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Abstract: The task of Machine Reading Comprehension is to make the machine understand natural language text and correctly answer
text-related questions. Due to the limitation of the dataset scale, most of the early machine reading comprehension methods were modeled
based on manual features and traditional machine learning methods. In recent years, with the development of knowledge bases and
crowdsourcing, high quality large-scale datasets have been proposed by researchers, which has brought a new opportunity for the advance
of neural network models and machine reading comprehension. In this survey, an exhaustive review on the state-of-the-art research
efforts on machine reading comprehension based on neural network is made. First, an overview of machine reading comprehension,
including development process, problem formulation and evaluation metric, is given. Then we make a comprehensive review of related
technologies in the most fashionable neural reading comprehension framework including the embedding layer, encoder layer, interaction
layer, and output layer as well as discuss the latest BERT pre-training model and its advantages. After that, this paper concludes the recent
research progress of machine reading comprehension datasets and neural reading comprehension model, and gives a comparison and
analysis of the most representative datasets and neural network models in detail. Finally, the research challenges and future direction of

machine reading comprehension are presented.
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LA R A B ARG T SO I e % TEHf [E1 A0 06 1n) L 2 B SR95 5 4L 3 (Natural Language Processing,NLP)
A B HLA Bk T AT S 2 TR I R % A R B & H AR TP B D S #E  (Machine Reading
Comprehension, MRC) 1B 75 4 56 & A B 77 52, 78 20 el 70 A7 &1 O & R BUZAT S 2 WAL 28 5
= ELAR A8 700 — Fh AR H T 0 05 kPSR LE 24 I b T RO S AR DL R T S LA B A 1 o 4, 3 AU T 9T
B BT L B BRI T AR T E AN EE ) 0E MRC T AR B Re 5 B K e il
PRI (1) ERZSER @3 WikiPedia). AT R i 45 45 0 Crowd) (K & 4 30 7 KRS 1 1] 155
A M O R I ) A, X S B 4 DB, I R ) ) = e % A7 4,08 MRC RSB 1 RETITE LA (i T
Blxs Q)UHEHUE & 4 P RR IR FHOL I 2 GPU. TPU BRI & &), HEZ) T AR 4 I 25 AR R IR FE 5 2 4
ARV 5 J, DT A5 e 25 ] 5 B AR A PR 1) Ay 2 5 I R AR T T i

5%%1‘@‘}?[4](Information Retrieval,IR)A [F], MRC N2 T B L AL 28R i ) 8 UGBS S A BdE EE R AR AL R
I v ) 25 ER T A2 AR AL 25 B8 0% IR - BT A 1) B ARTE 5 T A8, T A e 8 ) 2 5 T RE AR AE T SO BRI RE
S RBE WA W AR O B 1, B R EALAHRYE B O BEAR AR BT B IR 0 A, FE A A
HUPHL E M2 AA BRTEFE TN U HELHHIME” I, £ MRC PR SR EIFZ L BN E LS R % B i
B, SR TEAE B Wt AR BB WL 3 — /AN R VR, SRS B AT U, IR R R T
IR Raxfajpthss by “FZ U5 ETEH 7 M “HPHL” =5/ 5 AL SR 45 R U .

ASCHN IR MRC AUk Hh b 28 10 2 450 28 DL K SRR AR 40 42 i) 0T S ok Je JF A7 B A T IR 45
W 282 BRIAR T MRC R RN SAE45 € L5083 BRI 15 T o0 22 0 2% 1R AL &5 150 152 30 A A 0 2 4y B A 1
SRR Z . RS R 22 H 2 UL A B F IR AT T SRR R A 4B T I AR AT Y BERT TRIZR
TR 58 4 AT BRI MR DL R 28 N 5 155 8 343 0] 95 35 04T T VR4 00 4 A0 LU B B S TE 5R
5 FITI T MRC 1K @ % DL R AR SR BT FE 8k, DASA ST A B P9 A BIF 9 S 21— & i 43 1 .

2 HBRAZERNLRBESESENX

2.1 HFRAREBHLRAE

HLAS DB AL AT ML DR ) T =AM B R R A 20 20 70 4 ARTTF4a ) F 26 F 00 05 i)
A L R 48 1 B T U B 4R (Rule-Based), B 548 (A W B (K B 2% 2 2 B ALV ¥ MRC AT 45 1 BL 35 27 2] I
% (Machine Learning), F 21 ¢ T Fi| F e 45 /0 44 (I i 2 >0 )% 7t b 25 5] 135 T 90 A9 28 ) et 48 I 4% 1) 4 (Neurral
Network). I T K T 41 18] iR AL 4% (7] 152 FRAR 22 7 1) =N IR AR
2.1.1 B F B4R (1970s-2012)

KR E B P s E AR RS T s nr DB IR AN 70 SEARLTE AR R EAIC SRR T HLAS b A
SR HLAS 18 & B AE 00— Pl BB R R MR E LN TAEZ — & Lehnert™7E 1977 4421
QUALM R4, 1ZFR G H KK T B2 1) BN SCARE S BB N H T ZRAZR T FEF LA, H
ICARAEAS B TE T2 B8 AR 20 2D 80 AEAXF 90 FAX 18], 1T MRC £ % 1 5 2% Mz 8 24 I (43 AR K T, 1A
WX A JUAE SR AT (A B 784 K e B B ) 1999 4E Hirschman! 2 H T — AN F 91 & 5 M0 10 B0 45, A A1
% MRC B HTA T 2688, %500 R A5 60 AR, 32 T2 iy — L8 1] 2 10 3 52 28 0] 2%, 190 1 who, what,when, where
PASe why S5 1A] U5 % B % SR AL AL, R R B R Gk B & IEM B RN A) T A0 ER B SE AEFH A NRL T
DEEP READ R%,1% 5 4t F TR FEE TR0 (0 D7 v, A G 22 00 0] rh i N 25 R AE A 4R B 38 SR bR 18
A BoW SF4FE) LA SIS SCA (R SRR, e 2878 B T 30%-40% 1045 1 B[R R 3, 78 21 20 5L 00 2 eh T
DR AE &, 5 5 MRC BT 7Tt JE 19 218,
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2.1.2 #8521 4X(2013-2015)

1 2013 4E3] 2015 42 8, T HLAE % 377 IO W, BF 70 8 AT T 220K L 2% Bl S B AR 8 SO —Fh I B2 )
(Supervised Learning) i f 7 105 88 N T FRvE A (BRT%, 1) 58,25 %) = e 40 R B, 7 R fe o i i Cobm v A Bk
PN GR— A G vk A B A 451258 B 7E I I 4 (BT, 1) R ) e S 3 o7 (1 % 8 LR i M B TR 2 — 2
Richardson!”!7£ 2013 4E 2 H 1) MCTest £# 42,12 55008 42 (K1 92 tH BL B2 B 17 24 I L 28% 2 ST REAY (1 & e 110121 i e
HREIR K 22 i 35 T ] 84 1) 85 K34 4 (Mlax-Margin) % =1 HE 42,380 38 B0\ = 5 138 SURFIE SR (FOVE R A7« SEHR T R
B SCHESE . TR NS5, LN (B VK, 198, 25 22) — LA A& B AR X e AL 3% 4 SRR T A bb B 300 B U i 7
LI T — o R B ingR X MCTest-500 £ 48, ik = Pl 20 41 Lk F R 2R 85 84 (63.33%) % H R TH T
0.42%1%0 4. 5% ML K 6.61%! 2 (L BATT A B _F R WL 8% 2 5158 8017 SR ) vk B4R T 2445 BRI 72 #0138 5 4 M A
N BR HAT LR P A (DML IR A 32 BRSO 178 5 TR B WK A7 @ AT 2% (DP) LA K38 S A tdric &
BE(SRL) K S PUARFAIE F) 4 X (E I 4 T2 L 38 e B — 40338 0 2500 DI 25 BT 45, 12 4 6 77 48055, DR e X F- MC Test 450
i B SR X SRR AF J2 17T A2 P 75 5 (2)MC Test 504 48 (R /INAS S DA SRR BB AR Il 2R (LA 1480 M3 1 it
FERY I 25).

