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A review of machine reading comprehension for automatic QA
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Shanghai 200062, China)

Abstract: Artificial Intelligence (Al) is affecting every industry. Applying Al to education
accelerates the structural reform of education and transforms traditional education into
intelligent adaptive education. The automatic Question Answer system, based on deep
learning, not only helps students to answer questions and acquire knowledge in real-time,
but can also quickly gather student behavioral data and accelerate personalization of the
educational process. Machine reading comprehension is the core module of an automatic
Question Answer system, and it is an important technology to understand student
problems, document content, and acquire knowledge quickly. With the revival of deep
learning and the availability of large-scale reading comprehension datasets, a number of
neural network-based machine reading models have been proposed over the past few years.
The purpose of this review is three-fold: to introduce and review progress in machine

reading comprehension; to compare and analyze the advantages and disadvantages between
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various neural machine reading models; and to summarize the relevant datasets and
evaluation methods in the field of machine reading.
Keywords: Artificial Intelligence; intellectual adaptation education; deep learning;

machine reading comprehension
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Tab. 2 An example of Daily Mail dataset

Context

The BBC producer allegedly struck by Jeremy Clarkson will not press charges against the “Top
Gear” host, his lawyer said Friday. Clarkson, who hosted one of the most-watched television
shows in the world, was dropped by the BBC Wednesday after an internal investigation by
the British broad-caster found he had subjected producer Oisin Tymon “to an unprovoked

physical and verbal attack.”. ..

Query

Producer X will not press charges against Jeremy Clarkson, his lawyer says.

Answer

Oisin Tymon
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%* 3 SQuAD BiR&EPmER
Tab. 3 An example of SQuAD dataset

In 1870, Tesla moved to Karlovac, to attend school an the Higher Real Gymnasium,
where he was profoundly influenced by a math teach Martin Sekulic. The classes were held
in German, as it was a school within the Austro-Hungarian Military Frontier. Tesla was able
to perform integral calculus in his head, which prompted his teachers to believe that he was
cheating. He finished a four-year term in three years, graduating in 1873.

1. In what language were the classed given? German
2. Who was Tesla’s main influence in Karlovac? Martin Sekulic

3. Why did Tesla go to Karlovac? attend school at the Higher Real Gymnasium

22 ETEBEAWHER

52 BN F G 8 N o il AR T o R S SO R X e 1) S A, T SO e e 4 L
FEREJIBUEL. H 3 Bahdanau® AP D HLHI S IANBREHL A BIPE, B24RTE T BEAL e Pt
RE, TR WU A 72 NLP 4kt 32 f . Hermann® N P 2 LIS 1N HLAS 1 152 B A A
B, WFHETE TR e .

AATREVEM A A I HUBILEDL 2 [ B U B . e T MU B 2 Sy P s —
YEVUFECAAY b5 eI RCAR Y.
221 —YEILRCREY

LR YEVL RO (—YEVLIC 5 AR SCULH ) A2 itk a0 SN L & B AT 55 SCRIK [24-
26] 73l Attentive Reader, Standford Attentive Reader fil Attention Sum Reader —Ffi—4k
UNIGY it

Hermann®§ A4 & T CNN/Daily Mail £4 4 3 $2 ) Attentive Reader. 5% 4244 41
1o, AT HT 2 AN AN [R) XR) LSTM 4 ith 25 % SCAS d M i) 8 g JEAT 18 SCamtth. B UK i e g 5%
Jei B 220 B R 1 g B ) BECR A EAT DR, T RR) R 7R w6 T 30K d T BB ], oS
5w BE R IBCE, FFEAT IR OO s v, I AR A e g, Rl 10038 o b5 SORY o 1)V
SURFAE, #3 Je A8 softmax FEAT 25 SETRIN. i Ly SO AR 3 0 AL T LR by AR A ) AL e
X SCR R B SRR R . R B e ), Bt DARRZ O — 4EDL oA .

i

Dy(1 5(4)y(4
s(OM( 2)y(2’ \{my@) sS4y
Mary went to England X visited ~ England

K1 Attentive Reader Z24 &
Fig.1 Architecture of Attentive Reader

J& 42 1 VF 2 T 4E 4B 7F Attentive Reader 55 fifi - 3F 4T 2.  ChenZs A[5{E Attentive
Reader [f73 & ) e EEAT WA AL, 42 tH Standford Attentive Reader. fEiE & J1ihH b,

[
[ 3



42 HEIRITE R 22 22 AR (AR BHAIR) 2019 4

PR R FH XU 26 8 1R 20T A Attentive Reader £ H 1 Tanh & 200H 50 =0 B, AU R 20T
A e CUAE B2 B R S5 AR 15 2 304, Chen® A %1% CNN/Daily Mail 245 23847 BE 20 T,
I ZEAR A T S A FE R ), 7E19 B SO R B IR R R 2 a5, B AT AR Ee
AR, L FEAEH softmax BEAT 2 R0, fRifb AL, 2% Standford Attentive Reader [V REE
it Attentive Reader, [H]4%IE W] Chen A\ PUhAE M (K 456

