST S BN RE B SR, FAELE
MEEARERIEN:  (3) T EZPMEHERFEE (RI. AM#EB, BH#EC) . HAWHETIERS
TR SR FHAFERZE KRR,  SHogTiEEa) L .

7

N\
/ \
/“h%!—%&%ﬁﬁiﬁﬁﬁm:¥$%ﬁwiﬁﬁ%ﬁﬁ,ﬁﬂ@fﬁﬁ%ﬁ\
K, HE—SHRHASRARIXBERNG AL T AMBLHXT, E—0HB gt s p
BT %A B KRS [::::> SL SI12. 24
SIL: ZARAMY R AT Ao a9 T Lo I ? :

mzﬁwi+m&ﬁmfﬂ«ié#»%$imﬁﬁ:&M%Mﬁmi%mm+xh}

i, BRI EHEA, AEER LA SR EAEN, ‘ ‘ +
SI5: ¥ AMiK, A LA B, RREHFSUHRERY, Ak
LETS £ R \ HARR LS M, T K E A ? S
CRAREHTFRT RRHRG LRSS, HXARRE—BF | MERAD
B ! A
S24: “& :

(
I
I
I
I
I
I
I
I
I
I
I
I

&% | IR s o

RERTE, GERUOTE, MokBRRKKRARY 0 | 1A BTRIAKRMM, A LUK
| N, AL EAMAD RS, KLWth
AR RIARRAE EHAM,

RRHIGE, 7

B 1. 2 R AR R R e ) 7R £51)

bXf LAk, AXAERACEM A B EEIESE (W5.2 ) BTl . s o RSt
VARIL, 30 REA) SR A R SRR . ORI AT (A SRR B 2 SN LIS R4 £



HEESY

YEEBCR AT E 730, BICEBERR E B R Rk a i - BORSCN FREER  8aE a) %
£ QEINAME BN FE BN B 08 A1 B, R SR B [l 5 e T R U S TR R AN 518
HHNR, 205, RS AR S BERT (Devlin et al., 2018)FF4THIH; #H¥ IE A AR
IS %mFocalLoss(Lin et al., 2017){?%?&%@%&, RV SRS HE SR Y B8 hn 5 i3 T R XA
A, BEARE SR AG RS E, NMEEE ER S EEAMEIFUE, & TIHERW S ELa
8, XTZ P S 2 ek f) M U E MBI S, AR HE T TF-IDFR )3 = E
ik, SRS A A, NORIEEE ARG RE) Bk, R Z RN, R
FROCC(Yadav et al., 2019)EEEFE, A WHE.

ot — 35 VARG % 2% A T BT 2 S BT IR T RN e S B, R SORE i ECH A i
WA B PFFEE . K HBERTS co-matchingt® 7 43 B FERACE ~ 17 7% 15 3 [ 132 34 g 006 122 1 20 98
B EHTRE, SEUS 45 S SR B R Rk A SRR R B AN M b SUHE = B MRACERUE 2 E
AR T3.68%%3.6% - fEMREAIMEL L, AR EMEL T EEFUESE —PRA
73.44%1%3.95% -

2 HMx 1

AT AE, RIBNNGTT R R IR - (1) 8 T B 7 1 1 3% ) iy B
REETIRS, FNBmE AN REATEFE(Yaday et al., 2019);  (2) A WE 7 EE SR EGE
YIZREETY T SEI R AR 55 B shl s a1/ B 8 - Trivedi et al. (2019)f# A€ &5
£l(Bowman et al., 2015; Williams et al., 2018) A I ZrfE LA FHEUETY o X T AFE AL 3L A FR
FERERSE, i N L ATRE (Speer et al., 2016) B R &R AR, JILET (Hao
et al., 2017; Lukovnikov et al., 2017); (3) {HHEBRRITEEAME 1, HiL @
>J(Geva and Berant, 2018)8pagerank(Surdeanu et al., 2008)2%>] 4Nl 7E = /D BAT I ZR &R 1Y)
A3 N TR AT - BURMATE LRI SOR S E R B2 ., 3 555
ORI RE S BE IAEE K(Ran et al., 2019; Tang et al., 2019); (4) \iF AN EXH
W, R EEE FRRMREA, EH5ENEE ISR (Min et al., 2018). Fi&  {E,
SHETBZASE X, #E TERETEAEN MFES DAERERIL . AOUTR 1EEEEN L
W EE TR, GEeERERESTWE T, FERGE R AT RN I B IR s S
RE WA TEORNE (ER - R, X EREERFOREEE QEIRIATE B - Kin[E LA
JOE ARG AT TR T - b, ARSCER X PR [ 8$E T — #2455 B
FE, BRI TRETBCSR o HAE NS P RAE TR AR R .