2.1.3 #Z M 4 14X(2015-2 %)

Hermann 25 AUFE 2015 SE42 H 17— N8 B4 KB 15 I 25 3048 5. CNIN/Daily Mail(2 126 15 4 I 53
P2, F 55 R Eem AR 7 — AN TV & I #9 LSTM 4 8 THE ATTENTIVE READER, %4 Y i) 1 G it #8
FE 48 NLP J75 (40 12.9%), b5 &35 P18 [ 50 38 8 R AUk N 1 A& I 2% IR B A8 CNIN/Daily Mail i 48 1) B
JE DI B 5 2% SRR I 25 225K {H 1T CNIN/Daily Mail #0454 J& T 58 R 3 47 257 (Cloze-Type), B H i @ A
Frtr NI B ARE = 558, B I T 288 CNN/Daily Mail 048 22 (14 )5 BR 44, Rajpurkar 25 AUIZE 2016 4542 H T
— N4 BE 4 Stanford Question Answering Dataset(SQuAD)?. 15 25 T 71 R} S8 A1R 122 DA Bz A 60, 1 25 1R 4% 4 18
1R B ,SQuAD %54 M 536 &% Wikipedia BLVE FUREE T 107785 A il @2 24T, A BT SQuAD HiiE&E &
— AN RS 5 ) A 55 1 B SCAR I — B ES B (a span), A IZ IR RN T AR E M E KHE G
SR VE T 0 ) e 5 B AR A 4 A BT SQUAD X — S R K MRC B 55, W AR R L FH A TR T — R A A
F16 e 22 1] 5 TR A R IR0 ) 7 o AR SR A P | EML 5 R GBI B2 10— Rh VR0 7 k) BiE st —— M 2016 4F
JFAEH R ) Logistic Regression 3E£E 1% (EM {8 40.4%,F1 18 51%)% 2018 4 10 H H1 Google #2 H i A
Z5(EM 11 82.304%,F1 1 91.221%) /) BERT 2 EM {f 87.433%,F1 1 93.16%). )28 SQuAD #3442
J& MRC 73 (1 B R A0, (HLIX R AN 3 vk 12 A0 S 10K A B MRC AUk 1) 44 4% B A, IR it 2 J5 S AT 1R T o
22 KIS 10 LA PRI (0 B 00 P A T DA i3 G A e 9 vl L, 051 2 it B 3 5 (Extractive) ) TriviaQA* ),
WikiQA’!® | NewsQA®1'™ . SQuAD 2.07'% . SearchQA®!'2% £ 1 1% $5 2% 5 (Multiple Choice) ] SciQl?%,
ARC!2U RACE"2| TQA"), MCScript!*?412% 5248 %% 25 5l (Cloze-Type) i) CBT'2%), CLOTH'" 2014 2=
1% 25 5 (Conversation) ] CoQA 7, QuAC!7P8 | CSQABERY, SQAPPY, CQA?BY&E A i 324 5 (Generative)

1 http://research.microsoft.com/mct

2 https://cs.nyu.edu/~kcho/DMQA/

3 https://rajpurkar.github.io/SQuAD-explorer/
4 http://nlp.cs.washington.edu/triviaqa/

5 http://aka.ms/WikiQA

6 https://datasets.maluuba.com/NewsQA

7 https://rajpurkar.github.io/SQuAD-explorer/
8 https://github.com/nyu-dl/SearchQA

9 http://allenai.org/data.html

10 http://data.allenai.org/arc

11 http://www.cs.cmu.edu/glail/data/race/

12 http://textbookqa.org

13 http://www.sfb1102.uni-saarland.de/?page_id=2582
14 http://fb.ai/babi/

15 https://www.cs.cmu.edu/~glail/data/cloth/
16 https://stanfordnlp.github.io/coqa/

17 http://quac.ai/
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) NarrativeQA?' B2, MS MARCO? P32 DL K #5358 (19 % Bk 41 2 (Multi-hop) (1] HotpotQAZP* 7 Ji5 [ 1 2 % T
Uty i 2 2 H P SCAIIR Y MRC B0HE 4, A R E M (4 People Daily/CFT>PI([A] i 1 /2 58 4 31 25 LA K&
DuReader™ PO [A] B 102 A= i 20), Bk T b vk b 10 500 52 DLAR 3B A 6 TS0 (Open-domain) ) 152 3 2 4T
8 AR SOBAE 4.1 A% B 2B R AR BEAT VEANIE 90 43 AT 5 b (R B, S B OK BB MR C 2088 46 1 3 o HE Bl 5 AP 2 157
TS AR 1) R R, A Gt AR FH 1 6 B2 I 28 B 7] 3] match-LSTM+Ptr-Net #5718 B 3 HAT A 3%
P 1 368 F DO J2 42 440, 352 i B 580RT I Transformer Z244 %) 20 = & 1) 4 5 D] 15 3 AR ASE 5 ) 4% K H 4l 4 b Bovk 5 )
) PR AF G 77 DL 2 AL RE 70 Bk BB, A SO AE 4.2 % BB B B AR M B Al 2 ML 28 D 1B B AT A0
Y53BT, ek 25 T FH Y B 5 P A R R R, o 48 DX 5 B AR AL 2 ) 5 AR AT AR Ak T R D I B, B 2 4
IR ST R A 48 ) 5 B A AR Y, B A 1k B ORES  H SR A Re AR B SR R A — e L 5 AN FKT IR AR
KZE P, Ktk MRC FIATF 78 5 % AT A IR K I % B 7.

2.2 HEBFDRIERNESENX

2.2.1 [ A IR
MUAS ) L BEARAT 45 il LUB A S — AN B 3 S 8 45 = e A 4R35 (C,0,4), i ¢ &
TNERTE,Q RN 5 A R I R, A 0 R, BRATTI E bR 2 2] — A TR 3% £ Re B8 f A DG B VK C 5l O
FE RN IR B — A3 R R 2 56 A BRI
f:(C,0)—>4 )]

— B, AT BEE IR N C={wf .., wC ) KRR IR O=(w@ w2,..., w2} F m Ml n 23 5 N B C 1)

KERMME O MKEIE w S T 1508 SR S8y, BT 2088 42 10 2R BUAS [, 1n) R 288 R 2 4t 3R o AN IR 1)
LR 1 ST 20 50k B S FRE R o B ARR MM EHE 42 CBT. SciQ. SQuAD. CoQA. NarrativeQA
PL A HotpotQA. FAZ (1), AT LUK Hcdi 22 58 AL 73 Fhge

(1)FETEIEZE (Cloze-Type): TEIX ZSHHE AL T WL H Ar 2 AR S 1) BEFD 24 5T B V&, T SRR TR & AP
B IEMI B R a, HIEN B2 40,5 G0 fE CBT BB 42 | A =103 25 il 1 1 27 S 43 A 72 — > B 1] B0 4.

(2)Z T ik (Multiple Choice): TEIXFRHHRE G A HL2E 1 H AR AR R o] A 24 7 B (5 B NEL S IR &
W) k(k — 8 DA BEE IR TUE & A={a,,...a;} FIEH E#E R aa ATLE—ANHIE —MEBEZE )T

(3)hHL X (Extractive): AT FR i 70 2 20 205 45 (Span  Prediction), 7E X 28 £ 4 4 ML 2% 1 H F5 2R
P8 0] JBTE 2 A B VR R R B OE 8 10 B RS R R TR X AR R R BRATT AT LUK B R R IR N (agars Gena) T2
1 < Astart < Aepg S M.

