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Abstract After witnessing the soaring development of the Internet in the past decades, the problem of Cyber Content
Security, which is considered as one of the core tasks of network governance, has become increasingly prominent. Text
content is the most pivotal research object of cyber content security. However, the inherent ambiguous and flexibility of
natural language bring great difficulties to public opinion monitoring and cyber content governance on the Internet.
Therefore, how to accurately understand the text content is the key issue of cyber content governance. At present, the core
supporting technology of text content understanding is based on Natural Language Processing. As a comprehensive task in
the field of Natural Language Processing, Machine Reading Comprehension can analyze the network content in depth and
achieve a comprehensive understanding, which plays an important role in the monitoring of network public opinion and
the governance of cyber content. In recent years, Deep Learning technology has made remarkable achievements in many
fields, such as Pattern Recognition, text classification and Natural Language Processing. Likewise, Machine Reading
Comprehension methods based on Deep Learning have been widely studied. Especially in recent years, the publication of
various large-scale datasets has accelerated the development of neural Machine Reading Comprehension, and various ma-
chine reading models combining different neural networks have been proposed successively. The purpose of this paper is
to review various neural machine reading models. Firstly, the development history and research status of Machine Reading
Comprehension are introduced. Then, the task definition of Machine Reading Comprehension is expounded, and represen-
tative datasets and neural machine reading models are presented. The latest research progress of four new trends is intro-
duced. Finally, the existing problems of the neural machine reading model are put forward, how Machine Reading Com-
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prehension methods are applied to solve the problem of Cyber content governance is analyzed, and the future development

trend is forecasted.
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Table 4 Model comparision on the SQuAD dataset
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Table 7 Attention function S(x, y)

TR AR
Y IRERE =W} sT tanh (W x + W, )
PPREV= W] XUy
Y T ) :ﬁﬂww
A TRV B 7ﬁ4ahfﬂw)
KRR x"UTDUy, D 34 %k

JELR IR FRIE
(FE: f PR R AR Mk e 5D

7 (Ux)" Df (Uy)

x8 EENEIH

Table 8 Attention innovation

B AR BB R
Stanford Reader''”). AS Reader!'®! R R ]
DCNPY, BiDAF™ i VE R IR
R-Net"”! HE R AL
SLQA+P EZET Sy
FusionNet™ AR )
R.M-Reader®”! HHE
Dyn-SAN'*! PIFAEET

5.2 HEIERESAYEIFR

AR T 5 7E 23R ok R vh A7 AR AR K IR B v &
I S, PR A A iR B A i o XTI EL
M5, P AR L 75 A A T I8 S . 42
TR LR [ T EE AR 1 P i, DGR IR T WL A5 i FE R
hEE ST o AT E B ANA G I 2 BRHEEE MRC 3L
P DA S — B AT ARR M AR 2 L2 B i A E AR 7Y

Johannes 25 A\ 17 QAngaroo 3 H HHRE T 4
% Wi B R 4 : WIKIHOP fil MEDHOP. X P44
e RATI H IR0E VRS R BEES 2 A SO IH 22 Bk
PRRE S . BURSE R —ondl(EiESAks, KR r, il
SEAR 0 VALK, 5 SE AR S IR SCEE NN BE 3 SR
%D, R = o4l s, S8 AR
g=(s,r,2), UKERd =0, N TIEBNZ BT
H i, fEiEREME 3R BiE T 0|,
(1 TO0 st oF I U HR R S, 55— 342 D R S
R4, 32 SR H B X B R SRS . T4 5 )
(qoa”) X, U RS 3 % 8 5 43 54951
MRIL % % C, o Vs i) 2 SCRERE R SCRESCRS S,
Wikihop Hii4E &% Wikipedia 1E K SCRIIERHE, ¥
Wikidata 41F 45 ML 1R =041 . Medhop /& 44>
TR B ) BB 4, (] DrugBank fF ok &5

PG ARE, Sk MEDLINE [AIRF 5T 18 S0 22 4E
N SCRETERLZE . Yang 25 N PO HY T T 1) [ AR AT Bk
) Z I HE4E HotpotQA, 5T 113000 417254
P Hotpot FH AT = A L BRE A Dl AVEL s
SO ) BRI 25 6, (RAERRAS 1) DA R AT 2 0 HE
FEABRAF B, 2) IR TL 2R, AN IRTAEAAT Fil
W EIR I 3) A I35 I 75 1R ) 1 2 T R HE B 26 2R,
PE B SRR ) O AR R
MemNNsP* 2 5z LR 1) 3 B Y, K LA 11
WL AT HE S5 e 2 Bk, AN W7 b B In) R
RIS #4752 AR B 7 . Trischler 4% AP
T AN SRS FNHERE 25 2 1% 1K) EpiReader #57 , Jih
A AS Reader 7Y LUA il 15 5 3 1 1%
JRRFR, L JEIHIE AR M2 5 o HERR ARk
B SAE N o) b AR B, SRS T SCAR 2 (A
R AR S A Bk, A3 B EAMER
BOMAL INERE o S5 J A1 BE 28 () 11 45 A 23 10 by i 2%
MIBMEL S, HRRENEESZHAF. 1A
Reader™ il 17— ANIEACHERL 11 FE o X T AN 1]
A, AT T In) R R IR oA, ik AL
A 28T I o) R 2 R, PR T IR SR ook B
BIEERE . BE, R A T B B A
KEAT T o 55 2 W7 7k b A R [ () B
HOR[A, ReasoNet™/EHEWIE fE P oI N T — A&k
SRR O HEH RS IR 29 . X PR 21T DLk e
RMEN PG R E4 SRS~ 5, s
HEWT AT 15 B2 DL AR 2 R 2 AR . 4
PR R AR S A B, IR AR 1) ) HE )
FEIE F1 324 5] . DON BRI I T Pl 2835 5
i, ACF T 25 S 85 BE IO JF AR M5 AL &L, VT
MAUEAS TER 2 22 1) il dse RAE K2 . Rajarshi 45
NISVER SO T IO ) B AR 45 4R Y T AN R B )
TAC HIEAUWHERL . MR 25 € A, Bkt R asA
FH PR g 30 05 48 2R SV AT e K AR R A5 21 de Al
KU Beik; B vz vl LU %P 56 12E 1 MRC 2
AU, H BRI — AN R SRS o 1 HESE
(1) B K BB it 2 D B AS, AR A mr b 1 I T 4R
RS T ) ) 2 5T AR B I AR R R, BT A
RRPIE [ BIRT R A rh, 28 T oo T8 L2 vh i B
WATEHE, BRI AR Bk, 20
HEPHE 28 0 A 2R 4 R0 ) e s e it T — RO BEAE 1 T
o TraCRNet™ & —FhIE T Transformer )37 213 )
RREEH, Reg AT R AL FE O SCRY 4R . S A\ ghd 2 a2
$5T Transformer [¥])Z AR, M BRI 25 50l 21 S0 24
i) G e Kb P A s SR DA Il 22 kAt B R A



