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Abstract

When using Deep Learning methods in NLP-related tasks, we usually represent a
word by using a low-dimensional dense vector, which is named the word
embedding, and these word embeddings can then be treated as feature vectors for
various neural network-based models. However, a major challenge facing such a
mechanism is how to represent OOV words. There are two common strategies in
practiced: one is to remove these words directly; the other is to represent OOV
words by using zero or random vectors. To mitigate the flaw, we introduce an OOV
embedding framework, which aims at generating reasonable low-dimensional
dense vectors for OOV words. Furthermore, in order to evaluate the impact of the
OOV representations, we plug the proposed framework into the Chinese machine
reading comprehension task, and a series of experiments and comparisons
demonstrate the good efficacy of the proposed framework.

Keywords: Natural Language Processing, Word Embedding, Out-of-vocabulary,
Machine Reading Comprehension

1. 4&5% (Introduction)

14 2% fe] 58 B % (Machine Reading Comprehension, MRC) & —{if B ZAsE = g B (Natural
Language Processing, NLP)%E s -FAHE B AT - H B IS A Sk es @ N — T
SRR WARIR SR B - M B AR AR - FEEE A BT RESCR
PEEEEAEZE - AT DU E SIS ~ TR E R A 2R Y ~ DURER & AY
I - #E—0 i > WRESEE B E S/KENREMEE N > Sr2ERBSEEE
— B HYEERE - GPILRE (Question Answering) ~ ¥k %47 (Dialogue System) LI sz #8555 [ %
(Search Engine)5s o [K| [ 25 B SEEH A s B2 i SR Bl s Sl A ik i R 9T (B -

H At 25 B sE B AR A I 98 225 52 BV 2% (Cloze  Style) B SUAES (Text Span) UM%
FfE A o SERIE AT R AP SR AR - R ASEITIEZE  HEAEFERE 1
FE 0 WA RPN E SR TR - RS R A (015 P 2 DU (e i P A B R
ATET o HEENTEAEZE Z AR » 2016 FEf - —{ERHIER A BT EIE S SQUAD
(The Stanford Question Answering Dataset) (Rajpurkar, Zhang, Lopyrev & Liang, 2016)f& &
ik - SQUAD ERMEE S +E L ERTEE R4 » AR EHRETR NI E 2R
BRSO —(#/ NS 5 BRI - SORBSHY TR =0 R 46 8 SO BT S » tes TR
DASCA R —(@l 3 4E 1Y /N7 R [al & 45 E I REE -

FH A SRS B Y ) 38 i HAT 3 25 s P HUS 22 RIAVSFRER - H RTZ BAIiEs R
AE T S RN RSN A b o BN REERE 2 MR R AR Y > ]
&5k ALEREER - #% A& (Embedding Layer) ~ ik A 4715 & (Embedding Encoder Layer) ~ E%
P U RE 3 = f AR (Passage-question Attention) ~ J3 5 J7 4w @ (Attention Encoder Layer) DL
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5 g (Output Layer) - ik AJg F 22 K5 —(EaER sl — (B S ERRE - A
SLREAY Er AR M A 2 EE S R E(Linguistic Features) sk B & f5— (I 5a AV H B 2iaE = &Rl
R A S HAR PRIt e Z MR BN SRR - WA EEER - B —(EEEd—
(EBHT AR S [ | oo%  BER RS0 E B HIZ #5111 8 J1H% i (Attention Mechanism)
B — R (BOUAK) RoRBE A B8R 2 B % 3% 2 (Question-aware  Passage
Representation) ; J3 5 J74RHE & (Attention Encoder Layer) B2 M A8 1 B % [ R 3 =il
1% » I FH B R R R A ] P 2 Y ] ) - B A [ 1 BER o A A e 1 428 i 5 20 R Al -
AR SR YRR [ B R ONE TR SCREL TR 28 Bl sl H Al s U - iyt gl BRI S
#+4dpE (Pointer Network) 4= pic fi {iE 73 71l U BRAA BLAE SRR 7341 » #E il B I =0 &
5 RSO TR TN B A R AR B A BAUR K o B —RNE » BERER
TR T 150 Rt 23 Bl S TR AR 28 o s B O E BRSO » & Ui En Rl el Bl A i I 2 2 22 2
FAEfE R HE U [E AR T ZR A A 4 5 e o el S B A B 7 e = 594 (4R
1R 5 B S L i A 2% 12 DU IS ER 1 48 4 % (Recurrent Neural Network, RNN) &y 2224 - {H
FR B ER A A PR i B AR A T - DRI 26 BT B 5 788 <2 B | R T2 X Y R
Ryt — M - T ARAE SRR —E R AT QANet (Yu et al., 2018) - jRi
o5 Bl E P AR o LAY B IR (A AR R R R BRI R BB AL 4% (Convolution
Neural Network, CNN)E 31717 (73 8 AT 2R 2 T7 AR o Bl S B e A8 » A (5 R e {ER |
SRPTFEEHYIEE - LRGSR & B -

