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Btk fi# )1 (Machine Reading Comprehension, MRC) 1%, Bz &2 7 ¥ 2
MR B U7 BRS B SIIZ B 28k 2 A7 TH D, G2oNd
A (I TFADN) L2 NICEET 2B/ X6 RIEZEL . 2 OGRS
e 70 % S 5 3FIRNT 2D Z & % Answer Sentence Selection (ASS)
IS ASS Y AT AQEEREZH ESELFIEDO-DTHY, ASS ITTE
REINZXEFVATLOERPREDERNEEZER LI LNTE S, ASS TIN5
VAT LOHIWIRILE, I ADFINBVERI AT LIREEZEZDIFIZE THE
BRERD—DTHSD. ULLULENS, ASS 23T A2 XA 7T —X &y b3
FEAERNWZ P, INE TORMKHMEOMETIXEEREDANEE L EX 5
NTW=Zeho ASS BRI NTE/., 22T, F41XED MRC OF—4&
y MW U THREMORFIZBE R 2T /) T—Yar$56Z 8T, ASS IZHY
MHO7=DDT =2y bEERL, EDXDREET - HWH ASS IZHE,ZFAN
5. FEROMER, ASS XML X A2 Tldd 55 MRC 125\ T EELRMMILT
HBZLNbroT-.

F—7—NK
MR, Answer Sentence Selection, MR #L

AR RSB AR KRR R AR A B R,
201943 A5 H.



Reconsideration of Answer Sentence Selection

in Machine Reading”

Toshiki Sasaki

Abstract

Machine reading is a challenging task in the field of natural language process-
ing aimed at understanding texts by machines, and leads answers from given
explanatory texts (context) and related question sentences. The process of se-
lecting sentences necessary for this reasoning from explanation is called Answer
Sentence Selection (ASS). ASS is one of methods to improve the accuracy of
response of the system, and the sentence selected by ASS can be thought of
as the factor of decision making of the system. The judgment rationale of the
system indicated by ASS is one of very important information when thinking
about a medical system etc. which mistake is not allowed. However, ASS has
been neglected because there are almost no tasks and data sets to evaluate ASS
and only answer accuracy is considered important in research on machine read-
ing. Therefore, we created a data set that required ASS that annotated the
sentences necessary for answering each question to the existing machine read-
ing comprehension data set, and examined what kind of ability / information
is necessary for ASS . As a result of the experiment, ASS is a challenging task,

but it turned out to be an important process in MRC.
Keywords:

Machine Reading, Answer Sentence Selection, evidence of judgement

*Master’s Thesis, Department of Information Science, Graduate School of Information Science,
Nara Institute of Science and Technology, March 5, 2019.
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B1E FFim
1.1 &8

VATLIZANMEAEOSEEMNE S 252 21X, HASENE Y A TAIRE
BT SHLNRHRETH 5. B OF# S (Machine Reading Comprehension,
MRC) 7 A b XEMGE (Question Answering, QA) & Z DMEICEH L= £ &
RARATTHY, ESRAELFEEEZZ T TS, #HlzE, MRC O KB LT — &
¥y b TH5 SQuAD 1.1 [1] TRAMBDNT 4 =<V AZRBA TV AT LHHREE
INTVWS. BIED MRC OREAD—DIZ, ¥ AT ADEIE %2 B 72 B R %
RUTWRWIZ EREFOENE., YATLANTFAMNEZHBELTCWE02HET 5
DI AT LADRIEICE ST BFNZRTBENRH L. ULPULRPSBEAEDE L
DY AT LIE, BEIFICBERERIPEREINEZTFA NS Z2BBLTCHET S 4
ED XS IR Z 7795 DIE7ZR0.

MRC (251 BIMPUDFERITEH UKD — DI, HFmFIIHELREIXEE
AN (YT FAN) PEBOXDEM D 5 #ERI % Answer Sentence
Selection (ASS) &\\5 X A7 BMREINTWS [2,3]. ASS I& MRC ¥ QA D[
EHEE R EXE 572012, BIEZ 1 DIGERT 2 B0 e LT LUIXUIE
uonTtnsg., ASS ICTERINAZLEFVATLOEBREDERNLEZSZ
EMTE, ASS TRINBBIIL I ADFHFINBRVWELRS AT L7 ¥ %2E X DRI
e TCHEHEERERD DO ThdLEZXONS. L1rLAHMS ASS ZiHiid 5 X
ATRTF =Ry NHPDRNWZ X, TNE TOFHMEEDOHIZE TIXEERE DA
MEEHI N ASS IFRHINTE 7.

Z T, AIETIREEFED MRC F—Xt vy Mzt LT, BERIZEE T 5772012
MWEERBEXET ) T—2avsbILTASS Z2RAE ULEH-RT—2%y
FEER LU, 20 ASS ZAZEBIZICI ML Z 2k b, BWwWASS v A7
LDRAFITIZED XS EES] - [HWMABETH 5 %HEL, MRC 12815 ASS
DEZEEZ RS 5.



1.2 ANEWXDIEK

AMXDOERIILAT DAY TH L. FH2HTX, HfMlHEEZDOTF—XEy D
SHC B BEEMEICOWTHR T 5. B3 =T, BEFEODVTHHL, K
i THUD T ASS X AZIZDWTEIRT 5. B4 ®TIE, ASS X A2 TDOHEER
WZDOWTEMRIIZER T 5. 5 ETI, F4EZTOERTHESNZERLEZFERIC
DWCRRT 5. 6 HETIE, AFETHLMERZOVWTHET 5.



B2E BEEMR

AREE TR A2 B3 5 BEAAIZEIZ DWW TR R 5.

2.1 MWD

Btk ifiE 71 (Machine Reading Comprehension, MRC) @ i%, #h > 7
FAMEFENDFPLE ZNICEEST 2EMX» S, TOEMOEAZEL X
AZDIETHY, BHEPTFA D2 EOREHMBELTWE2Z2HET 272012
REI N, BWER Y 2T LOWEIZIZ NN —Y v F (Parsing) ¥ 5 (Co-
Refernece), ##i (Reasoning), —#&&# (Common Knowledge) &\ o 72#5H D
HASHEOWICRENZBREL T5720, FEIZHLWI AT Lo T 0D, B
BENDT =&y MY TFAMOMEERRE LN, T—&2y FOERSGIE
RETHRESTBY, SHEKLET — Xty PWMEET 5. REINTNWET—X
Yy FPEEEARCELORELATDE, ANV TXFAMNOHEFELZIZ T
V—Xzditd s Z e cEMICEZE T 2t MEs, HBMxeicGExons#E
BOEIEEM D O W% 28I 2B FUARED 2 2355, INETITRES L
7z MRC =&ty hDODW D% K 2.1 IZRT.