YJY A PR pLEs P BB RA

Universal Transformer 2 it #% % B A SCRS I ] 851 5
FRAT Z R B, iS4 R E R, e
JEHE T HEZ W) Transformer AL R AE NG . 2
SHEBLAR IO AE 20, B R )T B A SR K i)
FER PR AN SO, R B[R] E AR BT A SRS 2 [
TR, DS ORI AR E B

BT R HEEAL Y T ARSN, AT — R
FEF I HEEEREAY , anl&l 1 o, R Ay 4 SRR
HHR AT AR AR M s 2 il DS SRR S, K SR
P R AR TSR s — A8, SR TSR AT R
MEFAIIESRA%4 . Dhingra 25 NS T— AN kdg ik
B E, F Coref-GRU HKALE: GA Reader™ 1 11
(1) GRU, AR AH [F] SEAA (1) 22 I HH BB 15 ] 2 58
12k % . Coref-GRU M4 Ty F LRI A 17 LK,
R PRy R R i T 2 AN ) R S |
H, BA % IEIAAA ARG A T SEIA e
BifHEEL, MHQA HEAIIR T HLIRILIE 5 I N T 53 4h
PR SRR, RIAS [R] 4 2 Hh ok [R) S5 44 2 T 1 32 A
S B SCE E R B PSS SEAR TR . AR
56 M B 1R G 5 2 7 rh il R SEAR SR KRR, S
i) 0 9 7S v SV S BRI IR AL ) B ER S o R
Jr A P A 4% GRN 503 IR M4 GCN X 6f
A BT AH AR BTN, Z2REHAE— R
HIITEPRAS o 0 TR 0 A5 2 1) B BRBOIRZS, 4001
P05 ) A R AU L, 8K 5 0] BT 48 B ) DL P 3k
AT INBUR FNAS B FEAR (P DL 45 2, B 4845 244> 5K
KR . 5 MHQA K4 /AL, En-
tity-GCNUORR I T S8 PURP KAL) 56 &, BIAEAT ] 75
AL S TRV AN, 97 1k H A T ] o AR A
FTRIZRIE) ELMo KATAAA L AA52 K 1) B SCRR,
MA IRt 2, TRARTR 2 J5 A6l T A Hh, 8
T BN DTSRG AL B o 0 g 4 T R SR T R A B 2 O
HERE, A DR B0 A5 R SR I T R )
FoR. {E Relation-GCNPH 5] X T 2 HLAIR £ 1

133

ARt B8, Bk XME B e e, 5200
U AL AU R A, Tu 25 APPHR T4
ERNEES Y TS PRSI B = NI S VS VA DA
L NSRS rh il RS2 A4 2 HDE B (1 = T
IF HARGESCRS A A S AR 2 TR IR 6 AR Ry - 2R
¥4, FRos HDE B AREFEE. 255
SCRS AR SEAR S Bl 2 [ P RV, e
FIER AL, 15 2UANRDRLEE SO0 IR & KRR R,
FERBIEALA N T RRZS o 75 HDE & Eff5 B A%
AR E-AE M T, BINERE RS HE R
FFEWRA S M RSAT A E, F T IR
RIS, 20 2 A5 BALAR)E, P SO, ik
SR T RHRAT H B A IR s o 2 AR (1 22 B 2
JA %, Kundu % NPUR T 3T B AR T 22 BRI
PathNet 8, LB ARG LI SCARE B H2
AL A2 8] AR OR  MAS [ F) e 2 o il A )
(I SEAR — R SEAR — (I SEAR) K A2, BRARIN
KRR M B EG SRJEHET B R SCRZ AR 5
BTSRRI LR AR AT G DL AT 505 S A 7
R (Y BT AT AR 0 BT N AT 2% AL 1R R )
o AT AR R R g T AT e =

(™)

SRR LA S, BB,
. ® @ ©)
e G \2\@%@\
A DI, JJEZT%;%T&%451I‘<LQ%‘A FEAE I,
' )

1 =FEERARSRE
Figure 1 Entity graph considering three types of
edges
(7 OFRIRl; @FR LR CEOAAFSEZ KL, @%
AR AR B R ) S 4 2 TR 1R 12)