Kadlecl?1#2 1 Attention Sum Reader (AS Reader) #5704 7 SCHk [25] 3L il 1 ORS ) 2 %
T . R R g 5 S0 d gAY, R S ) S SCRS TR AN e VR R AR, 52 Pointer
Network?7V g %z, B3 A8 VA — 4k 5 A 58 0 BUSE A b 2 RO R, 6 A 13037 (A R 1E AT B
In. EAR AS Reader & 28 TR B A fif B, (RS M) . SCRYAEAT 78 20 IR AE S N, e 1S
FIAVER IR XFORS f7 PR 25 58 T SR ) i 25— 24 DT e AR 200 A5 5 TR ) PR 5

— YT R A N A LA P A 55, BR ] — J 2R A 8 W 295 DA Je — i i
FIWLE R BEAR G-t (), SORYHEAT R 7R, H—4E 1) 1) R IR 1) JE S R 08 U B, 39
BT (AR e R, PRI 2 S D . 5 — e DL RO AR L, e DU RO R F — v
JIRUHI A ) SRS B SCACREAE LA S A B AT 1 2 8] ()1 A8 HOR AR
2.2.2  YEULPEAEAY

— 24 G PO AR TR [ 50 4 s — N B 5 1) o, T RSy S R A SCRFAE R 453 2% S B4t 2 X
AT RIS D AT 25K, SN K. KT 75 B S B LS D AT 45, ) SCRFAIE (145
o BE IS AU HE R e, RE T2 s B PR e, A A 2 —4EVU RO R e e A 454 ) /i AR
B, ERSCRY  n) R ) RS HL

SCHK [24] H ) Imaptient Reader /& 1 > “4EVCFELAE Y Attentive Reader K H—4E L HC AR
3, BRI q 5308 d 2 [ v E R DB & — 4 &, AHS T D B, EAT — ISR [ 132,
RN A ARG ) AT 55 I, A AT AN e 8 L e, D s SO, TR 38 ) R, RO B s S 4. 2t AR R
&, Impatient Reader [ £ ) @ g BN N, v 8% 5 SOR v Br 38 13 =00, FEARCnACRI
KRG ORI B Kl 2 B8 Tmpatient Reader 4244 B, A FHAS ] o 1 7] 38 7R SKAS T4 X SC
PR v SX A R AL A A A 52 280 g ) ) 50 T TS B8 N i) 8 PRV — 4] e, AN SR SR
5 8 TV S ) b A ] 5 SRS b BT A R R R OAUCE, B ZORAS B e R I BCE )
DR IR FR LG RS20 g — 2 T P A 7.

Mary went to Englaand X visited  England
K2 Impatient Reader 224/
Fig.2 Architecture of Impatient Reader

% Impatient Reader )3 A, SCHR [28-31] 73 5l AN [F) J7 THIFZ 0 SCASRFAE, BEAT 25 22 00
Cui% A8 Consensus Attention Sum Reader (CSA Reader), 1245 % 75 2 2 7l i B



505 1 By R, S T 1) S i) R Y 15 B AR 2k 43

5 AS Reader ## H Pointer Network B 4%. CAS Reader &% in) @ - (148 — M, V155 S0k
b T ] AR ABLRE (PR SCRYS B v = 7), 49 A% H Sum, Average, Max =t g A& AR 20 ) 7
PP ARE— AN TR RE Y. PR SCRY B v R D RS B — 4EE D, 55 K H Pointer T B 4% 5. AN SC
ik [28] LA H h SC s L3S B 3230 42 Children’s Fairy Tale(CFT), {ieik A SCHL &S 521 &
JiE.

ik [29] #EHH Attention of Attention Reader (AoA Reader). AoA Reader #F— it CAS
Reader (R IR A AEHE. AoA Reader & T30S R BEAN 1l 3145 [n) ) PRV 58 00, FRARA o)
PR AR T SRR S ). R SOR g 3 S B HEAT RS I, SCHR [29] 1Al CAS Reader 3
KRS T AR AR, HAR 78 70 A H 0] s (103 i 015 B I Ao A Reader X A7 1)
RS A B34 A5 IR e s R (] P — 2 ) g R PR AN TG ZR R I Il i ]
% TG Z B W] LR R PR I PR L) T AN SRS R UL MR, e 250K — 4 I 0] SRS o P v 8 g
AT IR, K H Pointer Network BEik H 2 MriEZ %, AoA Reader B K MER 5 i 14 by T
Z 5, Bk a5 B T K AN IR 2 S0P HEEAT HE P . BEARLR s 5 S ON I LR %
BRAb, TERUEER) T I UEREAMEILE A T A B, AoA Reader 43 51K H Global N-gram LM,
Local N-gram LM, Word-class LM =AM [a] 56 #3006 1) AT 4T 0 F i, Bk S
A JIT RS IV ()8 AR O B A TN 25 6.