#2.1: MRC —&+ v b DOHi

F=dtvr TrUi 7oyevh EEAR REaxy b ERE
e %

SQuAD 1.1  Wikipedia 759 RV —2R BEED ANV 536 100k

NewsQA Za—Z@EH IITURY-—X WEED 2% 10k 100k

RACE — R BHGEIR 28k 97k

MCTest YizE 25 RT—h—  EEERE 660 2640

2.1 121k MRC MIED —H#lZ2RLTW5. 2.1(a) ZBRFEAMETH 2
MCTest ORIEDFI%, 2.1(b) (& XEETH 5 SQuUAD DRTEDHIZ R L T
W5, EBEOELWEZZ2KTE, 2.1(a) TIEI 51T, BIECEMET S F72130n%E
ERBLEEZONDINEEFXFTRUTWS. B "what does molly’s cat play



with?" 120 51 L WE XL "kitty plays with yarn." DXIPS0H580 "yarn
(R)"'TH5B. TOXSIZ, EREIZEIET 5OICEME a7 F A b OBEGRME
ZUHMEIZT 522 H MRC M%< ETEHELZEEXOSNTWS. SEOHIT
&, "kitty plays with yarn." DX RBFEIFEICBERLZEEZONDN, TD—
X TIERIET S Z L IEAARETH S, EERITIE kitty DY molly D> TV 2
DHFTTH DI LR, XHD her ¥ molly 2R L TWAZ EEFEUARITNILIE
LWEIZEFR o NR\W. T0bb5RIOHITIX, "molly likes animals.”, "her cat’s
name is kitty. ", "kitty plays with yarn." ® 3 DD X D AIENEIT B L EZ 5
ho., TNETO MRC HETIRRIZEREDANEEMRINTED, DL i
OMFEXR Y AT L DOHWRIITBEGH I N2 EHAD D -7, £z, ERMIZV AT
L DH MR Z 73471 5 K ORI U 7228 134 2.

Paragraph: Molly likes animals. She has a cat. She
has a dog. She has a bird. She has a hamster. She
has a bunny. Her cat's name is kitty. Her dog's
name is Spike. Her bird's name is Polly. Her
hamster's name is Barry. Her bunny's name is
Snowball. Kitty plays with yarn. Spike plays with a
ball. Polly plays in her cage. Barry runs on his
wheel. Snowball eats carrots.

Question: What does molly's cat play with?
Candidates: 'yarn', 'cage', 'wheel', 'ball'
Plausible Answer: yarn

Paragraph: The English name "Normans" comes
from the French words Normans/Normanz, plural
of Normant, modern French normand, which is
itself borrowed from Old Low Franconian
Nortmann "Northman" or directly from Old Norse
Nordmaor, Latinized variously as Nortmannus,
Normannus, or Nordmannus (recorded in
Medieval Latin, 9th century) to mean

"Norseman, Viking".

Question: When was the Latin version of the
word Norman first recorded?
Plausible Answer: 9t/ century

(a) MCTest OREDH

(b) SQUAD DRI

2.1: MRC FEDH

2.2 Answer Sentence Selection

VATANED LS ITEEER RN E2EZLXA7D—D2L LT, 526N
ERANEETE-OICBEL LRI IV TFARNPRTFa Ay Mo ERL,
BE S BIEIC T > 7 61T 9 2 &SGR (Answer Sentence Selection, ASS) &\»
D RATIPREINT WS, Wang & Text REtrieval Conference (TREC) QA
track (8-13) DT =Xty v hH ASS DT —Xt vy b EEHR L7 [2]. QASent &
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IEENDZDT =Xty ME ASS DRV Fv—2 L LTHEbLNTWEH, Tad
TLZE o THETERI NZMENE <, AFICLOBEESNZEDE W QA X
T OBIFIEH DRV WS RED DB, F72, Yang 5ix WikiQA ¥\ 5 Bing
MBELYIvOa—HFar»oERUEM» SIS QASent KD &V
ADKEW ASS F—Z v FEMEKLE [4]. ZHETD ASS D% IFZ DA
MENE S PEFEHT 26D TIERL, ZTOXEEM L BEREIRVIESTIZT v
IRITTEEDTHS. LrLANS, VAT LADMEIERCHmEITD -DIZEET
HEDIE, XETVIMNITTEILTIEBRLS ZDXHEEFIZHETH 50 % BHEIC
THIETHS. TITARIMXTIE, BERIZEIETLOIIBELXTHEINE D
D BRI T 2B ENRH LR A2 L LT ASS IZHUY M T,

2.3 FT—4%tv MO L 2

MRC MEIZ Y AT AR EDHRETFF AN EZHMBTETWEIE2HET 570D
RATTHDBHN, TOFMHMBIEL < FFHLNTWBIEEM»ES. HlZ1X, MRC
T—=R%Yy hOD—D2TH3 SQuAD [1] Tix, AHIDRT7 4 -V AZBRZV A
FLADPREINTVS., LALAENS, YATFLADORKKESAMIZES>TWE L
LTHABICES T F A MEIREEN 2V AT AR > TWVWB EIEEZ TSV, FD
E5BEENS, MRC 7— Xty MINT 25HIiX° 54 & 17 - 7252050 < D
H5. EEOFEBD MRC 77—ty b2, THECLEREN] & HAPT
X D2ODEEEEAVTIAML, MRC T—Xt v NDiAP T S X[EZEOH L
SIZEEHZIE < SQUAD D LS AFHEAIZS WT =Xy N THRIFIXES T
HBZrERLTWS [5. %72, Kaushik 513\W< 250 MRC F—X £ v b
HLUT, BEOAELLIEAVTFFANDAZ VAT LDFEHIZHAWZL LTHE
WHZERERE NS Z %2R, BEFO MRC T—Xt v bOFEEZHS 2T
52 L TEHBDT—X Ly MOERIZB I 2EREZM LT [6]. R TlE ASS @
L X LEMANRET B0 BELRBEEIZED & 5 BRI H % 0% IHHE
iZLU, MRC 2815 ASS OEEM2KREET 5.



2.4 OAvEa1—49EY 3 VHETOD Attention DFEHT

IvEa—ReYa o cE AP AFCEHEIZT /) T—Ya vk
Attentiion ZH\WT, EFIVEFM - 2T AR RINT WS, HIZIE, Liu
S F ¥ 7> 3 > (Image Captioning) AEKD X A 7125 \WT, Attention A°
ELULS Do TWE % ERNIZEHME T 5 72D I Z RIS U TAFIZ & D 5L
IRIEMRE 725 Attention ZEID YT, L LZETILD Attention &KL, X5
ZRIEREE BT B 2N (7). RO, EL < Attention A3EI D 24T
SN E, £ TRVWERIZHRTE Yy 7Y a VERDOKENEL 25 2 L &R
U7z. %72 Das SidE&Z HW-EMIEE (Visual Question Answering, VQA)
DRAAZIZBEWT, VQA I281)% State-of-the-art DE TV D Attention H3 A
WHOPUDAFTT /) T— 3 » U7 Attention & [FH U K D IZHERIZHD > T W
ZOMEFNR, NHEIEER 57 Attention #BELTVWSZ L &R~ 8. &
XTI, AT FAMFOEBFIZHREL LB XADATT % Attention LH X 5
ek, EFAVBAFTT / T—Ya v U7X ERAU &S 7% Attentilon % %
BTETWEIDN%2MERT 5.