R HWHEHEXENE

Table 9 Classification of reasoning methods

ST SRS A T EpiReader™: 405 1 % ZE30 N 0 R0 I AR 1%, o 2 U 40 T4
S E SVS IS DCNP, DN+ A2 B T2 58 (4 T iy (. 5 A0 25 Ry
ST RN TH Ik MemNNs®), 1A Reader™ | ReasoNet™. TraCRNet!®: %t 55 7 i 8135 5 () % 7=
Coref-GRU™: JL4RHfi1L
BT 5 B 1 v MHQA™: dtfgih, MRS, 1 F30id
STk Entity-GCN®": JLd i AR SEf. 1R 3cil, #hid

TR R 7k
FT AR Tk

HDE™: R[FZERH 45 m AL
PathNet®™: &1 SEASLILA B 12




134 Journal of Cyber Security 15 F\V& 4244, 2024 3 H, HF o4, FH2 M

AR, TR I mh R 4%, 170 PathNet REf%
I A AR OR R S L A
53 &g

e L 1) A 2R 10 O B A T S WL AN A
PRSREME IR) 45 Fr, T BRI DG i) R R 22 A 1
KA, HEBUR L RN e & I SR BE T . & 8 2
7 T A PRI (K3 RGBT R, U R T R M )
AN B PN 10 23 I S R DR AR T2
S O TR KRR 3R 5 2 LR Rl £ A A R
ERIRN THIRARRRE R, EiER 2%
EPRER N RoR; has AER 25 T HE
DU BT . &9 X H AT AR S AT T
2R, BR T R SORGEE 7R, A HERE
TR AR ML IR W 46 J2 BORBE AU BE 5 1) A i
BEIN o Fe R BRI TAT RS RAZ ., R
28010 HE TSRO SR A DA 7 PRUE B O REAT e 26 1R 25 5
TAI, S Ff:  J) WL R B S 2 1 Uy ORI
By Uik MRC fr) ) 25 S

6 TFIERVEIERFN F R

6.1 MRC I ERBIA 2

P EL I P {5 JE A 1) T R LA B I ) [ A
(0 FFTBCPE RS Ko vk, AN B BB 345 9 28 25 ) 3t
S, FRalrEas, Rk, P42 Al
(I FIPR AR T Ry PR s FETHLAs 22 > 10 B 4R
W AR Ty vk ] DL I 24 A Bh2E 2 A, el
TN TEEBORURRAE SR B i o5, K328 R 4%
SR N TR 7 IR R T T 2
WA BRI PRk, B LAt EARIE I R AR R
AL DAT, 25 PR BOE 571 46 9T R4 55 1l AH 4 R A,
RN AR R, #E8) T MRC HiAR ) 6
R o VG I RAEIX — AU I, — 2L
PRI SQuAD AR Fe M Kt 4 R H
Stk T A, Hi TR A MRC (L4 E AT
S, SSEBR N AR ZE B, PR H BT DY R %
IRFFEES . MRC [ PUFRF A B B SR
RIL, HArEARAT — o 18R, (H A S L% B E
PR SCAIEAT R A B B o 6P AN [R]85 i) 8 )
BRI 250 s B BCA HERE . 2 XS T Fe
ARG AR A RN YRR 2% B 55 ) A0 4 AR
UFIfR R R T AR BT R 2R B2 B AR AR H R4
SRAFAEI L AN A2

1) RERIEEYE, 76 SCHIRIS8TBE B X B itk 5k
B, NEIHEAZBX LTI R, H2&
ZEHLAs R e BT PR e T N R, X R T HLAS I

AR ILIEH PR B ARE S . b T XA ),
SQuAD2.0PHE I B g Pt e X, JE T AN TR
IUESSuw =R/ 3 2 RO K =90 ER AN VI WL EZ 467 SR
REIXFN N AT e vt i 7 v 2 3l FH 1, v IRny
PUREA IO IR 25 B AT 2R, DRI, Gl o 58 i FH 1)
BB MRC RSB RS ) ) A RIS T o

2) BERHERERE ). X T 2R MRC, WZis
ANE s B R A AR, AT MRC, A
NI (1) AR 15 5 SR A, R ) ) B At 0 22
ARG T s, BRIk, BT B RE ) O 4R B R L
RN . R SR QFT E I HE BN L B B2, A H
INOEHESY IR lIRe Rt NE e Su oy R S 515+ ol [
FHR 18 SCUCHCRIEATZ Z T, RCRIRAE:
] s A HL A IR HEEE RE ), R IR AL B 1 £ 2R
AR HES) MRC A 1) S8 ) 8

3) AMERENIRGIN . IRE B A AENIR )82 02
N Re ) F BRI, 70 N8 B 5 B A 1 ad o v Jd
2 R AR AR A1 ) 8, b e X g O T
HAT R0 Sk AT, AATTAR 2> W b R 8 AN 55 170
MR e S, X T A A SRR R . A T
P IX — 55, SCRR[71-73]1 23R F A58 A Ok $2
PLES B PERE, (HAURAEEA . 158, T AR
RNV R B 1, i A A T PR R R T [ 15 B
AR IR P BB IR B v A OC BT . LR, e PR o A
Hb AR 25 RS 2R I AF DG [ 470 R e A A 2R
MIRCR . T, WD &5 K A7 fifs (1) iR AR 25 4
A PR s 55 T [ SR A T AT 255 M i AT R — AR BE 11
Pk .