IR IR T R AR N T A AR S, R SO A LA B S AR A B T N ] T
AT, W] N H T Bk i U 55

Wang5 A\ B0 H Match-LSTM B 4 ] 2 ANAS ] ) RN S SCRY AN ) R4 T gy, 4 T
SO R REAN 1], B ) R B, Mateh-LSTM A5 A A K FH X 26 1 pR 5053 Tanh bR
HOR T FARLRE, 16 W08 SOk 8 1) Match-LSTM, 4 LSTM A5 5 Tanh R 545 & K 15 1)
R 3 R B, A I AR ) A SR AT SR G B R AR SR IARL R, 5] Boundary
Pointer Network!2" (44 3E4T % 0. EAR 51N LSTM 2 57 5 7 1 A% 5 b AL ) 0
5P Z 8B 6 &, {0 LSTM H AT 4 /il 43 Match-LSTM #5584 1 | 25 5 4k Wy ][] 4 Lh A 4K
ANIE FH AR ZE I 1) 1) 2537 5.

Seo% ABUHE H Bi-Directional Attention Flow (BiDAF) #6 %, 5 78U 45 s ) & 7R L 4f
i glove il i &, 7] 51N 2 35 1k 321 A7 280 9% i A %8 S 1) (1) R AIE e 781, SR [28-30) 42 H 114
RO, m v B3 ) A v R )RR, SR G Il A R vk SR SR e v R B, R A SO AE B
1M BiDAF A4 FH Xy s I ACER, ()N 2R -G SCRS N ) A S, ABEHDL SRS A v A8 ., Bl K FEAIG S
F4 A n) 845 B 451 2%, BiDAF %43 K H Pointer Network >R Tl 25 58, 11 K H A 1E £ )2 2 3 vl
B EIRIAAT B S 25 Ay 1k AE VRIS TR] 50U 8] _F, BiDAF W] WA T Match-LSTM.

iR [33] $2 H R-Net B84, R-Net {ff FH i) @ iy 55 00 R & 85 B, IR T 1 HLEIR B
RIS DL B Sz rb. X T T4 0 v vk R R T AR B sl # . N A 5 At I
oy ) UG OGO AE R, 1025 ) U AH DG I SORA5 BN, 4 3RAF Rl Il A S SO R s I
SCHR [33] TA A SR EIE A2 S AN T BSOS I Jy b R SOAF 5, ) IRt 7 G H A 8 4 1 SRS 45
B, PRI R-net B8 51N B 5 U AL, KA Tl ) RS2 Jaiy e 28] 4 SORY, 398 it A 20 ) SR 1) 3%
AR fie

A PR 2 DT PSS R A AR ER A AR i R SO PR T SRS HL, AR X BRI L OV R 2 1
SCRRIE[A) 2% >, 10 MR v . AVRRFAE () 2. Huang A BU4E H FusionNet B8, 7543
R ) ORI SCRY AN R] 2 R AR B, WAk 1 i 44 SEAAR Ul Tl A B R e JE IR i U R, ok
Xf ) L SO SCOG AR A, PR TS () SCA R AR FRE ). SCHR [35] i 1 Stochastic Answer
Network (SAN) B AR [ GIHr fU7E B0 S TN 2. AL /e 4 T Ry e B vh o 7 A 2 AN i 3



44 MR K 2 2R (AR RHEIR) 2019 4E

X, SAN RFIHLEFFRLEE S, SR T AL Zr SO SR AT 2 . S5, SAN BiAL
LI S MR PEBAT FRARBE R PR fE, Sl 28 Mol 1A 1 S8 e

1 T B AL A8 P AT 55 AN g EERRIHERERE 7, Pt LA — 2L FCRLIY AR F 2 A A ol
LML DL K —HEVLECHLR. a7 5 F)— SRR 240 2 il AR S 20 1 SUAR IR, R B LR Y 25 S it
(FITHEA . SCHR [30-35] i) — 4l DT FC AR 7R 2 B - i B A 2 HE B A il G L% B AT 55, A
22 AT A A 2 W 4 DL J 0% R T D LARORAS AU A SR O HE L R, 78 3 dih IR, SCA
AL, E TS TS 1R 2 S ik R

2.3 HEMA

FEMLAS BT, LA S e R A AR Oy AR AR ASEARY e ) 4 2 o R o M S [ AR
SAHBEER (K 22 B PR A 20 0 4 L 1), 189 0 D9 28 R P SR Sz B e B v, ) 05 SR A B
AW (R BE T AC L, T B G bO6) ) SRS 2 T ORI DA S R AT R AL SCHR [36] $2
HAIZ 2%, SCHR [37) ZE1C 12 M 2 (1 At 151\ multiple hop (ME &) SRME RSN L 50 HERE.
#ik [38-40] 4 multiple hop Sl 5| N & H AR, BESmTRAERL A ), $TH2 S CAERf 2.