BIE RRFE

INETO MRC 7 A MTREIBEHEEDANEERINTES 20, ERS AT A
DEIBRIADHFINRVWY AT LORAFKEE X D5EI1TY AT L OHIWARILZ R
T EFIHEICHETH .

ZZT, TR BFEFICBELE I TFA NN SERT S ASS ITHY T
7212, BEFD MRC 7—& %ty b MCTest (2} U CHEIZHRERLET ) T—
YaveAIeTHELRT -2ty bEEKLUZ. K 3.1 1% ASS Of# 25 % /R
L TW54. Original T/RUTWAE 3 IE MCTest (2647 /7 —Y 3 »yINTWV
LEwRTH Y, HX, BHDXA 7, REEH1EDH L. BRiOoXx1 7L, 2D
BRNZE T 27208 D % pE LT 554 1% Multiple, —DDXH 5 [BIEAYA]
E7285 4104 Single 287 / F—Y a vy E¥NTW5S. ¥ 3.1 @ Questionl & Multiple
DR, Question2 & Single DfEZ/RL TW5. ASS T ML 7D, 4 A
BIMTT /57—y a2y U72EHS Annotated I[ZE0dR X T W5 ASS-Answer T
HB. T, Question-Type DX VFFELWEHE LT, HEXIIHET 5729
WX EDXRRBELRE0ERTEDTHS. HlZIE, Questionl: "what was
the heardest thing for tom to fix?" (Zx3 % Original DA% X window TH 5
7%, ASS DOEIZE window %K B 72 DIZMBERIDA VT v I ATH Y FRIT
Tmand 10,5,6] ORFIEZ45. FERIZ, Question2: "who was tom’s best
friend?" @ ASS DEIZFIEFXFTRT L IT jim A best friend TH D Z & &R
LTWAXDA YTy ALY T4] L7325, X0 BAEKMIZIE, avTFF AR5
XTHEREIN 0 FH & 1 FHOXPRELRZGEIE, [1,1,0,0.,00 D&S I
EZIBBELERDZXDA YTy 7 AN 1, TN 0 THRE NS RFIDMEIE &
%, YATLADTHUIRHEIELUWEE DRI OE D54 —E (Exact Match,
EM) 227 & Fl (micro) A2 7 2HAWTY AT L%2FHA$T 5. AFTZ D ASS
DT =Xy FDEFIZDOWTEIRT 5.



Passage:

0. Tom had to fix some thing around the house.

1. He had to fix the door.

2. He had to fix the window.

3. But before he did anything he had to fix the toilet.

4. Tom called over his best friend Jim to help him.

5. Fixing the toilet was easy.

6. Fixing the door was also easy but fixing the window was very hard.

- Original - - Original -
Questionl: Question2:
What was the hardest thing for Who was Tom's best friend?
Tom to fix?

Question-Type: Question-Type:
Multiple Single
Candidates: Candidates:

1. door 1. Molly

2. house 2. Holly

3. window* 3. Jim*

4. toilet 4. Dolly

- Annotated - - Annotated -
ASS-Answer: ASS-Answer:
0,5,6 4

3.1: ASS oHi

3.1 T—4%+tvhk

MRC XA DT =2ty MIRKEL< pF 5Lt #ERFE D 2 T
FAET S, fHAMEREZOAAA V23V TFFA Mo TIMETH Y,
SQuAD [1] * WikiQA [4], TriviaQA [9] 72 E W& N T 5. £7z, ZEHURAR
B RE AV EREGZon, TORPSELWEAZERTLMETH D,
MCTest [10] ¥ RACE [11] 2 W H 5. ARig X TIFARKRM 2 Z IR AMED —
D TH S MCTest IZHUD #lEr. MCTest I3/NFEZEFH L UTCHELZWEEL S
BlREhET—X2y hThHb. TOLDMEHINDBEENIEEICHETH S L



WO AR S T WS, EWEEIZN LT 4 DOERMAH D, KERIZLT 4>
D EmMASR G Z 55, MCTest [ EWIFEDOHDEWIZ L H MC160 & MC500
D 2 FEDLH D, MCL60 X7 — & /BHKT — R /TA T —ROERETNTH
280/120/240, MC500 & 1200/200/600 & HE XT3, F7 MC160 X AF
W& D RIEDKREED I NT WA 728, FEOBERME R EE AR Al 2fEND i nwe
WKL H . MC160 D3> T F A N, BEUM, RIEZOFHHEEBIIENTH
204, 8.0, 3.4, MC500 TlxZznhZzi 212, 77,34 TH%. MCTest (7 —XH% A1
ZIWINENWE WS REDVDHBHEDD, Hiim %M\%k@‘éf"ﬁ DRI E N Z & DR
INTHD, SHDOFELD ASS DEBRIZEL TWBE EEZ 5N 7-0, MC160 %
T/ Ty aveEEMTANRITERUEREZIT- 72,

3.2 7/ r—av

RIZT 7= a YORBZOWTHT 2. £FIELOIC, HEZELS LDIT
BRI DEHKZ WM 5.
M %2 E < 72D IT B X %

(1) MEZEL 2DIIBETHDLEALNDILTHD,
(2) BMTRbON TS EEMIZE>TED,
(3) 5ALNZEBOEEBMHO TN SELWVEE 1 DIZRET LI LN TES

EWVWIEMAEELTVWEAYTHRFAMNADLIZEIXDEETH L LEHRT 5.
il LT, K 3.1 ® Questionl: "what was the hardest thing for tom to fix?"
X UTHBICBEERDZXET /) T—2ave 5648525, ZOBMIEE
T B7=DIZBELRE, MFTORIFTRENS 0,5,6 FHOXTHS. £31F
Uiz, 0 FHDOXE fix T2 F5EA tom 2L TH O ER O EEEZHEICT 57
DIZMBEIR (2) THAH. X 51T house 1 fix THANRTRWI LZRLTED,
ZHIFEZ5NBEHORIEGFEMOF NS ELWEIZE 1 DICRET 57201 n 8k
X (3) ThdeFEAONS. £/ 5,6 BHOXLFAMKIZEEZ —DITKLS DI
MBELRBE (3) THD. 6 FHDXTIE window % fix 95 Z &7 very hard &
FEEINTWVWSA, HETHbHLNTWS & 52 hardest TH DL D NI DT



3 3.1: MCTest DERM X 1 7 OHfiEHE.