(4)£x 1 (Conversation): 7EIX ¥ & b, B br £ 5 L3417 38 B 20 ) 2, b 2 R vl LU SCA B i T a0
(Free-text Form), Bl AT L EE IR T 2, AT DA “ArTEZ” . ATl “2/fR 7 %%

(5)A A (Generative): 751X FEEHE 4L A, ] 3 19 25 R #02 N\ T.9m %8 42 B (Human manual generated), /N —
TE 2 LU Bt 1 2 BLTE BV R S R LS 1) H FR 2 T S 45 H B I R 2 A 50, 2 S AR B & AR R AR
FS% i R B R

(6)% Bk HE 2 (Multi-hop): 7EIX FEE s 4 b, 1] U 2 R T0VE N — B B v BRI R RS &
A B 3347 B AUHEEE 1 RE AR BN % &, TR L L35 11 H FR J2 7E 78 43 BEAR In) 730 26tk B A T SO BB g R b AT 2
S HERR B 2R B IR 2 R

18 https://github.com/iitm-nlp-miteshk/AmritaSaha/tree/master/CSQA
19 http://aka.ms/sqa

20 http://nlp.cs.tau.ac.il/compwebq

21 http://deepmind.com/publications

22 http://www.msmarco.org

23 https://HotpotQA.github.io.

24 http://hfl.iflytek.com/chinese-rc/

25 http://ai.baidu.com/broad/download?dataset=dureader
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Table 1 A few examples from representative datasets

F 1 ORE T ARSI B] T

F5 EiipY
CBT(EIAT)
B¥%: ...“Never mind her, go on!” interrupted Happy Jack. Then I flew all around the barn, but I didn't see any
one there but that ugly little upstart, Bully the English sparrow, and he wanted to pick a fight with me right away.
(1) " Tommy looked very indignant. “Never mind him, go on!”

B : cried Happy XXXXX impatiently

HEI: Brown|Jack|Pussy|Sparrow|Tit|Tommy|doorsteps|left|right|upstart

BR: Jack

SciQ(% ik )

B¥%: Without Coriolis Effect the global winds would blow north to south or south to north. But Coriolis makes
them blow northeast to southwest or the reverse in the Northern Hemisphere. The winds blow northwest to
southeast or the reverse in the southern hemisphere.

@ W : What phenomenon makes global winds blow northeast to southwest or the reverse in the northern
hemisphere and northwest to southeast or the reverse in the southern hemisphere?
BEIM: 1) coriolis effect; 2) muon effect; 3) centrifugal effect; 4) tropical effect
& F: 1) coriolis effect
SQuADH )
Bt¥%: Precipitation forms as smaller droplets coalesce via collision with other rain drops or ice crystals within a
3) cloud. Short, intense periods of rain in scattered locations are called “showers”

B/ : Where do water droplets collide with ice crystals to form precipitation?
2% within a cloud
CoQA(Z & X11i)
Bt¥%: Jessica went to sit in her rocking chair. Today was her birthday and she was turning 80. Her granddaughter
Annie was coming over in the afternoon and Jessica was very excited to see her. Her daughter Melanie and
Melanie’s husband Josh were coming as well. Jessica had...
B/ 1: Who had a birthday?
@ ZE 1: Jessica
[H & 2: How old would she be?

ZE2: 80

B & 3: Did she plan to have any visitors?
&R 3. Yes

NarrativeQA (4 i 20)

B @@ ERB): ... Peter’ s former girlfriend Dana Barrett has had a son, Oscar. . .
B GER B): DANA (setting the wheel brakes on the buggy): Thank you, Frank. I’ll get the hang of this
) eventuall. // She continues digging in her purse while Frank leans over the buggy and makes funny faces at the
baby, OSCAR, a very cute nine-month old boy. // FRANK (to the baby): Hiya, Oscar. What do you say, slugger? //
FRANK (to DANA): That’s a good-looking kid you got there, Ms. Barrett.
W : How is Oscar related to Dana?
ZR: herson
HotpotQA(Z ki 3)
B A: [1]Return to Olympus is the only album by the alternative rock band Malfunkshun. [2]It was released
after the band had broken up and after lead singer Andrew Wood (later of Mother Love Bone) had died of a drug
overdose in 1990. [3]...
Bt¥% B: [4] Mother Love Bone was an American rock band that formed in Seattle, Washington in 1987. [5]...
[6] Frontman Andrew Wood’s personality and compositions helped to catapult the group to the top of the
burgeoning late 1980s/early 1990s Seattle music scene. [7] Wood died only days before the scheduled release of
the band’s debut album, “Apple”, thus ending the group’s hopes of success. [8]...
@ : What was the former band of the member of Mother Love Bone who died just before the release of

(6)

“Apple”?
&R: Malfunkshun
RV 1,2,4,6,7

2.2.2 P FE bR

AU D 152 B AR A5 TR (R VP AR 45 A = 22 P 25 4 1 2R R e

(DX T FE TR 2 2 T B R B AT 55, B T2 RAE RIE T D24 MR E S AR M Accuracy
X — a7 fix B8 B I WA Y 1) 1 e, B 7E 1) R0 R B B 45 tH 0 IR B R B S R m B S L
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Accuracy = L 2
m

(2)5%F T QR 22 b 1 3 S Y (VA 55, 7 S0 AR R o0 1100 28 5 5 A o P L S 2 SR AT B IR bt — A4S
Rajpurkar 25 A3 H ) Exact Match(EM)AI F1 {51V EM & $i8 Bt 4 rh s Y 10 ) 2 2 5 b e 25 R AR ) B 1 2
L6 F 1B 2 18 B 4 o AL 00 (1) 5 22 AN AR L 25 8 22 [) (14 T 35) 5380 1) 7 75 %, P A R UE A % (Precision),R AR
5] 28 (Recall). . 71 2 B4 2 #0405 42, 49 41 HotpotQA I H 1 £ % S RFUEHE (Supporting Facts)ff) EM #1 F1 {#, PA
AP R 7 BB AR YR 7 B IR B AR ) A [l T AR S H IR P S S R R R A S EM M F1 {E(Joint
EM,F1)P4.

1:2><P><R
(P+R)

QG)XF TR 55, i1 T H B TR SR A B8 3, B %A — 08 A VP AN F %, 28T 45 IV E A 48
b B HUR AR B v E B0 CoQA B¥E4EfHi Fl T F1 18,10 QuAC BBl T F1 {EH LAAMNETRHE T HEQQ LA
J HEQD % Fft 31 (VP AN 45 AR5,

(DX THE BRI AT 55, B0 T2 TR A\ T gm 8 A2 B, T A28 09 B Ar 2 6 2E i 102 38 d K R s DL & A
AR R B 2 TR G A% AT 55— MR FH WL A8 B0 8 AT 25 o i FH 1) BLEU-41VR1 Rouge-LU* W A 6 4. 3 #F BLEU ()
A R AR A SR T T AT R R S KT ML A R AN T g 2 R AR AU B B I R, 773X B BLEU-4 $R 2 R
FH VU JGHE B (4-gram Precision) % R 45 ¥ BLEU S0iE#EAT ot J5 AR (V=4), H ' BP 2 & {1 K+

Z Count,;,, (n-gram)

P = Ce{Candidates} n-grameC (4)

Z Count(n-gram’)

Ce{Candidatesy n-gram' C

3

|

BP={ 10 ,Cczrr Q)
N

BLEU=BP - exp(D_w, logP,) (6)

n=1

Rouge(Recall-Oriented Understudy for Gisting Evaluation) [ i 142 H 2l SCA 2241 45 (19 E Z P F5 b7, 55 BLEU
FEAC AR @ B AR R ) B TR S N L 0 R AT LA L 15 A I 40 DA SR A B AR AR
1B &L, 1 Rouge-L /& KA T K A 357 71l (Longest Common Subsequence,LCS) [ Rouge 7 — P it adt il 4, H
X ERIRKERN m FERE R, Y IR AR n B R