KB HE TV R AL AR 2 T RNIN O] ) UM SCAY HEAT S 5. RININ 200 el A %35 1) B IR
ARARAE AP H 1 7 S8 A5 B, AR 2 1) 3 25 400 2R3 208 SC. BT b i) &, SOk [36] £ Hiad
2R, TR AT A HOR SZARRNNFEER A5 JZ R1 ) f, (A Weston % A 136 HL 41k
— PRI REZE BT AT BH A5 AR ) B ARSI EL e I )90 12 0 8 AN R S B 21 v 1R 1 5, Y
M58, SR [37] 3t 23 G2 M 4%, R EEAL 5 TN multiple hop g RSB 2 %
HEHL.

Sukhbaatar®s A BT H 5 2 R 2 2 1 i 2 3 1012 W 4, 2 2 450780 o 2 A58 R () M
& (multiple hop). 3 S M 4 A 3(a) MR IZ M 28 3L 3 BLEL Jr 2 A
B, i AR URI 2 S A B, Sy AT AL T~ 2 A1) - AR SO d DA A IR) R g, R SRS T )
T LI NGRS A, AR SRS (8] HAAEEACAZRE my b (P (L 4%). RIS
W in) 8 g Lk R NFERE B, AR 31 [/ 4E ()R AE 27 18], JE R AE 1m) & v, 74w BRI my 2
ATAHACLBEVC T, 75 S AHALPEA TR, At B, K SO v i A 1) 40 i R N B C, IS 3]
i HHREAIE 2 18], A iy AASEER e PR AR B SRR AR ABSORN, 753 215 tHARRIE R 7S 2 S PR 0]
B NFHIE ) B w S AEA S R IR R IR AT G AR e, i 2 ST HT 47

BT 5 ad 12 I s AT BRI HERERE 77, SCIR [37) A 21042 19 2% 134T HE B (multiple hop), W1
Kl 3(b) . FEHEBLIE R, SORS (K05 A TR A R C AEERLRL R op DR AN, (H s SO
SE L SOR 1 2 S T RE R AN W SET. 3K S R 24 5 ) A 20 R SR, AN T LA )
AL, SRR T R JE 20 SR, AR SCRS IR Tl 2 2.

SCHR [38] #2 H Gated Attention Reader (GA Reader), 1% 7% 5] A multiple hop 5 i ] [7]
I SCHE NI4T R L. AR R o, S i) e AE SRR AR, 2 A PR A e
26 LSTM A1 #5332 Jy WIS SO v SR, [RS8 SCAR TR SO o 4] (1) A [R]85 L
YEPEIEATREDE, 13RI HUHDA SCRYBEAT 3R AL, A A3 R 28 B A B 5 (0 SCAS B A i

SordoniZ A BIFE I ARAZ B 1F 75 Sy Tterative Attention Reader (IA Reader), iXFfik
FRELLT GA Reader ) Z50HERE. TA Reader 3K H GRU iR T 2 40 HEH, HE8Y [) 2 B Hk AR E
FEAT ] GRU BEH 1) B3 EOIR A 0] o) U AT — Ay sy UGG, P in) R S SR 5 R0 H Il i ) o S
IR P S GRU I B FCIRAR SCRBEAT — 4EvE R I VLS, S SO S, 2N I AN 7 b <k
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1T, SELZ e HfEEL,

% Predictedy
0}—»@)—» % }g Answey il
a .
Weighted Sum £ u é - Predicted
AN r= - u* Answer
Embedding C 2
¢ g |
2 || Z>
P =
Senteﬁce}SHHHHHHH L T 1 I T TTT 1.%0 I {X}HHHH p. uz
X SoftmaxA i
r = = |
‘t 5 | Sentences
2
Embedding A | " L Z)
- | u'
tlnner product
" Embedding B :
Question q|| | Question qH
(@ )

3 i B AR AZ 9 2% A A 14
Fig.3 Architecture of End-To-End Memory Networks

SCHR [37-40] Hh AR F HE S LR BN SR 1) 2 50 HEE i B, (R B 0 /E F ASOAN ). S
FR [37] S0 o ) A0 P BR AR, A 22 RS R b AN W A 3 R D L M e i SCRRAE, T
it 1) S PR G AS0E JEL, AR R SRS AN W Rb I A5E 2R0F i) 50 (1) BEAE . SCHR [38] 1) GA Reader #5270 fR ¥7
] E SR, FEHERE R b, Ay 3G ()R S B SRS BRAARSCRY . SRRSO, IR AR % SR
HEEAR. SCHR [39] B FIR AR D0 A, A P M ) R A SCRY T A AR AR, 2 AR ) R
NS HERE R