Al BE¥E TAL
FY)IFIL
Single 132 53 112
Multiple 148 67 128
7/ T—vavik
Single 86 32 66
Multiple 194 88 174 (2)*

TIFHE B TERW., £ Z THOERTH 5 toilet & door A window £ 0 fix 3
52 M easy ThHhDHILZEZRLTWVWDS 5 6 BHOXARBREL RS, 7/ 7—V3
VIE MCTest IZBEIZTY /T —Ya v INTWAHHER X 1 7 (Single, Multiple) %

SHEIZ LU TITo 7.

FVYVFILD MCTest ODF —Xty heFHzlzy /) F—vavylkEr—&twy
NOBMZA TOMEIEHREE 3.1 1ITRT. KYPRTHEY, T/ T7—a vzt
o T AER, I - B - TANT—ZDETITBWTER X 1 72 Multiple @

FIEDEA A ) D F IV TOREOBE D LML 7=

ZhlE, BEAA TIizwd 5

T T—=2avitBERENH DI ENFZ N, RHICHSRBFEINL 5727
DITARIE Multiple 123549 5 &MY Single 12

NRbhiroiz.

RMMNOBFR I VT A M2 EE T 5MEOHE R,

10
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B4E R

AET, ERLEZT—2%y F2HWTIT>72 ASS DERIZOWTHRRS,
KELNDTT 2 ODEREIT o7, 1 DDIFHAAED MRC ¥ AF AN EDFRE
ASS ZAVIZHIGTE D DN EMERT 572012, W DDPDR—=ZAFA VEFIT
BeMANFTT /) T—>a v UTHER L ASS DF—&+ty &2 HWT ASS 2
WO MEERET R -7z, 72, MCTest DF — Xt v MDD E WS RAEIC
W 5728, T— XIERMIKRZEHAL T OB EZHERLZ. 2 DHIE ASS OH
T2 RGNS 572012, [EEICHETH S5 XDA%EHWTZEEIERE AR ED M
BREEZED LD ITHELD L0 HERT LR ET -7,

4.1 RINIE

FERIZDOWTHHAT BT — Xy MW T 2EILEIZDOWTHRRS. £91%
Uiz, Stanford Core NLP [12] ZfiFHL T, IV TF A M ZHFES LU HE
U, BEMX e BIE Gz BEERALIZ AR U7z, £72, HEEORILENITHIET 57
Iz, BFERAIZEIL 2O T F A b - BRI - FZEEMAIZH U T python
EHWTETOHRGEZ/NCFALL 7.

4.2 Answer Sentence Selection

BalE 3 ODOR—ZATA VET N EHWTERZITo7-. —DHIFHEBOXRE
DA% W7z Text-Matching €5V, —DOHIZa v FF A b L EMSTH S W5
@ Attention 2 TI VT XA MORIZEST 5 BiDAF E7 )V, BB R
—a—J )%y MEEE AWz End-to-End @ BiLSTM €5 )L Th 5. ZH 56D
ETNVIZDOWTE RN TENETNHAT 5.

11



4.2.1 Text-Matching €7/l

Text-Matching €T IVIIMDET VR =a =02y bE2HAVED L IZELRD,
HEEOREDAD S ASS 2175 HMALET IV TH S, K 4.1 1T Text-Matching D
TN AL%RT. Text-Matching €TV TIE, £XIIRUTCHBFIZLETH S
MESIPDRAIT &AL Z D B N il % &7 m%& &35 topN €TV L, B
il 3% E U CRIMELL LRI T DX % [EIZE LS5 threshold ET VD 2 D TEER%E

S =

172,

12



Algorithm 1 Text-Matching Algorithms

Require: 27 F A MAND i HEHOX % S;, ARIXOHEOEELE%Z Q, &M
DHFEDERER Ay 4y ALY TT—FOEGEU £T5.

: SA=(QNA; . 4)\U

. for j =1to |S| do

30 sc; = . I(SA; € 5))

4: end for

5

N =

. return  softmax(sc)

Algorithm topN
scy +— N HZHHIZKEWRaT
for i =1 to |S] do

1 ifsc; > scn
SC; =

0 otherwise
end for

return sc

Algorithm threshold
T «+ e
for i =1 to |S] do
1 ifsc; >T

SC; —
0 otherwise
end for

return sc

B 4.1: R=ZFA4 VETNELTHWS 2 DD Text-Matching €7 )V

13



4.2.2 BiDAF 5/

BiDAF & REH %R MRC ¥— 2%y N TH 5 SQuAD [1] & RILDHEED
F—X%¥ vy b® CNN/Daily Mail [13] i L CIREINEZETILTHD, Zh
ZNDT =Kty b T State-of-the-art ZEKLZET N TH S [14]. FKLIZZD
BiDAF €7V &HIZ ASS Z A7 TR L7-E T & LT BIDAF-ASS %% 7
%. ¥ 4.2 12 BIDAF-ASS €7V O4ME %R 3. BiDAF (ZBSEHICALEL 24T 5 €
TILTHY, AFND 6 Ehroflkznsd

(1) Character Embedding Layer. XF LV N)VEARAAZ 2 —F )L 2 v b
(Convolutional Neural Network, CNN) % H W T&HGEEZ RN Z b LRI
BRI 5.

(2) Word Embedding Layer. HEZ#E I NLHFEL Y RNT 1 v 72 HWT
HHEEE R PVRBUZEHT 5.

(3) Contextual Embedding Layer. LSTM % fi\ T Uik % &Gk L 72 B5E D
TURT A VI RBEER[TS. N5 300Xy P —IEIRAVTFA
~ BRI OW GIZEAT 5.

(4) Attention Flow Layer. 27X b EEHMXZHWT, a7 F A b
NOHFEIZN U THEMZ Z# U 72RBEN s PV EKT 5.

(5) Modeling Layer. 27 F A b2 EAHT 5701 LSTM 2EHT 5.

(6) Output Layer. H|X» o5& X %2 FHIT 5.

AR THRET %€ TV T, Character Embedding Layer &AW W%, BiDAF
EF)V%E ASS X AZIZEM T % 72812 Modeling Layer & Output Layer DIz
#7217 Sentence Embedding Layer 28U, A% FHIT 5D T ASS
Z TR 5 X512 Output Layer Z2BIET 5. TNENDLY MU —FEIZDNT
FTHLUWHHZRNS.