3 Rk AR

TR —For BB AU, BB RZEA a2 R - HEZRG SRS (1)
WM EEER: SRS RETRENER, WRESERTEERER, (2 BEAHMBU
B ST RSB S FIRESUE R ROA) TS, (3) TE-IDFRBIAMBURR: ER]
—GHEE L, EATF-IDFERG| S, S PR REs), #acREER ; (@)
IR ETRATRE Lit—DE, REPEDMI R, BREETER-

N
Pl-+Pn
4 P6 | (#P6)
P1 | ,
P2 BERT Encoder Max |
L% / cosine
! [CLSJ+PI+[SEP+HHSEP] | | ,[ 0 ] ) K=3
Passage > \
- \ g P2 [papape | E
\ [CLS]+P2+[SEP]+H+{SEP] | |5/ | | ng :;ll;..l;n ‘ EZ m -
Pn \ . N }l:é / £ (F%P6,P3) o _-, 3, 1ROCC> ’ o
Option | N : =1 N . P12 e
/" 1| [CLS]+P6+[SEPT+H+[SEP] | > 1 "/ P12 P16 {Pspi2pic] {o2]
% Rephrased Option —"} H [cLs) [SERIHAISEP] =/ cosine P8,PI12,P16
Quest } [CLS]+Pn+[SEP]+H+[SEP] .\I‘" !
P16
| | | ) | }
1 BAXERH (R) ! 1Bk o) A S (F) A! TF-IDF i )3 30 B 3 (T) A R) ,

B 2. e f il HORRY



IR

3.1 HRUINEHER

I 7 % R MRACERUE R 4T 5 A L, 3T R, = MY R SRIAT &
(RFFE) 30 M—I02?  (BERER) ZLREmesiEEERD, RUERETE,
o WHEIEE; T R T ER E MR R AR, NIER (IEF) A—TUE? 7,
WINA B F47,  UERETANE, RREEEET D, MBOTRR%E A 2 BOv
M TR RIS R E RS, PTREERAT SRR . R SRR SRR ER, R
HE®RIIER &, BR8N T -

R ERBAE DL, B SR ENR AR TERTARNE , FHERGERER R =
{H1, Ho, ..., Ho} - Hm g Bk G AR K E; ZE/HL DS NATP = {P, P,,..., Pa}H
FPRIC , A3 FRITEE -

‘ﬁ-ﬂw&ﬁ{%?
( T T T T
A “HH T, T BSMERAEE WER, T
S ) — A ?

B3P e

BAHREF

I

TR EFE L& —AA?

A. “rfeRiE ft R x%iﬁ!’liéiiii&%ﬁ?vffié‘]“{i*ﬁfi-if]{{ro\

heRET
Prey

K 3. I S R

3.2 feika) il BUEER

ZEPUE ST BERSE TS A HN R, B2 B AR K A) - AR SCEBERTZ:
fifi E#EATSRES . B SER([CLS), A TR, [SEP)EMNEH NSEP)# W A f . H
F[SEP| NBERT R A B BRAF, [CLSINFIRTAF (MABERER) o BE, WCLS|H

4RO € RYHAITH L. dHBERTRE ™ B4R -

3.2.1 Focal Loss

BT EEAREEFFEELAREARNYEHENS (RACEFEEAEIESEF, EAFEARL
H1: 10) o AR HFocalLoss{E MR MEL, MHRRETIEMARMRYS], BEALHIAY
P RIS -

B NP AN R (P, H) BT AS SR AP =[po,p1 ), BB N Y =[yo,y1] - * THEGIEE R
kM E, EERRHN: OF = —(yolog(po) + y1log(pr)), BIR, M AREAR & ELER KRS, #T A
R AR R, (IBEAME DN IEREAR 22T

= {0 @
~(1-a)y logi_y y=0

FocalLossTE [F/H BRI AR E Ry Lo,y /D 5 70 LA R R AEAR T BT T IRMERY - B8
DHIREAR; o T FEEMEARGHELHIAL mt T EAEARNIHEHIIER