SCHiRK [37-39] Tl g AR AL, AHAS[A) 1) e 78075 ZEAN (R () B 68 0. a7 B )l o R A A
HUAT BE B AL A A Shen’ A MO H 2 2 4E B VCHL 1) ReasoNet 57, ReasoNet H 4 it Ji 1) 3¢
R d 5 )l g 7 A AN A, K ) 8 S I ) B B IR S 1 R A R R A R IR, I
A7 FH A = U E ST I 2R I ) - SRR SUAE S, SRS R R R N IR S — ol AR
9 GRU B8 N, S i 2 O RES. 2 ab T DAl N IR SR N, 3l Hh ke 2
AT AR L P B SOk, BT A & 0 H: True, &5 AHEHUIFHEAT 2 2 T000; False, 4k4E
Bl 132 SO RN, 1% s RN AT, S REAL R R B SR I G R W Shen S5 KL 8 4k 2 > (41 5
A ReasoNet #7578 1)1 Zk.

S 41 P SRS 0 PR TS [ 255 S A RE g, D b ML ot B s Ak ) K . (R H A HE AR
Y 1) X 8% &8 R 3 KT R — (R 2 HCR R IR I 45 45 1), HEBR SRR AN R 3G, ST R RIS 1)
T D 296 5 A0y, 0 v 200 PR A B SRS L R T ) T R e
24 HMER

BL #1524 R R AN B Ty & 0 A L HE B R R [ I IR TS R g M
#% (Convolutional Neural Networks, CNN) F1F Il Z5 1 [ 5 BEARBLAL. ply T~ P00 20 5 A 20
BA 15 K SCARRIERE ), EIREH ]y iy 4 SR SUAR 2856 AR TE 5 I BT %%
2.4.1 FHT CNN [RIHL 3% [ s 7

K2 HCEE T B BB FH RNN BT 3CA Y i, RNN &I REVE B AR 7 Ab B SCA 741
P O R ELRE 2 T R P ) A RNIN BB ER AT VH B, A 3K SCAS I AN B 3l A2 I J2E 1] 1T i)
Fri e, PRI SCHR [42-43] PR R ONN HATVHE LLR R R AR L e ) SR AL 1751 B

366 U1 1) % B o) T 471 P 38 PR U A R A T A, (R ER AT IS B RO (IR S I ) 25 37 S 1)
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. W N2 T e 25 T 7% 22 M % (Gated Linear Dilated Residual Network, GLDR) %
0% RNN, ZEABACIERERITTHE T, AR HEWTIN 7). GLDR BLH 4 st i 4 Fros.

T 100 channels

Residual bloc
dilation=1

Residual block
dilation=1
Residual block
dilation=1
Residual block
dilation=16

Residual block
dilation=8

Residual block
dilation=4

Residual block
dilation=2
Reﬁfﬁ;‘%ﬁ}g‘f‘:k 200 channels
‘ Dimen,sionalit% ?

Reduction bloc
A w channels

B4 gt o 25 M 2 40 K
Fig.4 Architecture of Gated Linear Dilated Residual Network

0 channels

Refinement

Conv 1D
Diation=d

0 channels

Residual block

200 channels

Conv 1D
Diation=d

100 channels
A 100 channels

Exponential growth

Dimensionality
reduction block

PR Gy Dy 390 PRUERESR, Janbise, SRA . BRSO i 17 4 5 K 52 100 4E,
S AT — A AR e 3 200 4k, 4T OCHR [44] S S TTHE FOCAEE RO ) R
AE, KE T 100 40 | sigmoid 22, 112 FEHIF.I0, XF 5 100 2 193] i B 3471 3G g, AR
1 22 2 R A R 1428 S AP P T8 P A ol FR) e 27 R AL G, 7k 22 T 2% T LA 2000977 A T8 9 2 45 i et
23 A R A AR R R ) SOV L 10 bR 3, R A YA A fE D 1 A . R B
el YEE BB, TR AR IR 3, S B SO RORRE . R A R S5 46 1R R, 32
ik [42] K BiDAF £ (1) LSTM B e il GLDR AR, RS IE BRI I TE, U2 S5 41 i 1) (5
Fgb. ML LSTM, GLDR I Zk I [a] kA 2 J5UR K 1/6, 5 AN FEAS PR W I 1] 932 24 J ok
(¥11/12. EAR GLDR e (Al 2 T 6 BURBE RS2 3K, (R 254 AR ANRE N SCAS P47 A 18
SR A B OG R AT L. Yu NS ) CNIN A R AL 5% B SR B AR AT 55, ) N3 5 LN A B ik
RSB R Py 51 2 (8] (7 A R