LCS(X,Y
R, = LESLLT) )
m
LCS(X,Y
B = Lo 8)
n
2
- 1+5) RZ,C.YP,C.T )
) Rlcs + ﬁ BL‘S

Witk 2 b A e A pl QR 42, 51 40 NarrativeQA 18R F§ BLEU-1. Meteor ™ L) Je MRR 25 8 45 47 PP

5K TAEAR L, Gardner™ - 2016 4E 76 [ T Github b UL A TERE T — 55 56 T ML HE MR (RC) I 25348
2 {E i F A BT TR o B A DA R B 26— B 5 X 44 T ¥ 5 Arivachelvan* T 2017 SERE T — Rk
T RC RGEMLEA (EAh ) 2 5 7E T UGS 25 31 J7 v M0 AS A VR B 25 ) R ) e S 35w A 380 4 ) 25080 4 33k
750 HT s Lai S5 NI 2018 4E R K T — 58 6 TR BE 2 2 BR A8 % 2% % (Answer Selection) 7 (1] B F 4538, {5 fih
ANV T B SR AT 55 B 0 42 N B B AL IR AL DT R, B e 2 b Lai 258 N R B0 0T T 4 MR 4R 5 B e
L33 SCHR (K AS ) 2 A AE T AR SR A THT FR) 93 T 17 300 4 SR AL 25 D 135 3R 498 1) R o 73 RE2 et AR S 50408 4 A0 4ot 28 1Y
SEBERLEAT T VRN TGN, LLIA S L [ P R A B — s I HE s R .
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3 ETHEMEILLERIEERLEN

S v 1 Ao 22 X 46 B AL D) 5 B AR TRE R AR I 1 B s FRD D 2 2804 -

(DIRNJZE: W FRF G BRSO AR BN A Bk C AR 8 O 3RoR N d 48 (3] 1] A D9 e
RSN A — SERERYAE RN 2 2R I R 0 WL R T P ] 1 A5 i N B ) ) 1) 2 v A O B 11 0
ety N1,

()45 2« A AP s AR o 222 00 2 of B R [ i 47 6 A 9 59, ) DA SR O B0 ARRALE 5 2 Ji >R i = 0 AL
11 2, o LR R R K 3 s S B SRR R ) R R R T,

RZHJZ: L HERE LSRR S 1 BB )5 S8 BOk (R ) R Z B A5 s el E A
B R 28 I 25 R R T Jl e A 3R

(A 2 AR i 2 55 (B £R0) Y (K AN ) 24 2 AN R R s 3K

Fig.1 Common Four-Layer framework of neural reading comprehension

BT R A 2 ) e B DU 2 Ay

TF 90 2 ATTAR 9 A [7] 25 2 MRC B3 48 (K05 5, AW 238 I S5O3E 5 — J2 4044 v 05 FH 1) 7 72, AR 7 3% o B3 42
HROR AR IR U B 1 R AR T TR AR R A0 K 2 AR I R g — 2 A A SR R I Bk s R S 2 A BT
BERT #58 J HAR 35
3.1 # N\ JE(Embedding layer)

BE T 28 000 285 TR AL 8 1] 152 B AR ASE 20 ) 58 — A S B 2D IR R e B 1) 3R s o v A R S ) S AR ) R A R R 2
SBFAR R B 03 A T8 s 1A R R U R 51N One-Hot il [ & RoR: & — N HRiA# 2 i Rom li—
ORI S S S 1 G VAR (VA B PO 11 = S 1 Al O BN 1 = < O 1 == QR 1 1 R
Vappte=10.0,...,0,0,1,0,...,01" Vpunana=[0,1,...,0,0,0,0,...,01", i One-Hot il [f] 5 F& 7~ J7 ¥ f5 K ) ] L E 3% ol s 7 17
VR AR BT ] B4R 2 [8) ()8 SO AR B B FAL 817 @ 5 b,cos(vg, vy,) = 0170 & 4EML AR 7
0] DUAT R g 13 5 vk ol 1) 1) BRIV VB SR ABL ) B 4] BT AR JUART 2 [ o g L B B9 A 3 4 ) B 48 2
c0S(Vappie, Voanana)<COS(Vappie, Vear)-BRIE Z A1 T T ATIE J I AG RN SN ARL FEAL 2 = FF 00« K 70 25 PR o) =
AR R SOAE SR I BAS 1) B K R AR B (R REAE — A N B ) B P R TE — s PR RR A 1 1 R
3.1.1 5 N\ (Character Embedding)

FRFIRN SR SREL— AN BAA 5 7 FF U i 1 B3R 7~ SR char-level [11A] 1) S e 8 7E — e F2 8 R 42 AR SCA
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ot HY B R B 317 (Out-of-Vocabulary, OO V) ] il 8. Seo 45 N7V ¥ 4 42 MRC 48R ) T char-level #k N 1F % T
Kim %5 A (1 B AR S B 94 R il 0 (1 2037 SR F — 44 B 48 1 265 (1D-CNIND R SR BUREAS B 38] 7 8 ) 1 T 1, 988
Ja ¥4 char-level ik AFA ik N HEAT BEEEAE B AL 4N

3.1.2 ¥l ##t A\ (Word Embedding)

TR [7) 8 A % B T B 3R] 1) 40 A1 3B 1 1OV K RIS TE B 285 (1 ST A 1 ) B o 2 ST 3R AR AE L8 Dl e B AT 55
ff % (1) 7& Word2Vec. GloVe LA K Fasttext = 51 27 7l 1) R N AEE B 1 TN SR A SO0F H A7 i B I 44

(1)Word2 Vec ] 1] &

Word2Vec 1] [l & POVA T 12 I F — AN R J2 A4 20 00 248 A 200 1 KA B30 3 4 T iR AT I 595 380 1) 45 SR it
B BART] BL4y 3% 4517 484 8 (Continuous  Bag-of-Words,CBoW) PA M Bk B 7T 15 V25 4 784 (Skip-gram) 9 it /i % &
AT SO H A BRG] R TIN5 ), S5 A R AN B AR BRSBTS T AR 2 3D A [ i B T
AR LA AN A 2 B IR A T2 YK Softmax(Hierarchical Softmax)RI41 K EE(Negative Sampling)#§ Fift Ak 52 1=
FH R B AR AR 1 5748 24 B ek /D I 251 18] .2 - Word2 Ve A5 78 75 31 () 18] 1) & ] DA & 18] 5 18] 22 (8] A AR AU RE B,
Bltn: king — man + woman = queen.

(2)GloVe ] ] &

HHF Word2Vec H & FH ) Skip-gram #5742 7E 7 1 330 1 T S AR I 2RI, TR b 38 4R 4 s ) R R
R R E RS 215 8,08 T 34 Word2 Vec )5 BR 1, Pennington 25 AW 7 —Fh 45 & /R 3B Ui D4
JEIHE B 43 i T3 925 ) 4 SR ek WUk 1 R A #5571 (Global Log-bilinaer Regression Model), B} GloVe #5554 2 45 1 A &
E FEA T 17 50 B B R 2R 3 b v A7 R S b R AT I 5, T 2 38 5 1A 5 4] 1 3 BUAE B (co-occurrence) FF R 2K
JCER MG HE BN ZRERAF 45 1, Glo Ve 2% 31 1) 2 1] ) 22 14 2 B0 AR 2 LUAEL, T AS A2 171 A B 1)t URBE 26 431 et S5
WITEGIB RN w=ice,wi=steam, I B FEABATS &I wy, Z 18] (1 3 UL 2 LUAE, B AT DABG R B AT] - [8) (1) 55
FAEX B AT Py My w; HIEE A w; 10 B SCHR ISR 3T wy=solid 3X— 5 w; RIEEERIH S w, R RE
ANIETIALFRATHHER Pu/Py MERATRER s RZXT wemgas X —5 w, RERE/IMEE w, SRR K 190, R ATHI
Pu/Py WER AT BE /N s X T wi=water/fashion 3X 5 5 3 HAH KRB G138, FATHAEE PPy IAE R AT ReHEIR
1.