4) BREMEA. AT HEZENLY 5, MS
MARCO™HI DuReader™ 5 ¥ 44l KA, B4
P G IS AL A S AR I B ARTE OO, SR H
TR A A8 7R TS 98 SR FH IR 2 T i S I 45 11
I 5. Bl SCAS AR AR P
SCHIR [49-5 110120 223 1 A= o e 1) R0 A2 S 95 SC A ]
LS A I FREN-AE B IR & M &%, (HIE VAR, 2
R, 12 0E E ARt ANl mim #is E H
SRIBITFE (I T5 3R o AT LML 28 A= ol g o 2 1 2 6
AR T B RN I o
62 NMAERZ2

B SR A B SRR, BAXPUER
AN R FH G SR WL AR R, AU T M
P 2SR A T A% 0 A% G W I 7 2 HE LAt v Y
PR AT () o T AP R TIR B A S IR A I 4%
AN 30T AT S A R,
CNTRBEH2 A7 MR T 25 SR UL 45 4 2576 21



YJY A PR pLEs P BB RA

i) AL A e B, B R R R ) 5 A
PR TR A TR AR R, A AP
FEAL G SCR N R 2 AR BOR I FERE 1, 4l T
PR BE 2 > (0 Rl DR R SR B T SCA 0 IR
o) R 1 E
fe g SR UL RC Jy v th T s R Sl X, &
SECRHOR IR B, 1 MRC R FH A LR BEEA N
VHEEHUR T T BB S AR SCAR I BE ), et Ah
A BN S0l SORSZE SO IR R X, R, A7 8)
Tt PR A R HE RN VU MER R ML
M4 )71k, MRC F] LA ok “ BB R 5 Rk
[ SCRJ RN 7 A5 . S, AR SCRIAT SRR A
Z IR AT WL (K 23 A, AU U] U 2 H B
WHRIBLG, 1 MRC H I R LT AT LU A A
PP SR AN BT S BUR B AR, SR SCHRI97 13 HI 3L
I AERR FERIALB], BRI AN R AR AEREAT
oride B, s BB L, AREBRE
K7 T T RS X BRI A ik, H
SURUREV=W LN NSV &/ - i (L = N
AEXNRR, PIEATFEAILL “BUE 27 233 L
MER PR LR, AT I 0 AR BE (il & R IE)
TR [ AR HIR DA TR A% 9 B AR A SR
HIK, A A3 T SR B ] DL RC I SR TE i 4. XA ]
] LA 3 MRC e IR B, XA T
T, AR R HER R . e, ZRERIRRIA T
R LAR IR AR A (R TE 3C, 39 1 N 8 A% (10 AR A
TAEAESE, MRC AR HE PSR U T LA R A [ i 3C
(R 22 FE IR TR, G SCHIR[98-991 AL 38 ik SCA 2 5
BEATHEBOR SCBLA) 7 SRR N ) o s (RIOR L, Lt B
U BRAR BOARAT R T8 v A7 A S RO I HER Pk, OF
HAEFE SR IR T Ay A B A
N T AL B 55 B AR A S £ I T R 2%
G, AOKIETHEAELL T T IR G, Hl
i D] 15 B AR A TR T 1) N R KAl 0 R (1 AR 2
S L eyt v Jo R (1 R 2 0 2 i LA £ T RS
bRHUE, 7 KR IO SRR AREREA, Rk
] et R AT £ B 20 AU 1) ey o I R Bl LA
(5] 52 T A28 B e b 7 FH T D9 5% P 2R B O . LR,
AN RA F A BRI RIS A (R~ Ml 55 10 7,
ARG SEBLREAN - & 2 AR AU R o, LK e
AR ALEE MRC A7, R FRIRAR ST YR A (1 H 2
D3 BEAN, WIZEBRARIE T ) K RS R A /K,
BT BN TR S &, B L B 13
B OCVE (A2 X 2 A S I HE R ) A, A ALAR 2R
figp S BT AR 1) A BRSO AT At A R %

135
B, AR AHAS IR (ST 0 o
7 St

82 B 0 LB 90 ) P N0 4 ok S D, 9 4%
WA AR T, AR 4 L4 B RS,
9 2% A 2 vy BRI [90 4% LIRS W A5 £ ot 5 1 LI
HUB BRI SCAR TG « SO 4 55 s R 0] ik
SR LT b 3R T SE A PR 2 A5 A
T A

DL B S 11 ARV 5 A T AR 1) — A L
1155 . WLES PSRRI T =AY RIEINBL, A5 DR
ARSI, i T 3 A 20 B0 5 20 s B A
FEHLRE, DRI HH LT DO R SR, Ak T
B AR e TN I R (45,
MIEAAT 55 58 BB TN T, A28 T % Fb
6 PR R 28 WL 3 D SRR o0 4% iy 2 0 L A 4
BRI QUHT HEAT T MRS 2, 00T T HATHLES
) 2 R APEF A7 7 £ ) B[] B Sk KI5 7 o 3k
7T Y.

[ 50302 K 7 L 8% ) 15 0 A A9 R 4 9 2 2
W, OE L R RO . RS . AT
01, ST RE S RS B A SO A R S A PRI 4 o LSS
) S A 16 £ R AR e, PR, AR BT
R FRIBF A #8 E 5 A5 A YR o 91 30 7B 4
P2 BERTUIS I 4535 S 08, i1 L AE iR
0 )P KB TR SO, A B i A PR R
BRI BEAS 2 =) 3 SR S 1 T SR 53 2
(SIS, TN MRS LIS T &%
SEREIIBOR, I FLAR LL T4 Ge R B 2% X1 7R e T
KA, IR VM T % LS A 5 A 1
B0, S NP ST, A L I A 20
LERRE SR VBN BRI SR AT
BER R . P04 BRI WVt 1 P b i 58 Sk A, b A
RV HE RS 1 Rl IR 8 T IR 520

S35 3k

[1] Hermann K M, Kocisky T, Grefenstette E, et al. Teaching Ma-
chines to Read and Comprehend[J]. Advances in Neural Informa-
tion Processing Systems, 2015, 2015-January: 1693-1701.

[2] Rajpurkar P, Zhang J, Lopyrev K, et al. SQuAD: 100, 000+ ques-
tions for machine comprehension of text[C]. The 2016 Conference
on Empirical Methods in Natural Language Processing, 2016:
2383-2392.