3.3 TF-IDF# /3B bR

P T [58 ISE P 22 e A7 AR 22 AP R (R, LR, IR DO LB R SO €
5 ARSI B e ) 2B H - B QEIZ PR R F AR A KRR, HMET E—PE4S
RE = {E}, BIoik i 5iRIE ) RERE RGN T ENE B EEa hopl - 4KTT, TTEHEHE
53 A7 (BRARBZHN BHEE, BUEME & TE RS Bk fihop2. 25, HHEX
AT 5hop2 Z A REKE  (hopl 5hop2BRSt) . HBOREKE s f)7F1E 5 =Bk ),
Ll tE, EEKIR (KEMEERELEE) - FENaT5RENESESH -



HEESY

3.4 R A)TEEAIER
NIRTHHIEE R W, FRRT KR ETTRERLE . AU HROCCKHZE Rt — B ik .

E%,ﬁ%i~ﬁ%%@?ﬁﬂ#ﬁﬁﬁﬁéﬁ%(j,i%ﬁﬁ@%%ai@%%%@%

m
ROBILA)TE, mAHEBRM (AMIBEEERE KN - 2F, SEHEHEEGSHIN0)E
ANERHE BITLRE (2)EAFETFE EE ER(3) B A 55T HE BRI AETTES
45
3.4.1 TIERE

BT EAEESTANEEREREESE, KA BEFMZSHEERE B LAME . 598K
FIaFEE, BEEIUREBIE.

D [tlg:|Ntig;|]
e max(t]g;;t|g;)

(2)
G|
2
HPGRIRAEATRS, giFg M AEmREaHFE—FAT, t(gi) &g T & A%

& (EHE) . |tlg|nt|gj||Forei5e FIHEREE .

3.42 FEEX
AT HEEL EEASCETMNE A HNIAILE %2 HHS £ 562 18 #) 1 5 iF
FIDF{EIFCFIIEE] o CoveragelEfi A,  WRIZESEESERIINE AIREEHL -

Ci(H) = [ t(H) nt(g1) (3)

0:€G

S IDF [Cu(H) 1]

o= () W

A Cy(H)FRa T 5 A5 84 2 AfHE T .

3.4.3 HFH

@ﬁﬁBM%(Rober‘uson and Zaragoza, 2009)ﬁ‘ﬁﬁfﬁ%%G'—?ﬁﬁEﬁ%@Hﬁ‘ﬁﬁ?é@ - 1TE
AT

R(H,G) = zn: wi - R(hi, G) (5)

MNER=DAE AT EHACEERE, HFalritRESHROCCHE -
B R
e+ 0(G)

w6 R, RANE A EETIMNE f]relevancefd 5>, O NG HoverlaplE, C(H)NEEXS
WIS A] Hcoverageld, it B A H > 7B BE0RIIG L, ANInelE PRI, K5
FieENL . ZJE, IRROCCHDPRARESIENFRENREFESE, -

4 EEEE

BrEEfEe R, FEATHERL O ZRFARFEQ, ®IO0;—iEhE R 5
B

S(G) -R(e+C(H)) (6)

Aj = f(Cv Q, OI) (7)



HEESY

L(4/C, Q) — — log 2RIV - 40 (8)

exp(WT - 4j)
j=1

7, FOFRER i BT84 € RS, AR, GETIRAEIR, EanERlig
fE o R8H, W e RO WSEUEME, Ach ) IERfEI -
5 FESE
5.1 fEEAEIEE

EE RIS BT o D R L AR, AR SOEE S R RENL I E5005E
Bl SRR PR RS A o AR GSEREENETR, S RS IEIRE A AT
FRENL, RZ, FRER0. AFHEEERIRNE R &, ASCREAE XEIEMAE = BEdE —%
gy, HEUARIZWH—E A TTIRE, S HNFE AT REERER RIS P4 R 223 3t 1T
PORCES, EXTPRESS R A AR, B PR ITE SRR, AIBRTCIEE E AR,
TR, BEREUEE, BT RES R E N REEEFE S, 8545, 311615 HA)
%, BWIEE, MAEEEEIERE S H: 36,254, 4,528, 4,529