(3)Fasttext 1 [ &

Fasttext 1 [l B PUA BT [ /& Fasttext PRI SCAR 43 5L 1 R 7= 9, 12408 (142 Y B /R Uk Word2Vec 1
GloVe B 20 517 PN 351 45 A4 N T T B0 (1) T 25 22 A AR R 2K 1) 1) i@, 1 3% 3 1 /£ Skip-gram B2 E A 7345
BESEIL T BR TR AS S R AE B A, R B AR e T AR I OOV 1 1A #3508 B — AN 1 B R A R R AR
(Bag-of-Character)n-gram B8 3@ 1k in A\ i 5755 <>k R 1A 2 ML 46,60 4024 n=3 B, 518 apple &4k
7N 3-grams: <ap, app, ppl, ple, le>Ul KX —ANFER I F 5l <apple>, i Pk n] LALEASE B 5 5] ) % 28 TRl RHAE,
A5 a1 VR R 1) 8% S5 A AT S 1] ) 2 P S B A R

BTN FU T b3 W — i ik N 5 ¥ ) RO B U X — 1) R, B R 2E R SR R G R 77 1 43 D P9 3BT (Intrinsic
Evaluation) 1 #h &l 17 (Extrinsic Bvaluation) P F, B 70 25 {1138 Ik 525615 31 (1) 45 18 0 5 A R, BN & 4 11 TR
A SCHRPO) B T NS AR SRR L ORI A T MRC AR, 1] 0O\ 7E oAt 3 o R A
71 32 43 518V A b A0 42 380 A 5 10 11 P, DR Lk 7 ) A TR g A 400 50 2 10 a5 308 38 368 03] R N ¥
AR Y H B — 5, ] DUE— B R B E AR TR 1 e
3.1.3 £ F 3k A\ (Contextualized Embedding)

B 7R RN CAAR T ST AR S DR IR B R AR ST B TR ST, K A B 1R 2R D A N ) 1 R B
W S5, BIRR A 411 1 ) TSR AR I — AR ZE R 8 TR SO B35 53 BT i (930 R R A L sh A g & ) 7 b b
T S BRLAR] PRRRAE AT $R R A B P 1 R H AT B AT A T T SR AR N RSB CoVe ELMo LA J BERT
SR SR

(1)CoVe I F X &



R HE A TAYZ W% 69 PSS TR R 4% K 9

EARAE IR RHR N J7 0 BRI R RO d 4 IR ) R DU RUOHE e S A LA R S B R AR N B 2 B R A
S5 A RIME RS (H McCann 25 APYVR IL—AN ] Bk 7 A5 2 45 %6 18 SORIAUE 1) SR 78 ) 2 2 ) w8 28 200 A
A0 XA B () T ) B R SCRE A B ORI ARAT A — A ) T g A B R dL =
FL B S b H A BLR] PR RAE BB 0, X RE T DLE— PR TR P e R b (R 4R Y T — Fh MT-LSTM A A iZ 4 Y
W12 81% (Machine Translation, MT) 7 X ) T~ [ 4 A 7 15 S AR IS FH T30 ) =, 9 ELKSASE B A0 HE B 9 | S0 )
5 (Context Vector,CoVe),El CoVe(w) = MT-LSTM(GloVe(w))./F # il it S5 38 B ¥ B F 3 ml & 517 [ PrHEs
2137 73] ) N RAE, B = [GloVe(w); CoVe(w) ], 1E AT (1) %y N\, AT DLk — 25 48 A 1 M 68,45 4n7E. SQuAD %X
e EERAMEH] Cove M BAH LR & T 0.5%-3.9%0) F1 4.

(2)ELMo L F3CiA &

Peters 25 N YUy —MFROIA RN BLZ AR Ay — R A W WE RS R AR IE . R AR
WIEAS B FE AN [F) BN SO AN (A 458 2 S B — 8] 22 SR X4 Bk b 2 A A 25 38 N Dy ) FRAE R 2 & 5 B Y
T N BCRAS, BUOABAT TR I s 2 B LSTM. 6 ) T4 2 b 7 SO ¢ 145 8, TG Z i) LSTM. M6 1) T4 412
TEEAR G (5 BRI, AR T CoVe £ A Peters 55 A K T #84 XU M) LSTM 15 5 #5 8 (biLM) K A BT 25 1 |
N (K 2a BTR), X AR KRR AR A A A R R A A AR AN N ) T BRI A I LS T R IR
MR JE RS B R 5 A il 5256 3% BIAE SQuAD i 4k LA 45 & 1 ELMo 1 GloVe i 7] & 45 F il 4E 5%
H SR 1) M BB L B ] GloVe i [ B2 T T 4.7%.

(3)BERT L F X[ &

£ ELMo FERI3R HUR A J&,Devlin 25 AUt KB 7 ELMo f77E RIBANEBTE 0 3 — & bilM AR IR 2 58
AR R, B ) M Z2 B AAAS B 22 (1) LSTM i #2948 2 R AT 1) s ZRAE GG S AU IR oE T
BRI T 58 A XU ) Bi-LSTM Sk i, R 22 2 B0 In, st = A AE TR B ] “ B B/ WL | 27 1 e R ad i
SL R[] Transformer 2244, 111 AR FH 3B VS 5 A0 DL 2 ZE 48 ) - T0U R A v b I R AR 35 4 1 T BRI AR
X ) BERT TN ZRE 2 (B 2b FraR), i Bk — 5 3 i i) S A5 R IR iZ AL BE 0, A8 20 ik T 2R 0 . B i) 2%
9 R0 T 0] 9% B R AIE. BERT T R AR F) it A AL 4% B B2 BE AR HEN T — AT OB B, 9% T BERT A% 2
DL R AR 340K 22 7E 3.5 /NI VEA A 48,

a. ELM ot 7 4t b.BERTH U 48 44

oo O -
S - % .

] o

Fig.2 Pre-training model architectures of ELMo and BERT
K2 ELMo Ml BERT ) Tyl ZRA% AL 48 4

3.1.4 }F{E#k A (Feature Embedding)

FEAE N AR B AR K R R AE ) 0 — B R R AR 2R R B 4E I N =, LR RO 1 A B AR AE
(Position)!"¥, FFMEEHE(POS). v 4% SEA IR B AE(NER) 5% 4 VC BR R AIE (em) LA J 5 vH Ak AR 1B 451 2% (N TF) 101145
& om i B O G A R RN B R SURN AR N B S AR AE, Bl W GloVe A )
& GloVe(w). BERT L F XXM & BERT, A K L4t m= f HrEME BN, WA RRA
W = [GloVe(w); BERT,; f;,, ] FFAE % N AR 4 1 AR B B 38 7E J5E 46 R 7 v (0 — e v 4] o o7 S50 5 AAF T DA SR 1] S8 A5
BTG PP (5 o5 S5 55 100 T AT 45 B2 14 Be 1 4R A 5 — AR BhPE .
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3.2 Y®HE = (Encoder Layer)

D E I H R 2 E R NI M= Tokens(i B —fric B A0l i — 2 5 & R H0s — B = S RN TE
HIHREAE 5 ST AS 2, ATLAS 1) 152 2R A% A 55 FH 17 P8 40 28 X 4% (Recurrent Neural Networks, RNNs) S AR i 75 F Bt
VR AT AR YR 1D, A — L AR A i 5 A 28 X 4% (Convolutional Neural Network, CNN)#EAT 435 4iE $2 B, 51 40
QANet! 2 T AR /N5 K 3t i T 204k 14 T 2K 5 B [ 9 o Ao 46 19X 4% #F. MIRC 40085 1) 17 FF -