3] Rajpurkar P, Jia R, Liang P. Know what You don’t know: Unan-
swerable questions for SQUAD[C]. The 56th Annual Meeting of the

Association for Computational Linguistics (Volume 2: Short Pa-



136

—
~
—

—
\O
[}

[10]

(1]

[12]

[13]

[14]

[15]
[16]
[17]

Journal of Cyber Security 15 F\V& 4244, 2024 3 H, HF o4, FH2 M

pers), 2018: 784-789.

Tri Nguyen, Mir Rosenberg, Xia Song, et al. MS MARCO: A hu-
man generated machine reading comprehension dataset. In Pro-
ceedings of the Workshop on Cognitive Computation: Integrating
neural and symbolic approaches 2016 co-located with the 30th
Annual Conference on Neural Information Processing Systems,
2016.

He W, Liu K, Liu J, et al. DuReader: a Chinese machine reading
The
Workshop on Machine Reading for Question Answering, 2018:
37-46.

Li Z J, Wang C B. Survey on Deep-Learning-Based Machine
Reading Comprehension[J]. Computer Science, 2019, 46(7): 7-12.

comprehension dataset from real-world applications[C].

(B2, TEE. TR NG 0 B R ek (0], 775

FLFIZ 2019, 46(7): 7-12.)

Zhang C R, Qiu H P, Sun Y, et al. Review of Machine Reading
Comprehension Based on Pre-Training Language Model[J]. Com-
puter Engineering and Applications, 2020, 56(11): 17-25.

(REEAR, BACHE, PR, 5. BT PRI 2R B (R AL DY 5 B A
WIS EFIRT]. 2/ LFE5 07, 2020, 56(11): 17-25.)

Lehnert W G. The Process of Question Answering[M]. London:
Routledge, 2022.

Hirschman L, Light M, Breck E, et al. Deep Read: a reading com-
prehension system[C]. The 37th annual meeting of the Association
for Computational Linguistics on Computational Linguistics, 1999:
325-332.

Riloff E, Thelen M. A Rule-Based Question Answering System for
Reading Comprehension Tests[C]. The 2000 ANLP/NAACL Work-
shop on Reading comprehension tests as evaluation for com-
puter-based language understanding sytems - Volume 6, 2000:
13-19.

Richardson M, Burges C J C, Renshaw E. MCTest: A Challenge
Dataset for the Open-Domain Machine Comprehension of Text[J].
EMNLP 2013 - 2013 Conference on Empirical Methods in Natural
Language Processing, Proceedings of the Conference, 2013:
193-203.

Sachan M, Dubey K, Xing E, et al. Learning answer-entailing
structures for machine comprehension[C]. The 53rd Annual Meet-
ing of the Association for Computational Linguistics and the 7th
International Joint Conference on Natural Language Processing
(Volume 1: Long Papers), 2015: 239-249.

Narasimhan K, Barzilay R. Machine comprehension with dis-
course relations[C]. The 53rd Annual Meeting of the Association
for Computational Linguistics and the 7th International Joint
Conference on Natural Language Processing (Volume 1: Long Pa-
pers), 2015: 1253-1262.

Wang H, Bansal M, Gimpel K, et al. Machine comprehension with
syntax, frames, and semantics[C]. The 53rd Annual Meeting of the
Association for Computational Linguistics and the 7th Interna-
tional Joint Conference on Natural Language Processing (Volume
2: Short Papers), 2015: 700-706.

Www.cnn.com

www.dailymail.co.uk

Chen D Q, Bolton J, Manning C D. A thorough examination of the

[18]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

CNN/daily mail reading comprehension task[C]. The 54th Annual
Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), 2016: 2358-2367.

Kadlec R, Schmid M, Bajgar O, et al. Text understanding with the
attention sum reader network[C]. The 54th Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Pa-
pers), 2016: 908-918.

Yiming Cui, Ting Liu, Zhipeng Chen, et al. Consensus atten-
tion-based neural networks for chinese reading comprehension[C].
In Proceedings of the 26th International Conference on Computa-
tional Linguistics, 2016: 1777-1786.

Cui Y M, Chen Z P, Wei S, et al. Attention-over-attention neural
networks for reading comprehension[C]. The 55th Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long
Papers), 2017: 593-602.

Wang S H, Jiang J. Learning natural language inference with
LSTMIC]. The 2016 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language
Technologies, 2016: 1442-1451.

Vinyals O, Fortunato M, Jaitly N. Pointer Networks[J]. Advances
in Neural Information Processing Systems, 2015, 2015-January:
2692-2700.

Shuohang Wang and Jing Jiang. Machine comprehension using
match-Istm and answer pointer[C]. In the 5th International Con-
ference on Learning Representations, Poster, 2017.

Caiming Xiong, Victor Zhong, and Richard Socher. Dynamic
coattention networks for question answering[C]. In the 5th Inter-
national Conference on Learning Representations, Poster, 2017.
Min Joon Seo, Aniruddha Kembhavi, Ali Farhadi, et al. Bidirec-
tional attention flow for machine comprehension[C]. In the 5th In-
ternational Conference on Learning Representations, Poster, 2017.
Wang W, Yan M, Wu C. Multi-granularity hierarchical attention
fusion networks for reading comprehension and question answer-
ing[C]. The 56th Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), 2018: 1705-1714.
Wang W H, Yang N, Wei F R, et al. Gated self-matching networks
for reading comprehension and question answering[C]. The 55th
Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers),2017: 189-198.