(1) Word Embedding Layer. Word Embedding Layer 1% H3E % &Rt D
RI MNVEBANGGHT LS. ANShEI 0 TFA M LEHBXOREEZZN
0 Az, nxrt, {q1,.nqs T 5. WA HAFEEHUZHEFET MLT
» % GloVe [15] % & H3ED Embedding % #1593 27202 H V5. Word
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With sigmoid
+ threshold

@ Q- 0 ©

Output Layer MLP Query2Context

5 S, s

Sentence Embed

< Softmax

Layer Word to sentence rep uy

Max
=

Modeling Layer

LSTM

- -

LSTM

Attention Flow

q Q Q |;| Context2Query
A A A 4 44

Layer Query2Context and Context2Query

b

Softmax
3

Contextual Embed

hy h, hr Uy Uy

Layer ;00— 0 & ]

Word Embed (] [ [ — [ —
Layer

X1 X3 X3 Xr q1 am Word

Embedding
context question

4.2: BiDAF &5 ) OHE

Embedding Layer 2@ UL T d ¥XtDO {1255, BARKIZIE, I3V FFA b
WZHLUT X e RXT ERMXIZH LT Q € R>* @ 2 20175 %2155,
Contextual Embedding Layer. HiEMD X%z €T VLT 57212 Word
Embedding Layer TH#fG L 7ZRHEIZH LT LSTM Z@EHT 5. AR D
LSTM ZH\WT, £D 2 2DOHN%#EET 52 & TXREZEL 2 HFED K
BlaH@Ed s, $hbb, AVFXAMOHERT ML X o H ¢ R2XT]
BRIXOHGE Q 75 U ¢ R2>J 215325, /MO LSTM & ¥ /5D
LSTM OZNThOH I Z2FEELTWEDT, H & U DETNThDITRY
FVIE 2d oG E 7> TV 5.

Attention Flow Layer. Attention Flow Layer I&3 > 75 F A ~ & B D
HEEZEOD0, ThooBEREZET VT S. 2D Attention Flow Layer
X Z N FE TOD Attention Mechanism & I13%Aa0, IV FFA N ERCE—
DORHER Y MVIZERNT D TIZ R, &X A LAT Y 7D Attention N7

15



NVIZ—DHDEH 5 D Embedding & & $12##%¢® Modelling Layer ~ A}
THILILLIOD VY TNRENZ LB ROREZNTWS.
AVTFFANDORE H LERXORBFU B"AHIHh, BMz2EHRL-ZaY
TF¥FAPMDRY MVEE G 5 Contextual Embedding & & &2 E 5.
ZDJETIX, Attention 22T F AP SEMIANLEMXI L3V T
FARAD 2DO0/MMPSFHT S, T 5D Attention (3> TF A bD
Contextual Embedding H & BRI ® Contextual Embedding U @ [E D%
BUEATH S € RT ;mo®hnd., 22T, Sy 3t ZBHOIVFFAMDOH
e BHOEMXOHFEOHLEZRLTED, UTFOLSIZEHREI NG,

S =a(H4,U;y) €R (4.2.1)

a FFEERREUEZ RO LBHBTHY, Hy 3 H O t HHDIHIAN
MV, U; 3 HD jEHDHNRZ bL2RLTWS. Xz alh,u) =
wgylhushou] THY, wis) € RO IZFEWRLREANS b, o FHH
B, ;] 37 PV AHTORGEEZRLTWS, RIZ, S ZH\WT Attention
ERFMDNRT MV EHERT .

Context-to-query Attention. Conext-to-Query (C2Q) Attention (&
OEMOBENRELE IV TFAIMNOHEIIEHEL TVWENE2RTHDTDH
5. a, €RT 2T FAMD t HHOHFED Attention DEAL L, £TO
t I LT Ya; =1 &3 5. attention DEAIX a; = softmaz(S;.) € R/
CEOEFET S, Zhickh, BEXOBERY ViR U, =Y a,;U,; &
%0, U FBEMARZ MVEFE LUK 2dx T OV TF A MRRERTIT4]L
185,

Query-to-context Attention. Query-to-context (Q2C) Attention (&
DIAYTFADNDOHEFENRLEMXDOHEFEFIZHUL T L2 RTHDTH
D, TP ZEMIZEE T 2 DICEEL attention THD. HLFavyTFA
NDHEGED Attention DEA% b = softmazr(maz(.(S))) € RT i kv 1#
795, mazey FEFNTH U THRKIEZKROLEHTHS. ZHIZL>THE
53VFFAPDONY MVEBIZ h =), bH, € R2d TIN5, h 35l
A TfEan, H e R2XT 21595,

B2 Contextual Embedding & Attention X2 bk G 2135 7z iZfl
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GE3NDE. £, 20O G DEFRT MIVIFEMXEZ2E#BLZaTFAMD
HEEDORBHELTEZIONS. G IILLTFTTEZINS.

G:t — B(th 0:157 ﬂ:t) € RdG (422)

Gi 13t BHOFIRZ bVERLTEY, t EHO I Y TF A MOHEEICK
BT BHDTH5. BI1E3 DDANEMET2ZEELEKTHY, dg
BB IR ERLTWS., 8 BHBIIMEREOFE (=2 —F
WAy b T =2 THBH, LFOHEMENT ML OS2 ARRTIEAWS:
B(h,@,h) = [h;@;hota;hoh] e RO (je. dg=8d).

Modeling Layer. Modelling Layer 38X 2 &k L7z a > 7% A b O HGE
DR G ZAJTE UTZITIY, 2V TFAMOHRGEROMEEHZHI AT
WO TH%REND L. BAZEITIORTEN d OXSAFR LSTM % 2 EHW
5. IN0oit&koT, 178 M e R2T 21535, M O&FIRZ bLixa
YTXFAEEMX RO ZENTNDHRFEIZDWTOXAREREZ AN b
NTHD. ZDEDOEMKKLH T Attention Flow Layer D G 2 W
T, M=w"[G;M] T%Y. w’ c RO |ZZEHTWREREANY MV TH 5.
Sentence Embedding Layer. Sentence Embedding Layer (¥ ASS (ZXf
B BH7DIZaryTHFANHORFEOREZHNTXDRT MVREZ ST
LSETHS. WA XDOHGEDOVIIZRKDE I L TXOERBE UTUAFORXT
*x9.

1
SSky=— S 4.2.3

ZITD S, iFaVTFAMFD Kk BEHDX, S, 1F&XHD m HFHEHDOHEE,
SSE X S ITHTBHAATERLTWVWS. & S, E3WIRT S G OEHEDSH
595,

Output Layer. Output Layer Ti%, 2J@DZ g/ N—+ 7 h o> (Multi Layer
Perceptron, MLP) ZfWTH&EZ FHlT 5. M 2 AL LTUTORTK
H5.

p = MLP2(MLP1(M)) (4.2.4)

17



MLP1, MLP2 O&EANRZ MLORTEIFEFNEN 10d, d TH Y, p € RIPI
ThHd. Pl RIAIVTFAIHOXDHZRLTNS.