3.2.1 JEI P2 25 (RNN/LSTM/GRU)

8 A Ao £ ) 28 O3 o £ ) 8% F6) — b, 3 52 T S Ak 3 ) A8 K BE ) 9 35008, AR ) T i 45 4 48 X 45, RNINs. 7] L
B PN R 12 58 Ak AT 3 I PR N 3 43X 95 8 B8 25 5y Adh BT 25 (53] 15 38 A 0090 41 v 199 ) RO BV T
B E A, AR R R O FIBL C /&2 — > Tokens 751l (RI 28 38 i TR il i N BB N SCHRAN R B R0
B D)X = Xq, Xy, ., X € RESEG ) RNN AR T BRORAE B, = fF(heo, X5 0) € RMATLLRIE Hx, [ 3L
=B, IMA R 2 Fios, i phh e RXE phx e R*4 pe RFE TR B2 S 4

h, = tanh(W""h,_, + W"™x, + b) (10)

T RAAE G5 RNN BT (1 1 R (9] 1 e RN HH 30 19056 82 3 5% 1) &), BFF 72 2 A 192 1 T 15 2 RNN [RAR 1A,
Hop L E 4 H W B2 R H K E 012 W 4% P(LSTM,Long  Short-Term Memory) F1 [T % 1 ¥ #. ¢
%)(GRU,Gated Recurrent Units).7E MRC L Z A NLP 45ig [t 0, LSTM £ B se vt A o2
' RNN AR TR A SC 1 B [ i LSTM ) A Ji 2.

LSTM A5 B3t 1o 535 45— I 220 1) 48 AR 25 SR Sl B 471 2 B 200 O B e R i N O RTINS Z I BN x, B — I
ZI I REARAS b,y A B — B 0 AR ES o, B0 R 2 AT IS ZI I BROIRAS hy A0 24 7 I 0 AR 4H RS o, 0 i B T 32
EHBEAI i~ BEIT B IT o A, — &% A X (3-8) 52 I 41 f k24 i 5 8, Ko
Wik, Wi, WPk, wah € RPR, WX, pIx, X, pox € R4, B, b 1P, b9 € RPATE B2 3] [ 240

i, =c(W"h,_ +W™x, +b") (11)
fi=aW"h,_ +WF"x, +b) (12)
0,=c(W"h,_,+W>x, +b°) (13)
g, = tanh(W ' h,_ + W¥x, + b*) (14)
¢ =f0¢,+i0g, (15)
h, =0, O tanh(c,) (16)

7E MRC 45,5 55 115 B X LSTM(BiLSTM)AE B %) 1)@ O R Bk &% C 14T 4wt an A K (17-18) 7w

h=f(h_.,x;0)t=1,..n (17)

h=f(h_,x;0)t=n,..,1 (18)

XFR BILSTM 43 Ay il 1] 4% # (M A2 24T ) A1 10 4% 38 (A AT 30 70 ), AR X m) A5 50 45 31 (1 BRobR s &5 R AT BF
P13 50 h, = [Ny hy) € R25XFh 375 J7 0T LA BOWKE b RS2 28 A5 15 8 BEAT G B0, M TIT B8 A e 420 ) 15 3 fgp A
B o i )2 5 IR 75 1%

3.2.2 BRI E M 4% (CNN)

EEAR RNN A 2 B35 1] 152 B A7 AT 55 +h 4 A0 2 5 R A 9 75425 48 Yu 25 N1HA R 46 A RNIN B  ] 8
BT C BEAT AL B 2 S BIORE B 91 R 41 282 (90 okt B AR A5 Al o G248 I AR A B T vk S T 50 R 3is 4%, m) B
TN T2t RGP B VEF 3T RNN R 5 ON T 38 i B bR 10 3 o 420 I 28 LOOT3 SO e 91 AT i 1
HRHT CNN AR 35 - R EUCAR Ja R A R D0 A, [ B SR 9 i AP PR Rk ONN A v 36 ) 7
A 14 R A BAS BT 0 25 34 LU0 R B TEAN R HER ZR NI 00, Yu 55 NSRBI R IR ) A%
JeRT R R E T 3 B 13 31707 (5 S AR 7, ONN BERLZE MRC AE 45 b 734 880 IR BE A 5% CNIN B f ST A



PR FE IR T Ab & W 2 69U iR IR AR R it 11

7B EAT G P B AR A 5T 07 T A SCAFE RUR, AT 2% SR [62][68].

BT _E e DAL ) G A R B U PR 9 3 R A T I R LRI Transformer ZE44 % 5 471 3E 47
i i R LAER A5 B AT o B DA R T A B BKOR FR AT AE 3.3 /N TR A R R BRI AR G AR Y 4R 4.

3.3 3ZH E(Interaction Layer)

A L2 AN 1 48 ) 5 3 AR B B (A 0 o, ) R AR R A B B VR S 1) ) 08 7 A8 L, A T SRR
B (1) Ry Hp 1) B A S5 T ) R (B V) R B B R R I BOIR S 1 — 2P il & A Wk gm b (1 B v 5 0] R 1.

3.3.1 VEE IHLH] (Attention Mechanism)

A8 HJ2 3 TR AR UL LE B ARE 5 AL B AU, AL B R Sutskever % ANIPIE 2014 4E R T
Sequence-to-Sequence 5% (Seq2Seq), bl 5 Luong 5 AVYAI Bahdanau 25 AU R FH 0L 4% B 6 4500 0 3K 15
WK B B Eh I 2 Ji5 1 3 JI LRI )32 B F 8%k NLP AT 45 7274 A0 HE ML 8% Bl 1352 22 A AT 55

Wil 3 Fros, 78 MRC AR5 — Al VR ML Sk & « Big M &7 115 2,8 3 2 DABIE- 10 /R
W) 3 B, B 3 A A R D SR R R i — A7 = B (B B A — SRR ) ) SO A
J7 i, BAR BT BLAy A AR =45

VE— ] v s i
B - B e R B e L > A

) | L
: ; >

| Softmax()Bk FUH — kAL 2 |

! = @ @D @
E i — 5400  Csucon)| - (e, 00
|E§Z‘7§C,,,|—§—F 4HL’ S i1(C; O1 i1(C; i1(C;

o, | .. | Hio | - | HQ,

Fig.3 Attention Mechanism in MRC tasks (C2Q)
K3 MRC 55 H = AL (C2Q)

(KBEE ¢ HIHE Cpj=1,.om R O HHIRE—AHE Q,...,0,....0, HEATHALEE T 543 2 BLE

Syt esSin Sy F RS B8 KT BAAT % B, %6 JF) O S50 dot, L2 P LY bilinear B &% % J2 801 HL MLP;

fdol(c/"Q{) = CjTQi
Sji = fbilmear(cp 0)= C/TWQ; (19)
fMLP(Cj,Qi) =yT tanh(WCCj + WQQl.)