RACEMREAIEIESE: ACKHAWang et al. (2019)F3EI500iERACE mid-challenge®l 7
s alxt, 434, 736A)%, EFYIZRE, k%, ML R N27,790, 3,473, 3473 - HTF
), TR A REE A T X A, S8 R % A Fh BN B R S, AR SO FIRACES PR &
FIRT RS 43 33T I
5.2 ARSI RS

A 3 % FARACERL 8 £ Hmid-challenge®f 43 3#F 17 S£ 45, 3% Uit 2218, 364i& n] & |
%8 1. 177 2R BRI 45 114k - BR0E ~ FAMARE LA AS ORI WL £R T 2005-20194F 55 %
VB S AP R R L 78861 . S RACER R =084y -
6 LRI S58RST
6.1 MERIEMIEIR

Bk A MBOPMIERR:  SCESRAFUE - P( BA%) - R(A BEIE)RIPAG Bk Al PO
WHEAKWT:

TP TP 2x P xR
P=ppp X 10% P= s x 100%  F X 100% (9)

BRI AR FR PR T2 7, R accuracy TEVRTLMEREAN TR -

6.2 ZHEEN
AN EEIE RN SEOEN TR TR -

X5 DataSet | epoch | max_length | batch | learning rate | K | m

s e 3 128 32 3e-5 3| 4
BEEAIR —pacw 3 128 32 305 3132
PR e 6 450 40 le-5 — [ =

SRR —pacw 3 320 32 e —

* 1. BEEZEIN

6.3 SKEEREGMT
6.3.1 FLARTIERELLER

TP RN A RATE = % NRACEBREAHIEE LR, W TREBREARESE, W&
A F HBERTwwmIPH, RIEXF1{E R TBERT-base; ALBERT-basefti B {5 1% 7] 3-P{E
5, AREM L TBERTwwm R17.710 E 40 4 - ST BB HURE, AL BERTwwm %



HEESY

Mt TG, BREALE ERFTIR(A X)), BEMEAEPELLRA4TES S, RE
BA199NF 9 A, FUESMADNED A - S TRACESIEE RS HBERT-wwmBUS & 5L
BRI EM P ASRFTRG, RURETF 73.95 N E 04 o LLEFTARIUE T AR 77 % B ik
.

| =% | RACE
Baseline Model | P(%) | R(%) | F1(%) | P(%) | R(%) | F1(%)
ALBERT-base ‘ 81.50 46.13 5891 ‘ 76.34 59.08  66.61
BERT-base ‘ 73.59 61.84 67.21 ‘ 7730 61.10 68.25
BERT-wwm ‘ 73.78 63.84 68.45 ‘ 78.03 60.78  68.33
BERT-wwm+OR ‘ 77.29 65.34 70.81 ‘ 83.10 63.77 T72.16
BERT-wwm+OR+FL ‘ 76.94 65.81 70.94 ‘ 82.58 64.10 72.18
RFTR-ROCC ‘ 76.86 65.87  70.94 ‘ 81.40 64.85 72.19
RFTR ‘ 79.19 65.83  T71.89 ‘ 84.36 63.23  T72.28

# 2. ETEFEIESCHRACE R G f s R

6.3.2 fREAWEGE LB

Rt — B WINPT T BXT LR G R, RS B MRACEME % A) 585 8 L 5 5l 17
T LR . mFRME RS (BIERFOR) EREBIESE LRMFIEM L EL 5 HIR
712.36 %3.83 1 H 4 A, HHAPEMREMIERA, RPAMEETHEEETE, & HEHE
NI, X XTI A TE 2] E R KR, 2 EE X EUEE R IE AR E IS, i FFocal
Lossitt — 5 T R AEF 1E L4 B F0.13F00.02 10 A 9 5., HEX FEEZERERA04T1H
G, RIFFERIEREVS, BASTIEMEARES B 55, A TE-IDFAELUE T EHME
235 R RR A 5 ) AR AL 3 BSR4 B 7 0.06510.75, FIIZH R LI R DR
mAFEEE; &F, FHROCCMIELAE L RIMTURE, FEika)EXhtuiE e 8 =R
BEASERTMRE=TDbEQ, H— X ERIHITIHE, EMEIEE LPESIRA2.331H
A3 S AN2.961 B 4 L