28, Bcldn AL LT FD Joint Binary Cross Entropy % f/IMb
TAHIELTETNEFEETS.

c
L = =" (yslogp; + (1= y;)log(1 = py)) + A6, (4.2.5)
J
Yy I TFAMHD jBEHOXDEEIZHETH S5 %9 binary O IEfE
FNV, p; FAVTRAMOD jEHOIXDPBETH S0 %/RT binary D>
AT LDOFH, M IF L2 ERAHLIHOEAR, 0 FETDONIA—-XDELS%EZRLT
W5,

4.2.3 End-to-End BiLSTM E£7 /L

End-to-End BiLSTM € 7 V% BiLSTM % W7z ¥ffile=—a2—F )V ETIL T
» %. End-to-End BILSTM €7V OB %K 4.3 127”3 . BILSTM €7V
BiDAF s i@nxy b =220 N, BRI XORIFDESHELE Attention
Layer I2# W23 5. BiLSTM € FIVEA DLIRIZDOWTI R TR S,

(1) BERXOESAEL. £3 BILSTM EF LV CIREMXORE2ERT 5.
Contextual Embedding Layer P BiLSTM %@ L THJI U 72 B D& H
FERZ MLV U &, BARIIZ

W, = LSTM(Wi_1,q;),i=1,....J
Wi = LSTM (W iq1,q;),i=J,..

TRIND. JHSGH LSTM OBRED XA LAT v TORENIREE L ¥ /[

LKMA@%@@&4AZTV7@E%%%%%m?5;t?,Eﬁi@N&

NVEBL Q = concat(uy, w,) 2MfFT 5. 22T LSTM ORENREZE d
Y33k, BMXORZ MVEEIZ QeR* TH 5.

(2) Attention Layer. Attention Layer 133> 7 ¥ A b DHFENRT MV H &

BRIXANZ bV Q DEDHEMLE 2 %8 A i BEHPBEEUZ & - Tke, 2

18



YT ¥ A CHEBXOMERGRE €T IVET 5.

o; = softmax;(q* Wh;) (4.2.6
i’/i = o;h;

2T, W, ¢ R ZEBXRZ ML Q &aAVTFHFANDHIERY ML
h; OELUE % Red 2 WAL TH H, HMMANEL D ERTICFETES
RIS 5.

Attention Layer T/E5N7=3 v FF A NO#ERZ ML H 1% BiDAF 5L &
[k Sentence Embedding Layer (Z AJJ S N[A1%E % E <.

@@ @

Output Layer MLP
Sl Sz Sj
Sentence Embed Word to sentence rep
Layer
Attention Layer BiLinear function D concat
hy ha hp w 2y
Contextual Embed =
kT N TR IR O
Word Embed Ca — I - = . Glove
Layer i
X X; X X or
' ’ ’ ! n au Embedding
context question

X 4.3: BiLSTM & 5L D%

4.3 T —4YIARELRS

MCTest 1ZT7 — XY 14 XADIEFHITNIWE WS RERDH D728, FxldT— XL
RERIS Z BN T UEBRZIT > 72, T — XHLEMIR X, BMEOT -2 6T —X&
BWETAI L TCYVATLADEZHIIFHWA I LDTELT—XROMEHPL, VA
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T LD EE HETEREE TFEO—2THD, IV a—REYa B TOM
BRETEILHVSLNT WS, TNETH MRC OIFETERE 4 72T — X LR T
PREINTEZ, FlxiE Jia S1Fa >y FF A MThOHEL2 2L BERERK 24T
5 7 — R ILRMIE Tk & LT AddSent & AddAny &\ 5 FEEREEL TV [16]
M, BLIFEIODEMAAGELELT, T2y FARS T VX LITERO &
LENSZIAVTFANANDT VR LBRMEIZTHEAT 5T — X IREIEF L2 W
L. TYRLIFATEXOIL 5, 10, 20 kDTS TELEE, T — RIERE
BEAS ASS AT LIZE -5 TRIREZHENID 5.

4.4 MOFICKHELRXXDAHERAVWHEAEOBIRERXEEADORE

BB BABNFBTTY /T a v Uiz, IV T XA MFORIEIZBER LD H
EHWEGEIZ, BADRAT THZEREAMEIZED XS I8 E T %
#7395, Richardson 5DIRET S 2 D2DET N2 HWTOERBAMBEIZE D H
& [10]. —D2% Sliding Window €5V, % 5 —27% Distance Based € 7/ T
5. 44 1ZFZNTNDETILDTIVIY X L%, Sliding Window €TV T
FER L BB ORFEOEEN T I AN Yy FTE02RHMEL, ThTho
MEfED A7 #3H T 5. Z0 Sliding Window TIFHE X 5 7\ HEER D Fh
Bt % %8 L 72 €7 I)LH Distance Based €7V TH 5. Sliding Window €T IV T
MWL HGEEZ D 2 U QDKL TF-IDF 2K L7 DTH 5.
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Algorithm 4 Baseline Algorithms

Require: IV 7% A% P, aVTX XA MOHEDOEAEE PW, 20T A MAD ¢ HFHOWEZ P;, EHOH
FEOHEAE Q, MEBMOMEDOELSE2 A1 4, ANYTT—RNOELREU 95,

Define: C(w) := ZZ I(P; = w)

Define: IC(w) := log(1 + ﬁ)

Algorithm 5 Sliding Window

1: for i =1 to 4 do
2: S=A,UQ

IC(Pjtw) ifPjyw €S
0 otherwise

4: end for
5: return swi. 4

Algorithm 6 Distance Based
1: for i =1 to 4 do

2: Sqo =(QnNPW)\U

3: Sa, = (AN PW)\Q)\U

4: if [Sq| = 0o0r|Sa,;| =0 then

5: dz =1

6: else

7 d;i = 15+ min dy(q,a
[P]—1 4€5gaES,, p( )

8: end if

9: end for

10: return di 4

Algorithm 7 Algorithm SW

1: return arg maxswi. .4
i

Algorithm 8 Algorithm SW+D

1: return arg maxswi. 4 —di.4
7

4.4 BRBEAREIC D MG E T
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E7z, HEEET IV & LT MCTest DBAED State-of-the-art €7 )L TH S Read-
ing Strategies Net [17] & Finetuned QACNN [18] ZH\W5. BAFIZf#RIZZEN
TNDETIVOBEEZRRS.