@)1 il Softmax B HOMALEHEATIH— A TR F a1, .., s
exp(S,)

a;, =softmax(S ;) =—;
2 exp(S),)

(20)

V¥ VA — i (B AR L 8 O o B 837 O, HEAT IIBUR ARG BIFP 51 €., C ..., C,, BV TR - 1 B

VAR
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C, = Attention(C,,0) =" a,0, 1)

2 B VR R [ Ly 2 J e v S I L S A 2 ) i B AR A Y ik e 5 0 B B o 2 I B4R ) R BCEEIRES IX R
KR T a2 8 T B0 AR R ) HE A 26
3.3.2 HIER /1ML (Self-Attention Mechanism)

VER AN NLP USRS B R Th 5, Vaswani 25 A7V, BE SR 1 7 AL RE % L1 R 20 2% 57 3 A
FFA I BLECRAS, 2 R AT LUK — /NP A B O 5 B S AT R 775 20,30 22 20 5) T P9 38 I AR 00 R I 3R A
TN ER LM, DL Sk B A RNN BT 7 40 AT gm 5. T 24 Z 48 th T B ¥ & J7 L 1 (Self-Attention
Mechanism), 3% T £ 3 H % & S HU# (Multi-Head  Self-Attention)#2 i 7 Transformer #5574 28 ¥ 1% 28 #) F i &
JINLHIE BT RNN BB A8 BRI S ORI I Bgdh T RNN BB IR AT M 22 1) ik o 35 SF
B, Transformer #4265 5k MRC £ 45 5 2 384> NLP 458 (a3 AT AE 3.5 /AN P 4k 22108

B UK B ANLENEE T LSS PR AR S5 (2 Wang 28 AUSIE 2017 442 10 R-Net B2 /£ &N
BRI v (1 B3R 5 BRI 2 1) R A8 3 i VAR R AL 1) S 30 B UL R (Aligned), 2 11 3R A 3R B V& A IR 36 2 145 2 AE
FH BRI BB IS A R R N A K S, RORBE A j AN BRI EABRYE ChL....Ch. ., C

ERE,4H AES SRR R G T B A S MRERRN BN B ER C,...C,,..C,

m

S, = fiur(C,,C) =V tanh(W C, + WCC,) (22)
exp(S,
a;, =softmax(S,) = # (23)
2. exp(S,)
C/. = Attention(C,,C) = Z:n:lajzcl (24

)5 K R A R B R (A T HEAT BE 4 AR N BILSTM M N B bk 2 b, % B 3 & 7ML 3 F 1)
R BV B S I Tl A, AN AN AT DA AR R 2 5T B T ) R B VR PN R I Rl A R (R B 2 ) B T ) AN B TR 2
I (4922 A L0 AR SN i 3 ML 573 — AP A KR o 1 A2 (1 A AR 1 R AL B 7 A1 13 2 b )
BRI 2 [B] R O AR B
3.4 it = (Output Layer)

i 2 2 A SR SIS 00 T 5 A el AR B AR 5% ok SRR EE T B S 4

(U)EE i E AT 55, 40 48 [ 5 B AR ASE B 35 T AN — B 4R 1) — /N /4 Bt (Span or Sub-phrase)3R [F] 2% 3
] {0 IX — Bt o AAE BT i e R R 51 00T a3 7 R A% 25 5 S0 o 0 R s AR 4 oo B TR E 2R 40 A ok
R BT R 2% 51U AR sk b AR 75 B T A 2 (25-26) 48 BB I 1B R B He o e plend) 1L 58 I 2511
ZH:

exp(B"Q)

P(start) l —
O ew®ir™0)

(25)

exp(R Q)

T e 20) 0

P(L’Hd) (l) —

()R X 58 T I A AT 55 o 228 ) 5 B Ap A8 2R 55 S A 1A 8 SR U T 0 % — I, i) ) ) 2 sl 0 LA B AR
R E S 5 BT S B B X I R AR ML AR e R IR IR S v e A S M SR T Y AR L



R HE A TAYZ W% 69 PSS TR R 4% K 13

RQI20) TR Sk e e B o) 7 B 5 L AT (S I
 exp(PIO)

4TS exp(BHO) @7

u=> ap (28)

eXp(W(an:wcr )u)
a

29
exp( VV&(an.\'wer)u) (29)

P(Y=a|p,q)=Z

aeA

(3) T 25 903 55, W02 1 I ARERTR0 3 BN e 3 0 TF 0 25 5, IR B MR 6T DL BLSTM
H 0 — A RIAT RIS 0,255 u BEATARDUIEAT H Tt IE 0 25 2R, 10 24 0(27-28,30) T %, He b W
Wanswer g 35 B i B4

exp(a.W(answer)u)
i

30
. exp(atW(answer)u) ( )

P(Y=i|p,q)=Z

(4)%5T e A2 B AT %, T % 22 (1T 2002 B B (%) (Free-Form), i RE7E B V4 Hh A 4R 31 11 v] B JC 12k B B4k 31T 75
ORI A R, DR TR P B A 52 [ 2 T 3K, T A N A L 57 B )M (45 il B R TR, the A T i
BER A B H R A RERBLT Seq2Seq).

(S)ET XS = TSN 2 BRAHERE A 55, th T AR HERLE AR 5 Pl BCGCAS ), 2 X2 A 5 i B A 55 A [ A
BRI 2T <R/ A ALK “ B85 BN SCRHES 7 PR,

(6)BH X I IO [ 152 AR, 1h A5 7R 7 50 7 BRI 45 3 W A 0 Wikipedia A8 2 2 SR QSO (5%
ZANBUE) B B SR 4 A RN,

f(a|q) =retrieve(d,,d,,....d, | q) + read(a,,a,,...,a, | q) + rank (31)

3.5 BERTHUIIZREE

ERTARH BERT A2 H, 5 L&A 58 25 RS A0 F v o 2 1) U A8 B SRR TH 5 41 AT 55 (1 1 g 9
ELMo Al GPT £ %) {H i+ ELMo /398 K Al LSTM 1 A4 i 2% (B 2.a), 5 5500 48 11 2538 55018, 0 2 75 2
B B R AR LR R ZRBE AL I T GPT B AL AR 7 0T LLIFAT AL B 7 819 Transformer 2244, K K& T T I
SRR A T O B g A 5, S 8O 5 R AR A Token HUBEMEIE [ VE & S HLEIEE RIS AT Token. [H]
U, Devlin 25 NP To6 bR YA 45 45 (1) BERT I 2545 Y 4 25 5 P30 i 1 5 455 78 (Masked LM (107 92
K e se XA AL HLFIR S “ACF A T 1R &, R R SR H % 224) F 71 (Next Sentence Prediction)ff)
7 VR AS TR 3 FH 3 B A B 1 4 A R B ) )3 7 T BT AR A6 79 BERT Tl 25458 B R % 78 3 ) FH 42 48
R POV R A SR LBOL AT KRR 3 2 /B 5 AL 2% ) 5 B AR AE PN P 11 0T A 55 B R R SR AR /N TR V4T 1)
& BERT Fill A4 fT F 21 ) = B AR I 2 oA 35
3.5.1 Transformer Z&#

Transformer Z2#7Vdy 6 AN A A () 4 0 - 72 A0 A B AL i, FE R B A i TG BEBRALHE T A R R AR B
(Self-Attention) I B [ 1 22 [ 45 1 He (Feed Forward Neural Network), &M RIS He (35 7 H & i . win-
RS B IR (Encoder-Decoder Attention)F Al 1) #4128 W 48 AR iy v By = IR HCR T 2 Sk = L)
(Multi-headed Attention), B SR h AN B B VE B 3T 4 8, 2 4T Bl 3 48 78 2 FH (Scaled Dot-Product)
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RUFHEBIME, AKX (32-33) 5 W 4 Fros, ot d 8 K e

T

Attention(Q,K,V) = softmax(QK

N

MultiHead(Q, K ,V') = Concat(head,,...,head, )¥°

W (32)

(33)
A head, = Attention(QW2, KW Y w/")

I
Scaled Dot-Product h
Attention

] LN | I— 11
| Linear I.JI Linear l.}l Linearll
\ K Q

Fig.4 Multi-headed Attention and Scaled Dot-Product Attention
Bl a4 2 0 LA 4o AR =