6.3.3 Rk A HEBCICR I IE

AT R 7% B B AR 5 S RACERUE 56 Ltb 73900, Re it th ) fseade &) §F R VR D SC
BT, BORIIRSPUR, HAEV(RFTR)FRERBEAENST B7E, %I04 RIEY]
TR AR R R -

=% RACE
AT dev(%) | test(%) | dev(%) | test(%)
BERT (base) 32.61 30.33 55.91 57.66
BERT+EV(RFTR) 36.29 31.34 59.51 59.87
co-matching 35.27 32.36 47.54 42.22
co-matching+EV(RFTR) 36.29 35.39 50.65 46.40
ALBERT 29.06 28.05 65.26 67.08
ALBERT+EV(RFTR) 32.11 29.57 68.92 69.30
DCMN 30.83 30.24 48.16 49.53
DCMN+EV(RFTR) 32.64 32.12 50.53 52.19

3. MBS RACERURSEE MR 45 R

6.3.4 K ,mXi g% Al B LR 45 R B R

o HCBSE R A TF-IDF 2 A BUR R (3.3 ) KA M B Al sk (W34 ) ®EE
FmAEX i AR BN, A SOHAT T ZHO0 HL - SRIREE R ANIE4, 5P

B4R, RSB AR MRACERUEE ST, BEERIN N, kA a E 2 E R
. HK3 A ERSFIEAS &M, RWZHBECBR TR EL D R E R



HEEE

65.87 k66 84.36
TLAY 7228

2] .53 6553 2l 7189 sAEE :1‘ rs
b 08 gnokao_P
Fes RACE_P
™ ™ .77 B
Fos
= 5] ] Z 026 s [s.
L 09.64 i
s
ol . ° 77.29 .23 s
68.67
§ 7523 6833 I
68 -06 |- 61 68 4 68.12
1 1 3 H 2 3 i 5
K m
4. VAR KEZ 5. TR FmEZL

5y M HBECHART B ER TR, HIABEGS Z S5 - - BB, R EEE
&RME$mﬁﬁU%ﬁmﬁ WRIARE &M, HWBHROCCH BRMIFIETTRER, XAREH
AT FAG B N AR —E8 9 T R A L& A] .
6.3.5 EEIRMEBURE ST

ASGEEUT AR 5055 8RB UR T T 98T, RANT 20 ERRETE -

s ) \ I | R | HEsR
CEMEYREZHI A EEEKE, LRL| i FHAzYT FRUUTHIERK, 0 1

NE, BEIMERTFEE, FRLKb, 7EK | HAESIT A4 b aEse .
AEEY L R, BOVET Ik

FTREAMNATERER, WA EREER IR E T, 0 1
B tE 7 (R AN A D L BT — 1, . R FA] Z R R,
METRIRZEA RoRFE, HEFILTFEER Z | BT T ARRHL, NFHERES - 0 1

70002 F - MMN— , BIRAE SKkUt, F&
WA TR « AR ~ WRER - R #HE-

Bk EHER.
F 4. Bk AR R R B
FHZ AT, %EIE%@H? Mo (D) INEE,  BEIERSRCENT R e,
A AR 5 “inniﬁ*” (2) VAGOHERE R fn B ATEMRNE MMl —E, AZ—1

%J\lﬁ‘ﬁ%ﬂ@?ﬂ?'ﬁ%%ﬁﬁﬁfﬁﬂﬁﬁﬁo "HANRRENZ R CEINRURERARES
FIRRFFAE, REFE  FHER, SEGTENTEER - 3) WRANSFR & W
FERIRYRNIE “FROR ~ RARAR « PRRR - 7R By “F 7R

7T Gr5REY

ARICEE X ZUHEEE ] SRR B A AIUESS . LUE R E TS UMEO AL, TR ITE SO
SR B RIE TR RIS . R RE BT RFE T b 70l . &% KRACEHES
B ATSREE, UESK TR IEMERUE - [RIES, GRBRUE TR A e BT 22 T5E 1 SR Y A
B o tesh, MR B, EFHBUSFERRIRE Tz - S8R, T —2 Rz
PSR R IR R IR R (WAEFEIREL) | SRIMEEAMBCIER, A —PREE R
TR -



HEESY

22 SCHk

Samuel R. Bowman, Gabor Angeli, Christopher Potts, and Christopher D. Manning. 2015. A large
annotated corpus for learning natural language inference. In Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing, pages 632-642, Lisbon, Portugal, September.
Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understanding.