Hill F, Bordes A, Chopra S, et al. The Goldilocks Principle: Read-
ing Children’s Books
tions[EB/OL]. 2015: arXiv: 1511.02301. https://arxiv.org/abs/1511.
02301

Lai G K, Xie Q Z, Liu H X, et al. RACE: large-scale ReAding

comprehension dataset from examinations[C]. The 2017 Confer-

with Explicit Memory Representa-

ence on Empirical Methods in Natural Language Processing, 2017:
785-794.

Trischler A, Wang T, Yuan X D, et al. NewsQA: A machine com-
prehension dataset[C]. The 2nd Workshop on Representation
Learning for NLP,2017: 191-200.

Mandar Joshi, Eunsol Choi, Daniel Weld, et al. Triviaqa: A large
scale distantly supervised challenge dataset for reading compre-
hension[C]. In Proceedings of the 55th Annual Meeting of the As-

sociation for Computational Linguistics, Volume 1: Long Papers,



YRFPF A5 PRZEHL A Y A

(32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

2017: 1601-1611.

Dunn M, Sagun L, Higgins M, et al. SearchQA: A New Q&A
Dataset Augmented with Context from a Search Engine[EB/OL].
2017: arXiv: 1704.05179. https://arxiv.org/abs/1704.05179.
Kocisky T, Schwarz J, Blunsom P, et al. The NarrativeQA Reading
Comprehension Challenge[J]. Transactions of the Association for
Computational Linguistics, 2018, 6: 317-328.

Sun C, Shrivastava A, Singh S, et al. Revisiting unreasonable ef-
fectiveness of data in deep learning era[C]. 20/7 IEEE Interna-
tional Conference on Computer Vision,2017: 843-852.

Danqgi Chen. Neural Reading Comprehension and Beyond. PhD
thesis, Stanford University, 2018.

Xie Q Z, Lai G K, Dai Z H, et al. Large-Scale Cloze Test Dataset
Designed by Teachers|[EB/OL]. 2017: arXiv: 1711.03225. https://
arxiv.org/abs/1711.03225.

Suster S, Daelemans W. CliCR: a dataset of clinical case reports

for machine reading comprehension[C]. The 2018 Conference of

the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies,
Papers), 2018: 1551-1563.

Sun K, Yu D, Yu D, et al. Investigating Prior Knowledge for Chal-

Volume 1 (Long

lenging Chinese Machine Reading Comprehension[J]. Transac-
tions of the Association for Computational Linguistics, 2020, 8:
141-155.

Zhu H C, Wei F R, Qin B, et al. Hierarchical Attention Flow for
Multiple-Choice Reading Comprehension[J]. Proceedings of the
AAAI  Conference 2018, 32(1):
6077-6085.

XuY C, LiulJ J, Gao J F, et al. Dynamic Fusion Networks for Ma-
chine Reading Comprehension[EB/OL]. 2017: arXiv: 1711.04964.
https://arxiv.org/abs/1711.04964.

Wang S H, Yu M, Jiang J, et al. A Co-matching model for

on Artificial Intelligence,

multi-choice reading comprehension[C]. The 56th Annual Meeting
of the Association for Computational Linguistics (Volume 2: Short
Papers), 2018: 746-751.

Zhang S L, Zhao H, Wu Y W, et al. DCMN+: Dual Co-Matching
Network for Multi-Choice Reading Comprehension[J]. Proceed-
ings of the AAAI Conference on Artificial Intelligence, 2020, 34(5):
9563-9570.

Chen Z P, Cui Y M, Ma W T, et al. Convolutional Spatial Attention
Model for Reading Comprehension with Multiple-Choice Ques-
tions[J]. Proceedings of the AAAI Conference on Artificial Intelli-
gence, 2019, 33(1): 6276-6283.

Deng J, Dong W, Socher R, et al. ImageNet: A large-scale hierar-
chical image database[C]. 2009 IEEE Conference on Computer Vi-
sion and Pattern Recognition, 2009: 248-255.

Cui Y M, Liu T, Che W X, et al. A span-extraction dataset for Chi-
nese machine reading comprehension[C]. The 2019 Conference on
Empirical Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language Processing,
2019: 5882-5888.

Xiong C M, Zhong V, Socher R. DCN+: Mixed Objective and
Deep Residual Coattention for Question Answering[EB/OL]. 2017:
arXiv: 1711.00106. https://arxiv.org/abs/1711.00106.

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

137

Papineni K, Roukos S, Ward T, et al. BLEU: A Method for Auto-
matic Evaluation of Machine Translation[C]. The 40th Annual
Meeting on Association for Computational Linguistics, 2002:
311-318.

Lin C Y. ROUGE: A Package for Automatic Evaluation of Sum-
maries. Text Summarization Branches Out, 2004.

Mitra R. A Generative Approach to Question Answering[EB/OL].
2017: arXiv: 1711.06238. https://arxiv.org/abs/1711.06238.

Tan C Q, Wei F R, Yang N, et al. S-Net: From Answer Extraction
to Answer Generation for Machine Reading Comprehen-
sion[EB/OL]. 2017: arXiv: 1706.04815. https://arxiv.org/abs/1706.
04815.

Nishida K, Saito I, Nishida K, et al. Multi-style generative reading
comprehension[C]. The 57th Annual Meeting of the Association for
Computational Linguistics, 2019: 2273-2284.

Ostermann S, Modi A, Roth M, et al. MCScript: A Novel Dataset
for Assessing Machine Comprehension Using Script Knowl-
edge[EB/OL]. 2018: 1803.05223. https://arxiv.org/abs/
1803.05223.

Ostermann S, Roth M, Pinkal M. MCScript2.0: A machine com-

prehension corpus focused on script events and participants[C].

arXiv:

The Eighth Joint Conference on Lexical and Computational Se-
mantics, 2019: 103-117.