Reading Strategies Net

Reading Strategies Net IXHfED MCTest @ State-of-the-art DET IV TH 5.
Reading Strategies Net X K#ifiZ MRC T —4& vy hd—D2TH% RACE %
F\WT transformer S3EE T )V % fine-tuning U, 3 DOMHE: (1) AJ1I 3%
FIDNEFRZ ANV F VT rdrosHtrE2ERKT 5 BACK AND FORTH
READING, (2) #aillFma AW CEERPGEICFHERH 7RI o R_RT 4 VT
%Mz % HIGHLIGHTING, (3) B[ & E%% £+ % SELF-ASSESSMENT
ZMALEZETNTHS. ZTOETNVIZ 6 D2OIEHMAIELD MRC X 22 T State-
of-the-art Z L 7z.

Finetuned QACNN

Finetuned QACNN 13 KFifEE72 MRC 7 —& v D —DTH % MovieQA [19]
Y —At L, BFEDO QA ETNVTHS QACNN [20] 12 &> T MCTest ~N#&fE
FEETo7ZETIVTH Y, Reading Strategies Net D —DFjD State-of-the-art
DETNTHS.

ELLDETNHIEHICKE LY A DD MRC 7 — &1 v bz W TEM
VAT LEFELTWS, TR LU THAFZ=2—-F )b xy hT =T TREL,
B REREEZRT DY AT LTS, HIBFICBELEERNT 2 Z & CHIEKKE
NH ET5ZL%2RT.
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BSEE BER

ARETIE, MBFICHEL R X%EE TS ASS IZHUTIRELZ 3 DOET
WDOEBFERIZOWTIRRS ., 72, RETSHT — XILREEOM R 2RI, &k
2, PIBFIZBE L 25 XDH %2 WG EIGERAFEDOEFIZED X 5 IZHR
MTENZEMERT DEROFERIZDOVWTIERS.

51 ASS 9R7

Text-Matching €7 )L
Text-Matching €7 )L ® topN & threshold ETIVDOFEREZ ZThZTh £ 5.1 &
F521ZRT. £TIREUDIT topN EFTLTORERIZOVWTRARS. topl ETF IV
WXEM XA 7H Single ORI L TEW EM 237 &b 2hZEh 39.02 %,
4333 % L7857, F1 Za7I1E N OMETREHEVEDS LW, Test 7—X T
& N=2 OFHZiR® F11 Aa7»E< 31.02 £7%eo7-. £72, ZDK;D Precision
& Recall DfEIZZENZ N 30.63, 36.62 TH5. — 5T N=3 LEDETIT EM A
ITIH0 LAY, FIMMIED N 2H->THHFDMHE 7857z

RIZ threshold € 7L Tlk, £ ® threshold D{ETH topN IZLERT EM A
a7 IFIERITEL o7z, KD F1 23713 topN 2 IFIEFEZE A, Test 7 —
2T threshold=0.1 DI, topN KD ERWEE LD 33.26 L7 o7-. TDKD
Precision & Recall Dfl&Z N Z 4 30.73, 47.1 7> 7=,
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7 5.1: Text-Matching topN DEIZERE (%) & F1 1A

1 2 3 5)
EM F1 EM F1 EM F1 EM F1
F%E
Single 39.02  39.02 | 0.00 40.65 0.00 35.37 | 0.00 27.64
Multiple | 0.00 11.33 | 2.58 18.48 0.00 23.31 | 0.00 25.96
All 18.33  20.79 | 1.67 26.05 | 0.00 27.43 | 0.00 26.54
TA b
Single 43.33  43.33 | 0.00 37.04 0.00 30.56 | 0.00 27.04
Multiple | 0.00 21.75 | 6.00 2740 0.00 31.11 | 0.00 31.03
All 16.25 29.84 | 3.75 31.02 | 0.00 30.90 | 0.00 29.53
# 5.2: Text-Matching threshold D [EIEWEE (%) & F1 8
0.05 0.07 0.1 0.2
EM F1 EM F1 EM F1 EM F1

R

Single 0.00 29.79 | 0.00 31.93 | 2.44 3497 | 24.39 40.65

Multiple | 0.00 25.63 | 0.00 26.11 | 0.00 21.62 1.27 10.11

All 0.00 27.05 | 0.00 28.1 0.83 26.18 | 9.17 20.55

TAbB

Single 1.11 26.73 | 1.11  29.50 | 7.78 3548 | 25.56 35.00

Multiple | 0.00 31.76 | 0.00 31.80 | 1.33 31.93 | 1.33 19.589

All 0.42 2988 | 0.42 30.94 | 3.75 33.26 | 10.42 25.56
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BiDAF E£5I/LXIZ BiDAF €57V TOEBOFERZFK 5.3 1IZR7T. £D h 1
ETNVHNTHWS BILSTM OENWE DR %ZRL TS, Text-Matching €7
WZHART, EM 227, FI1EDQOEE S HMNFERE - 7=,

# 5.3: BIDAF €7 VORIEEE (%) & F1 14

h EM F1

100 | 2.20 14.5
200 | 1.20 11.5
300 | 1.20 9.80

BiLSTM 7L
WIZ BILSTM €7V CTOEBROMREE 5.4 157 T. RO h IFEFVHTHL
% BiLSTM ORNEOWILE%E R L TWA. BILSTM €713 BiDAF €7 &

[MkkiZ Text-Matching €T WVIZHART, EM 237, FI{EOEH 6 HERWFER L
Loz,

# 5.4: BILSTM €7V ORIERE (%) & F1{H

h EM F1

100 | 0.20 11.40
200 | 0.70 10.90
300 | 1.20 11.90
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T — YIRS OB A

# 5.5 1%, h =100 QKD BILSTM & 7)WIZ 7 — X KRS 2 8 H L 72354 O
KROKERERLTOD., ROMTEFMAAT KR ET AT =X MF LT =&
FERICHV XD, FIIIRE DT — X DY 1 X2 mRLTWaH. RIVRTIH
DEMQZ:T’%ﬂxci@ﬁ%ﬁﬁx:YbUﬁibk.waﬂzﬁe,Flﬁkrw\

TR BR2GAELINE, T-RRIZL D ELSRDEAVD o, THIIHA
?5iﬁ%w%é,%ﬁ%%i5/4zaaofm57%%ﬁ%26M5

# 5.5 T — XILRMEIE & WA U 7254 ORIERHE (%) & F1{#
AT HXD | IEEED T — XY 1 X

AV VI (280) | 1000
EM Fl EM Fl
5 1.70 12.90
10 0.20 11.40 1.60  8.30
20 1.00  7.60
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5.2 OEODIERE MRC sgEADORER

BRIZAVIFLOT—ZEy b (AVFFAMRLEMBALEZES) LHEI
MBI LD A% AW T MCTest O ARMBEICE D Ml A 7256 O RIERE O
B aiTo7z. R 5.6 IGERBEAMBEICINYMAZGEOREEZRT. IV TFHFA b
EXERWEGE, BETFERIMMOET IV &0 EEBEIMEND, 75— ay
U 72\ B D A% W54, Finetuned QACNN D 76.4 % =8 Z, B
fED State-of-the-art ®E 7 TH % Reading Strategies Net (238 5 [H]ZHEE %
ER Uz, BB ERXDOAZANWSZ L& T, AV VFLT—XTOM
BREEDI S SW ET VL 5 KAV b, SWHD ET NV TIE 10 KA ¥ b OWEZ R
U7z, BT ICIIBEFIEDO LY BRI A a7 2RLTWA., KARTED, F
M, BF, TAMT—XOETOT—RIZEWT, HZICHELRXDAEH WY
BIZEEBENKREZW ELTWS.