YuSE NS I AL D LA D A 8 QANet. 5 GLDR ANF], & ik 3¢
Bk [45] TR AL 2R BT BN, DU H]IESZBR B AR 5% B BOBEADLAL B KON 3 5 Q ANt X 41 1w 1
A B IR ENfE g, 8] IS R H ST [46] 0 B2 AT 43 25 45 #H (depthwise separable convolutions) 2k
BEAT PP R, T il 2 T A BUE R R FE T 4y B R, P2 A B 0 2 (R 2 31 7y AT B, 3
Wk [47) IR 22 3Kk I S L T A B ST A7) PN A B 2 T RO G R, AR e
% 22 A J5 THI R BEAAR SCASTE . % QANet VIR a) % H A AR A A S5 5 IR Yus A3
PRI 19 5t B AR ST H i M i, 2 2 3R TSR, & 5 7R QANet W45 284

SCHR [42-43) AR 8 R FAS [R] 1) 26 B0 45 56 SO A HEAT dE BT H Wl AN20 0 L s
¥ (Ablation study) M, 2:45 I 4 B S0 25 B g e N T I gtk v e, Yuss A3y
X SES: (Ablation study) 2B, {3 A1 RUG AR R B W] 70 B 8 B, BB PR e 2 A A T B,
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B B o K 8 5 PR TR e
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Model One encoder T
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e Repeat

( Context-query attention )

tacked embedding tacked embedding)
encoder blocks encoder blocks
Embedding Embedding
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Fig.5 Architecture of QANet

2.4.2  FT WOk SR8

TERHUSE R PRI 205 5B R 5 B A5 1 U A8 21 HA AT 55 T ABR0R 2k
o NLP 85Uk PRy B i 2. A FHATL ot [0 55 4 A A5 20 ) 25 2 o DO ASE B o 011 2 o 5 28 1) i 1 )=,
T I o A e SR AR A A0 R B ORI . AN A 2 SR [48-49] H T SR S AR
I A& TN SRR AL R ke A5

2.4. 15 TP [P 0) Ll SE I 2 B, s BR800 48 (1) & AN AR Bl AR SCAS R U I FE AN B OK. 43
Mk [47) B2 HOE T AR D RSB Transformer A58 U AR BRI, 30UE T AR
DL AL B R RS B R 55 T RNN. %81 Transformer 58 K SCA K RAE ), SCHR [48] 12
A B Transformer (1 A7 At s HE 285 10 RS0 50 1) TR 2508 SR8 GPT. TN 2Rt 1 5 A 26,
TR O EENR, B VIZREF (1 1E 5 AT BN LES D B 5%, TN ZRis 5 BB A5 /D & 1) I
HSCHE RGO I TR) sl e S0 7 PR P e

SCHR [49) B2 H R R TR Sk 1E S R BERT. 1% A% 74 32 tH Mask Language Model Fll Next
Sentence Prediction P F Fil Il 5 1T 4. MLM Pl ill Z5AT- 55 2% B LI $5 — ) 1 oh 358 5317, 789
A A 1A 10 B30 SR P A ], XA AR AR A (R3] R A B R SO Bl Nexct
Sentence Prediction (NSP) Fil Il Z5AT: 55 HI ok Wr v kL (0 9 A 4 & 15 AT R A G R, 1% AR5
XPA)FORRMEAT AR, A T LA D S0 M 5 SRR SRS L ) e AR HAT45
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FH BT SO [48) Hb B ) P 2535 5 478 GPT, BERT 3R X ) 1 5 B R A0 &5 31 = 5 (138 L
5T 85015 B FIRE, GPT AU 5 ) 1 5 A8 1 BERT H 1 NSP Il 25 AT 45 i 43 455 714
e T 70 43 Ml SR A0 76 2 TN G R, 8 2 I HARTE S W T 45 b (R R )15 C R st
AT 55, anh) 70 UC I T 45 HLas B SAT55) R B, BERT MBI A%t T GPT.

25 HWHIKLRIHRE

2.2 E 247, AR Y AR LB R IR e L2 [ A DL
SEUR.

20 40— YE T AR IR FH of A 33 2 SAT 55, RS TRHE ) RL 1K) 2 7 s 4 o il 2 P R 5 1) i, 9 3
i) A B 0. (A LG BV S AT 45, 3B ) AT 45 50 A PR AR, — 4B DT P ASE 78 o 3 5 e 2R
1155, YEUUECASE AL B X A ST 55 DA S B VR I GRAT 55, G RABEAY Sof i il SCRY T8 SR Rt
ATEERE. AL —YEVCRCBERY | e e 78 0 PRI CSCARRAE, $RTHBL I SCA R R BE