Transformer 42K 55t 5L T A VR P 51 3 38 0 e ML 2 0 3% 1) R8T 15 1+ O 42 440,76 Transformer 42442
T NLP 453 2 505 T 28 X0 2% 1) 7 V25 2 Al T~ RININ B AR 4 8 41) 7 E4T 5 41 4 0, )R 488 RNIN 485 K4 7E 7 31
FAE 7 TH A 3RO (E G ) A 4 PR ) T R F 1 0 B T Transformer 2293 3E 7 RNN 45040, 5% 1 T
LV = IR N gD AR e X AN AR A AR R gy SR T AN 3 (1) T Transformer 444 AN 75 2405 24 A0 BE . 35]
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Fig.6 The recent development of datasets and models in neural reading comprehension
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Table 2 Comparison of some properties of main MRC datasets
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Fig.7 The distribution of question types in ARC challenge set
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Fig.8 Schematic diagram of multiple-round conversation
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Table 3 Comparison of neural reading comprehension models
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Table 4 The effect of word representations on model performance (portion)
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Fig.9 Bi-attention mechanism in BiDAF model
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Fig.10 Self-attention mechanism in R-Net model
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Table 5 The innovation and performance of models
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5 RESMRRE

B8 FE) 52 H A A TH SN B 2R 15 5 A0 AT 0 A% 00 X 1 A, LA e L B I 30 B SORT R R
FH T 7 R 8 T4 20 IO 8% PR L 28 ] s R AR A 00 T O e T, N AT THE ) 3 % o 45 A 1) KORIASE MIRC 503 2R 11
[Fi) BT 4 i B ey P 220 5] 15 R A0 A 2Rtk g S BT 2 799 0 R A A At [ HE 3 5 MIRC SR ) K e, S8 T A L 285 2
BRI R B S B AR K B B A IR B R B B T AR SCFESE 2 B VEAHE S T HLA8 D L B AR 10 e i FE AN
FE% 5 XTESE 3 TGN 28 1+ 42 ) 15 PR fide A5 Y HE 28 DA K f T 1 BERT Tl Il R Y E 55 4 & 0944 1 I 4ok 1%
AT 2 A E A DA R 4 T i B AR AR B IR VR A 0 BT T B R S O R R SR U, H BT AL AR B 3 R ARAT 55
Th b FHF R R B B, 45 77 TH B AFAEVF 22 1) 5 Bk g, v -

(DR Eh = R 2 R K HE T e

B0 B0 £ A AE 1 i) AT SRV 15 30 B0 O M AR ke, RIS BE B R T B B IE A R W R A
X7 SQuADI.1 a4, BARILA B T A 3R1E 1 N 8K I 1 e, (R AT 4 A 7t K X Se A 7Y 475 4R 2 J0 1R
AR R, LE B B TRV BE A “B defeated A” /2 “B won” IR HI K “ORE” St & B S
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251129 33 2% WA AT AR AL (AR B T B 5 3 T AR 2% (1 3R J2 R U S, o - B VA 5 ) R 2 T P A 2 R R TR SR A B
GEVAKIKE IS T 5N

QBB B e 5 iz RE SR 22

Jia & NSO It Bt 1k S 6 2 B, 0 SR FRAT T A BL 95 SR N N — 2898 5 A1) T (Distracting  Sentence),iX 6 6) 1
5 i) f 4G — 1 BT B B (H A S I 2 S 1) I A P I B X T AR Y M R 2R T BT — 2, X e ) T
ANFE GBI B R B B R ) P R g — 20 T X U B LA B Y B K 2, — BN A A M L
Aemh 2= BRI T BE, 3 BUC V20 2 A5 T 30 28 38 S B o7 FH HP B b 2 A0, AT SRk 2 48 I i AR B 8L ) F A AR
) S A SRR AN R 3 7 92 (R 00 4R, L MR B 2 U R B, X R LA BBz AL RE ST K 2.

(BN T AR Y e it & A T EE T R B

T 3 X e 2 ] 1S R ARASE B () VA N o0 BT FRATT I, D T B A R B R 1) R ) AR DL BE AT AT TR Y TR
SRR AT 2% (03 B ML KR RO S AT DAYE — e FEPE B4R w1k BB H Devlin 25 ANUHI RIS TE I 8 SUAE
REZE LTI S5 — A S0 187 B PR U8 P AT 5 AR B (BERT), B8 A 75 206 B 9 1 0] R AT AT AR Rl & 452 48, th mT DUd i
SO (fine-tuned) 3k 15 65 47 1O PE B AR T I8 2 BT &8 BB 2511 Leaderboard(SQuAD. ARC. CoQA PL K&
HotpotQA) G H AT A, B A8 3 T BERT e & 15 10 B8 70 8% B 10k B R4 = (0 HE 4 (R X AR B B R RR T
FCSC R 210 0 e 2, BRAE T Bt S 08 N % 025 3 BERT Ji5 PR BB 2 JCme B R Bl 7181 908 4 3R0ATT 90 35 1% fn 4] P 47
P 2 (26 &, 7E R 47 BERT (1) [R) B B 28 o) A0 4k X 26 S ), AT 8E— B4R TH 34+ BERT (AT i 14 g,
ASRAUAE BERT 24 B4 e A5 20 1 BB D iE— D792 7 SR FE SR SRATH AR & — N .

()IE B AT fRRE 1K 22

A BB 0oF f I B 2 0 Tl 5 9 A 2 448 78 2 P B A 4t R IE T i 8] i A9 448 O 46 (1) R S AR Y
(58] 15 PR fiAR R AR v TS SR AEAE 3K 2 B ARG 2R S R 38 %o JH A {3 AR 2 B, AT HE DAZE B N B 2 . VR R IR A
AT S bR B R

[A] it 4 >R B i 5 AR T BAAC BATR JUAS 75 T J FF

(DR T AN B ARE S S B HoE 4

P 100 35 14T 0 AR B RT DA S A 10 B A PN 2, T A ) TR TE M AT B v ) T 4 A B B 1 1A
A IR BSOS R 38 0 4 2 e B R Re AR U AR E AT A NSRRI STt kA RAE I B b 2 ARkt
2K R (5] 1 NarrativeQAPHHI DuReader!®®), (5 H AT Gl = 2 56 WL 2 3l 52 68 /7 1) 0] 550, BB 10T 98 3411 T AR ) 2 00
SR NN B 2 4o G 0] 461 40 3 U 2.

(2) M 3 B B2 55 1 R ) A 2R

A BRI BERE 5T AL T 0 AT 2 e A R AE R N AR b I M e ) R T BRI I SR X s R B —
A AN T B AU GPU 8¢ TPU SR SR e & 2 A 28 DURALE PR A8 A 5 19 R %, (E 5 br 1
I AR IE B THARCR . EAR CL AT 385 W M HR Il 533 (0 £ P % R Rk M A AL Bl 41 FastQA'Y, QANet!?),
{HEET RNNs 22K 582 B A 40 245 X 48 A5 TR 1) = 30 07 35 AR SR BRATT AT DUTE #4 Sl A5 20 B B i 25 pE I il
BB 025 FE A B LSTM & 4 Transformer B CNN 2R, 1% A 7T DL3E &1 I 250k B, 70V FR AT AL A/ [R] B (8]
IR B 2 H0a 41, 1 T 4R P RSB K mT 9 e k.

G)TE IR RN Bt S 491 DL B 2 1) 8 e 5 V2 AL e

SRR FE A FRATT 75 5 B8 G0 ] 75 IR0 R AN S 0 S0 DA v 155 Y 1) B s e, A TR A A 2 7 B A e
IS WA IREE— 2 M PERE;  LEAh, W L 2% ) (Transfer Learning) 1 24T 45 % > (Multi-task Learning)
I FH 1A 22 RR) 4 A5 AR v A e P MR R 1 e M RE AR A2 R R B 5 U 1.

(4)F2 = A2 1) mT AR

R T AT AT DL A4 2l B4 SR B 0N SZ RFUE B LR AR B TR A — R T B SR R AH OGRSk, 2R TE
R AT 0 N J5 38 AR AR B (Rationales Generating), LE A5 8 75 FUIN 2 28 2 WU S 25 B 6 2 1) B bl , 1 2 R ok
HIBIE 5T 77 ).
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