F2M 5.1 120, BEETIAVRAVVFAT—XE2HWGE & HEICBER
DAZEHNEZEGEDZNETNTED X 574 MRC OREH % BB L $ 5 MEAN R & Al
RZonZ2RUTED, Bz MEZR, AEMRZSZMEZETRLTWY
3. B 51(a) WAV VFLF—2ERAVEEE, [ 5.1(b) XEZIZBER DA
EHWEGEEZRLTWS., F22hZEnd MRC O#EH%2K 58 IZRLTWA.
 5.1(a) £ 5.1(b) ZHIKT B LB, AV IFILF—REAVEEAIC
fR\ e o 72l KO MRC #8612 B E L 3 2 @D, FEFEIIHERXDA%
WS Z & THEAREIZR > TWDZ e bhd. FHZ 2 (EBEOMR), 8 (i
L), 11 (BER&A DBEGR) DRES 2 BB & § BRIED D2 D IRRTET WS, 0 (£ 7
V7 hoEH) OMEZT VM-, BHFIIBHELXDAEEHNGEIIEY VS
VTIRIEME L TOWRIEDR AN ERIZ 7 5 72,

SRIOFERIZ LD KB R=a—F b3y bOWEZ R OEMRET V2 LT L
L Th, B22ELDIIBELRXDAZMBETEZIZLD, TFAMDE
@R WBHEMARET NV THoTHEZINS LAFORIERENFONDE Z LMD
o7z, ZHiE MRC Y AT LDRFIZE 5T ASS DIEFICEHEREEZ2HES &
ZEZohb.
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# 5.6: MC160 DHIEREE (%)

HHT 257 —% ETI EM

FVoFIb Finetuned QACNN [18] 76.4
Reading Strategies Net (Single) [17] 80.00
Reading Strategies Net (Ensemble) [17] | 81.7
RETFIE SW 62.08
fe= Tk SW+D 68.33

T/)T—Yavig | RETFIESW 67.08
RETFIE SW+D 78.33

£ 5.7 AV VI EEBEITBER LD I E NG OB ME T O RS
& (%) Ok

Al 5 %6 T A b

280 Q’s 120 Q’s 240 Q’s

SW SW+D | SW SW+D | SW SW+D
TYUTFIL
Single 69.7 75.76 64.15 | 67.92 69.64 | 77.68
Multiple 63.51 | 70.27 50.75 | 55.22 55.47 | 60.16
All 66.43 | 72.86 56.67 | 60.83 62.08 | 68.33
7/)Tr—3avik
Single 80.3 86.36 71.37 | 84.91 70.54 | 83.04
Multiple 72.97 | 79.73 62.69 | 73.13 64.06 | 7/.22
All 76.43 | 82.86 69.17 | 78.33 67.08 | 78.33
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# 5.8: MRC Do —%&

S | AF¥ILE A X)L DR

0 ATV OB | HEOATY 7 OB,

1 B HER VY AR A S R B D RE D, BT HOHE SR O R A HERR .

2 HS ROk HS ROt s L Ok

3 Fi B P HE S MR BEF, GE. BXOHBM R &R GERIE O HE.

4 KEHE LhigR oD L,

5 PSP alES "why", "because", "the reason for" 72 ¥ DHIRM 72 KB T
I N5 K RBFRO HRfRE.

6 RSP BBOIREE 1 R b7 & D2 F 72 (X RFE IR 6RO B AR,

7 B S B X N7 RO

8 &g L XA E K OGEREAAE (B, FH&EE. EAEERY) 12
& 2 .

9 FEI5 X BERIDHE, — M7 M58 &% [FH U 72 #5m.

10 A 2K A RIS & DFi, R, TFAPDY ¥ VLR ED
HIG%.

11 RS ) D B £% SN e X N H e & B O HUHE T SC D FL iR

12 ) Bt S Wt OHR (B IR, Xy > a 5IA/, ary, £33
o).

13 AF NI L EEDAFNMIZHLB L WE D,
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12
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o
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I incorrect

I| Il
12 13

5 6 7 & 9 10 11

o 1 2 3

(a) AV VF VT — 2 &AL 5

4

18

N correct
16 EEl incorrect

14

12

10
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.

%]

!![L'\'

10 11 12 13

0.]
o 1 2 3

(b) HIZIZMEIRXDAE[MAL 254

4

5.1: MEDEERELERSD MRC 687 & OBEfR
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B6E fEm

R TIE ASS 28 MRC Y AT AIZED XS IZEHBRT 55, £72RBW ASS &
AT LDFEIIZED XS W AFNDRBEPIZOWTHEL 2. BARKIZIZBEFD
MRC 7—=&+t vy MR UT, BEFIILBELEREIXET /) T—YarydbZLizk
D ASS IZHUO ML 72dDT =Xy bEEKL, ETIVNRIVTF XM EEMX
MHAYVTHFANNOBELRLEZEINTE 0% HN, X SIZEZEVHL WREIZ
WD KD RN D BN E R U, BEEOREZ H W72 HifliZe Text-Matching
ETILE 2 HHEOXREZERLIZZa—F V%Y bETILVEHWEZERTIE, &
DETILVTH FIEIEIKECEFEDLLRWI & ERLUEZD, ASS 12X > TERL
72X DA% AW TER AR EICH D O ERTIEX, Bl Text-Matching €
T TEHEBAIED State-of-the-art D KB LT —X 2y NE2HWTEEET V%
fine-tuning U 72 ##E € T IMIH S RIEREEZR L -,
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B B

Kb, RSB LBV THRE T E 2 W22 W 2R EE B OMARRIEBEZ T 0
OB NZUES. AU, BYRIHBEIYE 2 W22 W EEHE OH R
W & EER 2B H DL D E#H - LUET. £7/2, KSaXOBEZBZITL
TWZEE UARZOPNEERICES E#H WU . MR~ 0
2@ T EOBR 2 W W RIMREOBKICE#H - LUET. s,
HFEECIMNC B T 2 MHFEIEENCER L, FHEUIEZMHD L LTS KRR THEE W
WA FREF &N U ET. RELRD S, INEFTERICKATWEE
SELUERBEERMNIEHHBL 7.
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