TR B RNN (48, RNN KR S SR 4 BB 25 1) B, 25 2 38 40 1 SCRFAE. HE
R 5] N ARG 2Rk B 7 A7 5] P 41 g S0 A5 8, R multi-hop S SRAR LA 2K
(22 B HERE T AR . AF LGy B B ) AR e A% O G A7 i g s v UM L, B A AR 1 &
Hfie

FEFE R AR HERRASE AL E A 4 F RNN BLHOR AL HE 7 5145 B RNN fF 3 RR5 1 GE 5 1R
UF AL BE A P BRI OC R, (H RNN ABEFEAT IS, M LU AR N ) ) 53 5. IRk 2.4 58
R RN 48 SR AL B B, A EE TR . R RT3 o 2 Y A i ANBR AR 11
AR, SR R 3 ok A 7R DI ) 5 4 T IS T ) SR8 38 FH IR I ) 1) 25 5.

H A P Sk 5 A2 5 B AT 5 5 R 7 VR AE B B 52 DL e 2 50 A AR TE 5 AL AT 45
HUAF SR 4 B, JF A i KRG 7 ). X R A0 2508 5 A AR H A R I HL, 7780
(18- F i) ELBAH VR, A SCARRFIE R RE ) b OB BRAL SE 1 RNN. Tl 2505 5 B 2
o2 HINZRERI7E 2, Bt WE R 22 2 KSR A, B> NLP AT 55 (1) W= £ Al
Zanig

3 I RAEEAT R

RFRABE LS TF A S 2 VI SR e LS D A R R I A, P S PR VT A b v e 1 S A 2R3 55
RE )M E BLEEAR. 3.1 S/ G AR g b B 4, REIR AN R R R R A2 2 T R X ). 3.2
BRI P ARV, 3.3 R AL BEAT LA
31 MBWEHESE

ANTA) B G SR B SRANR) PATL8 D AT 55 A SCHs CAT IRHLAS D LB 4 20 28 X
Bfass, Bk AR, K 4 BoRIn Gk B rpLas 5 A 4R

AN ) 2 T AL A ) 5 9 4 L SR R ) SCA B AR (W FE B . LR ) % A AH [F]. Chens
POV SRR o W R 0, S SN L% B AT 45 AN T L 5 2% R X 4 B 8 kT A 70 (1 2 i
BURAN ST LB UL R 2 Bk s A L () 152 5000 41 75 BB 7 EL A 52 5 P SCACHREAE h E 78 )
HERLRE ). A NS D 13 R B 8 0 — AN SR al 2 gy i) B B vk S O L 8 5 15 0 41 75 A S
R SIGE 7 N BRAE B, 2 Bkt SR SR M &N B 2 MG &R, N ANBLE
B . T LBLTE S IGRAT S5 R AR R B8 S B vy (R 2K, 22 BB e EDCAT: 25 110 e A, L B B v i B
PR i B 1y
3.2 BHEEWITHATE

VA bR UE S AR A AT FLA [ ARIE S AR A8 I B R bR, A SC AR K W RS S W
I NEL R Y AR N
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* 4 NBRAZBEESS

Tab. 4 Summary of Machine reading datasets
f1:5% LSS WE R 71 LAY BEEESA (S
MCTest [ EN 2K /500 Crowdsourced Fictional stories Molti. choices
it CNN/DM 24 EN  1.4M/300K Synthetic cloze News Fill in entity
7 RACE [19] ZH 870K /50K English exam English exam Molti. choices
= HLF_RC (28] ZH  100K/28K  Synthetic cloze Fairy/News Fill in word
CBT [50] EN 688K /108  Synthetic cloze Project Gutenberg Molti. choices
SQuAD [15] EN 100K /536 Crowdsourced WiKi Span of words
B TrivaQA 116! EN  40K/660k  Trivia websites WiKi/Web doc Span of words
b3 NewsQA [17] EN 100K /10K Crowdsourced CNN Span of words
Hh SearchQA [20] EN  140K/6.9M QA site Web doc Span of words
H NarrativeQA[18]  EN 46K /1.5K Crowdsourced Book&Movie Mannual summary
= MS MARCOU5]  EN 100K /200K User logs Web doc Mannual summary
DuReader [21] ZH 200K /1M Web doc Web doc/CQA Mannual summary

T AR AR () 2 S A — AN SRR 58l 1], Py DA 2B AT 55 I VPA s 2 HER 2.