Sun K, Yu D, Chen J S, et al. DREAM: A Challenge Data Set and
Models for Dialogue-Based Reading Comprehension[J]. Transac-
tions of the Association for Computational Linguistics, 2019, 7:
217-231.

Welbl J, Stenetorp P, Riedel S. Constructing Datasets for
Multi-Hop Reading Comprehension across Documents[J]. Trans-
actions of the Association for Computational Linguistics, 2018, 6:
287-302.

Yang Z L, Qi P, Zhang S Z, et al. HotpotQA: A dataset for diverse,
explainable multi-hop question answering[C]. The 2018 Confer-
ence on Empirical Methods in Natural Language Processing, 2018:
2369-2380.

Reddy S, Chen D Q, Manning C D. CoQA: A Conversational
Question Answering Challenge[J]. Transactions of the Association
for Computational Linguistics, 2019, 7: 249-266.

Jia R, Liang P. Adversarial examples for evaluating reading com-
prehension systems[C]. The 2017 Conference on Empirical Meth-
ods in Natural Language Processing, 2017: 2021-2031.

Clark C, Gardner M. Simple and effective multi-paragraph reading
comprehension[C]. The 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), 2018:
845-855.

Sun F, Li L'Y, Qiu X P, et al. U-Net: Machine Reading Compre-
hension with Unanswerable Questions[EB/OL]. 2018: arXiv:
1810.06638. https://arxiv.org/abs/1810.06638.

Hu M H, Wei F R, Peng Y X, et al. Read + Verify: Machine Read-
ing Comprehension with Unanswerable Questions[J]. Proceedings
of the AAAI Conference on Artificial Intelligence, 2019, 33(1):
6529-6537.

Wang Y Z, Liu K, Liu J, et al. Multi-passage machine reading

comprehension with cross-passage answer verification[C]. The



138

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

Journal of Cyber Security 15 F\V& 4244, 2024 3 H, HF o4, FH2 M

56th Annual Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), 2018: 1918-1927.

Liu J H, Wei W, Sun M S, et al. A multi-answer multi-task frame-
work for real-world machine reading comprehension[C]. The 2018
Conference on Empirical Methods in Natural Language Process-
ing,2018: 2109-2118.

Yan M, Xia J N, Wu C, et al. A Deep Cascade Model for
Multi-Document Reading Comprehension[J]. Proceedings of the
AAAI Conference on Artificial Intelligence, 2019, 33(1): 7354-
7361.

Hu M H, Peng Y X, Huang Z, et al. Retrieve, read, rerank: To-
wards end-to-end multi-document reading comprehension[C]. The
57th Annual Meeting of the Association for Computational Lin-
guistics, 2019: 2285-2295.

Chen D Q, Fisch A, Weston J, et al. Reading wikipedia to answer
open-domain questions[C]. The 55th Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 1: Long Papers),
2017: 1870-1879.

Wang S H, Yu M, Guo X X, et al. R*: Reinforced Ranker-Reader
for Open-Domain Question Answering[J]. Proceedings of the AAAI
Conference on Artificial Intelligence, 2018, 32(1): 5981-5988.
Wang S H, Yu M, Guo X X, et al. R*: Reinforced Ranker-Reader
for Open-Domain Question Answering[J]. Proceedings of the AAAI
Conference on Artificial Intelligence, 2018, 32(1).

Lin YK, Ji H Z, Liu Z Y, et al. Denoising distantly supervised
open-domain question answering[C]. The 56th Annual Meeting of
the Association for Computational Linguistics (Volume 1: Long
Papers), 2018: 1736-1745.

Pang L, Lan Y Y, Guo J F, et al. HAS-QA: Hierarchical Answer
Spans Model for Open-Domain Question Answering[J]. Proceed-
ings of the AAAI Conference on Artificial Intelligence, 2019, 33(1):
6875-6882.

Long T, Bengio E, Lowe R, et al. World Knowledge for Reading
Comprehension: Rare Entity Prediction with Hierarchical LSTMs
Using External Descriptions[C]. In Proceedings of the 2017 Con-
ference on Empirical Methods in Natural Language Processing,
2017: 825-834.

Mihaylov T, Frank A. Knowledgeable
cloze-style reading comprehension with external commonsense

knowledge[C]. The 56th Annual Meeting of the Association for

reader: enhancing

Computational Linguistics (Volume 1: Long Papers), 2018:
821-832.

Yang A, Wang Q, Liu J, et al. Enhancing pre-trained language rep-
resentations with rich knowledge for machine reading comprehen-
sion[C]. The 57th Annual Meeting of the Association for Computa-
tional Linguistics, 2019: 2346-2357.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, et al. BERT:
Pre-training of Deep Bidirectional Transformers for Language
Understanding[C]. In Proceedings of the 2019 Conference of the
North American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1: Long and
Short Papers, 2019: 4171-4186.

See A, Liu P J, Manning C D. Get to the point: Summarization
with pointer-generator networks[C]. The 55th Annual Meeting of

[76]

[77

—

[78

=

[79]

[80]

(81]

(83

[t}

(84]

(85

[}

[86]

(87]

(88

[}

[89]

the Association for Computational Linguistics (Volume 1: Long
Papers), 2017: 1073-1083.

Chen Y, Wu L F, Zaki M J. GraphFlow: Exploiting Conversation
Flow with Graph Neural Networks for Conversational Machine
Comprehension[EB/OL]. 2019: arXiv: 1908.00059. https:/arxiv.
org/abs/1908.00059.

Pengfei Zhu, Hai Zhao and Xiaoguang Li. Dual Multi-head
Co-attention for Multi-choice Reading Comprehension. 2020:
ArXiv Preprint ArXiv:2001.09415.

Bahdanau D, Cho K H, Bengio Y. Neural Machine Translation by
Jointly Learning to Align and Translate[J]. 3rd International Con-
ference on Learning Representations, ICLR 2015 - Conference
Track Proceedings, 2015.