Mor Geva and Jonathan Berant. 2018. Learning to search in long documents using document structure.
In Proceedings of the 27th International Conference on Computational Linguistics, pages 161-176,
Santa Fe, New Mexico, USA, August. Association for Computational Linguistics.

Yanchao Hao, Yuanzhe Zhang, Liu Kang, Shizhu He, and Jun Zhao. 2017. An end-to-end model
for question answering over knowledge base with cross-attention combining global knowledge. In
Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers).

Daniel Z. Korman, Eric Mack, Jacob Jett, and Allen H. Renear. 2018. Defining textual entailment.
Journal of the Association for Information Science Technology.

Guokun Lai, Qizhe Xie, Hanxiao Liu, Yiming Yang, and Eduard Hovy. 2017. Race: Large-scale reading
comprehension dataset from examinations.

Tsung Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. 2017. Focal loss for dense
object detection. In 2017 IEEE International Conference on Computer Vision (ICCV).

Denis Lukovnikov, Asja Fischer, Jens Lehmann, and Sren Auer. 2017. Neural network-based question
answering over knowledge graphs on word and character level. In International World Wide Web
Conference 2017.

Sewon Min, Victor Zhong, Richard Socher, and Caiming Xiong. 2018. Efficient and robust question
answering from minimal context over documents.

Nasrin Mostafazadeh, Nathanael Chambers, Xiaodong He, Devi Parikh, Dhruv Batra, Lucy Vanderwende,
Pushmeet Kohli, and James Allen. 2016. A corpus and cloze evaluation for deeper understanding
of commonsense stories. In Proceedings of the 2016 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies, pages 839-849, San
Diego, California, June. Association for Computational Linguistics.

Qiu Ran, Peng Li, Weiwei Hu, and Jie Zhou. 2019. Option comparison network for multiple-choice
reading comprehension.

Stephen E. Robertson and Hugo Zaragoza. 2009. The probabilistic relevance framework: Bm25 and
beyond. Foundations Trends® in Information Retrieval, 3(4):333-389.

Robyn Speer, Joshua Chin, and Catherine Havasi. 2016. Conceptnet 5.5: An open multilingual graph of
general knowledge.

Mihai Surdeanu, Massimiliano Ciaramita, and Hugo Zaragoza. 2008. Learning to rank answers on large
online QA collections. In Proceedings of ACL-08: HLT, pages 719-727, Columbus, Ohio, June.
Association for Computational Linguistics.

Min Tang, Jiaran Cai, and Hankz Zhuo. 2019. Multi-matching network for multiple choice reading
comprehension. Proceedings of the AAAI Conference on Arti cial Intelligence, 33:7088-7095, 07.

Harsh Trivedi, Heeyoung Kwon, Tushar Khot, Ashish Sabharwal, and Niranjan Balasubramanian. 2019.
Repurposing entailment for multi-hop question answering tasks.

Shuohang Wang, Mo Yu, Jing Jiang, and Shiyu Chang. 2018. A co-matching model for multi-choice read-
ing comprehension. In Proceedings of the 56th Annual Meeting of the Association for Computational
Linguistics (Volume 2: Short Papers), pages 746-751, Melbourne, Australia, July. Association for
Computational Linguistics.

Hai Wang, Dian Yu, Kai Sun, Jianshu Chen, and Dan Roth. 2019. Evidence sentence extraction for
machine reading comprehension. In Proceedings of the 23rd Conference on Computational Natural
Language Learning (CoNLL).



HEESY

Adina Williams, Nikita Nangia, and Samuel Bowman. 2018. A broad-coverage challenge corpus for sen-
tence understanding through inference. In Proceedings of the 2018 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume
1 (Long Papers), pages 1112-1122, New Orleans, Louisiana, June. Association for Computational
Linguistics.

Vikas Yadav, Steven Bethard, and Mihai Surdeanu. 2019. Quick and (not so) dirty: Unsupervised selec-
tion of justification sentences for multi-hop question answering. Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Processing and the 9th International Joint Conference
on Natural Language Processing (EMNLP-1JCNLP).

Shuailiang Zhang, Hai Zhao, Yuwei Wu, Zhuosheng Zhang, Xi Zhou, and Xiang Zhou. 2019. Dual
co-matching network for multi-choice reading comprehension.