X T Bk i U A, B S SR AN B E VR TR PR AT RS B UL T (Exact
Match, EM) A VL HE (Fy-score). EM ZERARIFIN 1) 25F 58 5 ML 5858 4 #F, Fy v A
BN T HANFEAR T A AR (recall) s #ERAZR (precision) R34, 55 Ja X BT A3 FEAS (1 8 RT3
B

=2 precision - recall

(2)

precision + recall”

3.3 HAMELL
X5 Bon AR MEM —4EVUAL . —ZEVTHC DL B R /F CNN /Daily Mail 2045 4 L1
PERE LA,

% 5 JEBZE CNN/Daily Mail - HIHERE LB
Tab. 5 Performance comparison of models on CNN/Daily Mail

e CNN Daily Mail

Valid Test Valid test

Sukhbaatar 25 A (End to End Memory network)!37] 63.4 66.8 NA NA
Hermann 2§ A\ (Attentive Reader) [24] 61.6  63.0 70.5  69.0
Hermann %% \ (Impatient Reader) [24] 61.8  63.8 69.0  68.0
Chen % A\ (Standford Attentive Reader)!25] 72.4 72.4 76.9 75.8
Kadlec 25 A\ (AS Reader)(26] 68.6  69.6 75.0  73.9

Cui %\ (CAS Reader)[28] 68.2  70.0 NA NA

Cui %5 A (AoA Reader) [29] 731 744 NA NA
Sordoni %5 A (Iterative Attention) [39] 72.6 73.3 NA NA
Seo 5 A (BiDAF) [31] 76.3  76.9 NA  NA

Shen Z A (ReasoNet) [40] 72.9 724 NA NA

SEIGFR W, SCik [29,31] 1 EVUECAE AL DL K SCRk [39-40] IOHEEERI AL ZE CNN s 46 L1k
0 o T YEVC AL b i, A T 4R DT AR Y — o U e AR b B AR A LA o
SERIATE YOG R RRAE Sy, AE R A ) R, SRS IEA TR Sl H.
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%6 BN AR eV ECAE A . BT B AL 28 5 15 A5 0 DA K T 2R 48 5 A 7R
7E SQuAD i di 4 itk fe L.

* 6 EBE SQuAD BiESE ERMERE LR

Tab. 6 Performances comparison of models on SQuAD dataset

il EM F1
Wang 2% A\ Match LSTM [30] 60.474 70.695
Seo %5 A (BiDAF)[31] 67.974 77.323
Shen %5 A (ReasoNet) [40] 70.555 79.364
Liu% A (SAN) [33] 76.828 84.396
Huang %5 A (FusionNet)[34] 75.968 83.900
Wu %A (GLDR) [42] 69.325 77.886
Wang %5 A (R-Net) [33] 81.391 88.170
YuZi A (QANet) 43! 82.471 89.306
Devlin % A (BERT) [49] 85.083 91.835

SR, BT BRI HLHI 0 e VU ECAE AL A T A St R VL RO, SR W BE R AL
AT S SRR A B IR AU RE Ty RN S0V 25 35 A 2R A AL s D 1 AUk 21 e L P8 i, IX R WUV
YRik F R RENS MG B TR R R 22 1A TR S SUARZOR, A R I HERE IS 77, KIS
BT PERE.

4 BHELHEZR

AT AP LA P B R AT R BRI 9 5 90 A, MR ATLAS B 52 B (03 S, X BAT [ o
LA TR R REA T 2028, B af S HIPL AN AL, RN e S5 DT AN R SR R A £, IR AN ]
FARIHHR R TARE R, B80T R WL B 3 A IR A A T B 4 B PR REIEA T LLAR.

HARKE T2 2% (L% B 0 B AR R AT 9 K M Ros e ), AR 24 T Bdla g By
(IR (ELR 22 X 268 [ 152 4 A1 W0 1 30 ) 20 T IR N MR AE LR 1), B 3EAT R 2Dt
gu, BARUE.

o ZHEHMAME. BRI THLE PN A 3R & R REGIR I RAESCA . BRSCR. (A
SEBR N, SRS 2 2 R G R R AR T RE R ARSI, LA rh SO S 1 A iR
Hedls, WA R AL 2 RIS HE AL B Bl e 25 T I ) 2 . H AT Transformer CURA F AR TE 5 U
RO AR AR A, ] i Transformer T2 BASEEE R AL PO 2 T — P IFFT R #UR.

o HEFAEN AR, ASCERS GHEBIAIRY, (H X LRI 4 P RE DI AR R 5, X Pl
T multi-hop IIHEBMLENE AL -, THEBCRIRR . S Fr % i B R 28 AN S8 m HL
HAABmHERLRE /), A S AR RO HEZERE ) W R AE B 3 i 25 A0t (A5 9.

o BIBIREMEVENR. AESERR A BB RGP K A S Z A2 AR M. XTI
F (R A ARAT T 8 B A LA [ A R (R AR A, LS B T3 R T S AR A I, gl 2 B i
HRSCAS, SRR Z A PERE. XTI ZR0T EAZR AR L3 fn) i, (R A (g X il 2k 5 A ML B 15245
BRI Rt A3 T — 2P RE.

Z % X #
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