Huang H Y, Zhu C G, Shen Y L, et al. FusionNet: Fusing via
Fully-Aware Attention with Application to Machine Comprehen-
sion[EB/OL]. 2017: 1711.07341.
1711.07341.

Hu M H, Peng Y X, Huang Z, et al. Reinforced Mnemonic Reader

arXiv: https://arxiv.org/abs/

for Machine Reading Comprehension[C]. The 27th International
Joint Conference on Artificial Intelligence, 2018: 4099-4106.
Zhuang Y M, Wang H D. Token-level dynamic self-attention net-
work for multi-passage reading comprehension[C]. The 57th An-
nual Meeting of the Association for Computational Linguistics,
2019: 2252-2262.

Trischler A, Ye Z, Yuan X D, et al. Natural language comprehen-
sion with the EpiReader[C]. The 2016 Conference on Empirical
Methods in Natural Language Processing, 2016: 128-137.

Sordoni A, Bachman P, Bengio Y. Iterative Alternating Neural At-
tention for Machine Reading[EB/OL]. 2016: arXiv: 1606.02245.
https://arxiv.org/abs/1606.02245.

Shen Y L, Huang P S, Gao J F, et al. ReasoNet: Learning to Stop
Reading in Machine Comprehension[C]. The 23rd ACM SIGKDD
International Conference on Knowledge Discovery and Data Min-
ing, 2017: 1047-1055.

Rajarshi Das, Shehzaad Dhuliawala, Manzil Zaheer, et al.
Multi-step Retriever-Reader Interaction for Scalable Open-domain
Question Answering[C]. In Proceedings of 7th International Con-
ference on Learning Representations, Poster, 2019.

Dehghani M, Azarbonyad H, Kamps J, et al. Learning to Trans-
form, Combine, and Reason in Open-Domain Question Answer-
ing[C]. The Twelfth ACM International Conference on Web Search
and Data Mining, 2019: 681-689.

Dhingra B, Jin Q, Yang Z L, et al. Neural models for reasoning
over multiple mentions using coreference[C]. The 2018 Conference
of the North American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies, Volume 2
(Short Papers), 2018: 42-48.

Dhingra B, Liu H X, Yang Z L, et al. Gated-attention readers for
text comprehension[C]. The 55th Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long Papers), 2017:
1832-1846.

Song L F, Wang Z G, Yu M, et al. Exploring Graph-Structured
Passage Representation for Multi-Hop Reading Comprehension
with Graph Neural Networks[EB/OL]. 2018: arXiv: 1809.02040.



TP S ML SRk

[90]

[91]

[92]

[93]

[94]

[95]

https://arxiv.org/abs/1809.02040.
de Cao N, Aziz W, Titov 1. Question answering by reasoning across

documents with graph convolutional networks[C]. The 2019 Con-

ference of the North, 2019: 2306-2317.

Schlichtkrull M, Kipf T N, Bloem P, et al. Modeling Relational
Data with Graph Convolutional Networks[M]. The Semantic Web.
Cham: Springer International Publishing, 2018: 593-607.

Tu M, Wang G T, Huang J, et al. Multi-hop reading comprehension
across multiple documents by reasoning over heterogeneous
graphs[C). The 57th Annual Meeting of the Association for Com-
putational Linguistics, 2019: 2704-2713.

Kundu S, Khot T, Sabharwal A, et al. Exploiting explicit paths for
multi-hop reading comprehension[C]. The 57th Annual Meeting of
the Association for Computational Linguistics, 2019: 2737-2747.
Guu K, Hashimoto T B, Oren Y, et al. Generating Sentences by
Editing Prototypes[J]. Transactions of the Association for Compu-
tational Linguistics, 2018, 6: 437-450.

Gupta A, Agarwal A, Singh P, et al. A Deep Generative Framework

B T 2016 AT EBEEBARREE
B IR 2 E - 2f A . BAE T Rl
Bife S LR AT B L. WF5E4n
WO HARTE S A, AR ETE: IRE
2230 HLES B P # . Email: luodan@iie.
ac.cn

[96]

[97]

(98]

[99]

139

for Paraphrase Generation[J]. Proceedings of the AAAI Conference
on Artificial Intelligence, 2018, 32(1): 5149-5156.

S.M. Wang, Z. Wang and H. Ren. Research on fusion Model based
on deep learning for text content security enhancement. Telecom-
munications Science, 2020, no.5: 25-30.

(18, T, AT, MR > Bl A BRI SOA Py 3 42
AW, H1FFF 2020 4 05 3H:25-30.)

Qiu X P, Pei H Z, Yan H, et al. A Concise Model for Multi-Criteria
Chinese Word Segmentation with Transformer Encoder[EB/OL].
2019: arXiv: 1906.12035. https://arxiv.org/abs/1906.12035.

I. Dagan, and O. Glickman. Probabilistic textual entailment: Ge-
neric applied modeling of language variability[C]. In Proceedings
of PASCAL Workshop on Learning Methods for Text Understand-
ing and Mining, 2004.

Rus V, McCarthy P M, Lintean M C, et al. Paraphrase Identifica-
tion with Lexico-Syntactic Graph Subsumption[J]. Proceedings of
the 21th International Florida Artificial Intelligence Research So-
ciety Conference, FLAIRS-21, 2008: 201-206.

Sk 2013 FAEFEBEGE A
WS vH SR e 45 0 B gk 49 1 1 2%
7o IUAE T ERHA B A B TR TR
WL o BIFFL AN Ay HCHE 42 40 0 19 2% 4% [l
LA FFROGBAEE: Fis i AR TS
$#. Email: pengzhang@iie.ac.cn