A XEAESREA TR » KRGSk —(EERE H =AM - (e s
FRAE e SRS TR I — RIS R 2E » S PIEiR AJEHFR T & —(E5E 05
] & 51 & PR MR = 1 2 (Character Embedding) sk & & & —{lEzEYEE S & 5l - QANet ~
BiDAF (Seo, Kembhavi, Farhadi & Hajishirzi, 2016) ~ jNet (Zhang et al., 2017) ~ MEMEN
(Pan et al., 2017)E3 ReasoNet (Shen, Huang, Gao & Chen, 2017)% » &5 2] F G s 4 ik
i BB Y o ] R AR B 2 A A4 RS & EH(Kim, Jernite, Sontag & Rush, 2016)
AR [E E A M 2L - R-NET (Wang, Yang, Wei, Chang & Zhou, 2017)Ei
S-NET (Tan et al., 2017) 51|72 FI| F & [ JEER (4L A p& H2 HU 7 [m R AV AT A A& 0 RMR
(Reinforced Mnemonic Reader) (Hu, Wei, Mao & Chikina, 2017) - Conductor-net (Liu et al.,
2017) ~ V-Net (Wang et al., 2018) ~ FastQA (Weissenborn, Wiese & Seiffe, 2017)E1 Smartnet
(Chen et al., 2017)/2 - [ & EL B [ B 1T BB 12 - TR RO A ER00% « 478 Bl &
AR TTE » B RUTE SRR AR 6 B D Es BB R (75 BB m > fEmRAJE T -
SR —4H T B FTOARREL - H] DAY AR 5 Skl (E 1 2R el S P AR R P R 2 2
2RI - ERERY T E O FE PR Ry —(ER S Ska i —(H & H B EW R 8 ForL » B
HAUERAN&SEB 2 - AR - A ERRE—ENEnE R & Ror A2
Bty > B — RS ES @R A FENFE R ERNE - I H - RS
R i A SO SR R B 2 BREEREUR - e AmoUR 2 F A2
FOREEE R » AT DA SR T S 2R Bl S PR AR 2 I
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2. MRE 7L (Related Methods)

2.1 FHEEFRmZE (Word Embedding)

ad [ E oA (Mikolov, Chen, Corrado & Dean, 2013)/& 5 82 E Y H 48 S e B T HE
IHHER Z — - HBNERE—EE D —EEREENRER T o F RiE R EFRR
SRR A 1 4 TR 35| 63445178 (Continuous  Bag-of-Words, CBOW) ~ & 255750 (SKip-gram) B-4>
JZ A EfE A (GloVe) (Pennington, Socher & Manning, 2014) -

wi+2
Skip-gram CBOW
wt+l
Hidden Hidden
Layer Layer
w t > wt—l > Wt
wt—2

B 1. 577 SKip-gram) 2 2227482  CBOW) /1 B
[Figure 1. Hlustrations of Skip-gram and CBOW models.]

SRR TOEEFHATHEE A DB E 2003 EgEEE AT AR 4E S SE = A (Bengio,
Ducharme, Vincent & Jauvin, 2003) » H {5 [ Fij & =X (148 48 1% (Feed-forward Neural Network)
T N BEESEA > FEEENARET  BAMES TS (EFENEERNE @
2 aEE - TTAEES - BB Z RN e —ET ~ S5 —EEEEE
= (Distributed Vector)sKFE R o A [E] A (IEC Qe RS 58 = B8 DUZE T — {18 N EsE S A B H AR
mE—EzE N &R~ AEEEAE I EENEEY) > EER SR HENZE M
—{EFE T R B [ & o A S A AR A e U AR aERE - (B R TERE
HERE S E - BIE T RIS RS 0 NMEFTRY T A& a4
RSN SRFENF AV GRS - KRR R R EEZEE RN - B AE 1 PR - B4E
—HBISCFFY] C whw?, L wT o MRS H A2 ek £ (Objective Function) 2 £
KA —(E5E R T RE M

YT logP(Wtwt=e, ..., wt=1, w1 wt+e) (1)



KRB 77Z [o] B L IR e [ P JE AT 71

Hrf s ¢ FTAEEINEW YA AL RE(Window Function) » T F S0 FEIHT4EERE
MEEEEP(W W, .., w L, wt*, o wirOHI A

-c -1 1 oy = _XPgtTyt)

Pwtwte, ..., wt L wttl  wtte) = ST exp (o) )
Hepo V BEr SR v, s w BV A R v AR IR EEw S A AR T E
BT

Uyt = ij—c AV, t+j (3)

j#0
Hrp o o; Ry BLERRES BAAYAE S (E - B A 3R ST IE SR EE TR 47 iU BeER (Distributional
Hypothesis) » 73k & 58 BAHZT AR 8 5 B2 G AR g 2 20K Wit » #EirsEm
B G HEAEN R 2R REENSE -

% i AL 2R P 1| o AR oy B 1 B A S USR] SR A I - B 4G 0 — LR AV S P A -
whw?, owT o BEEEERLT B R 8y

121 Xj=—clogP (W™ |w®) (4)

Jj#0
Hep o GREHERP (W W) AR S

t+i |ty — exp(v,,t4/%,t)
Pw I |wh) SRS e (5)
V BErHLIAEEER v, By, e 3 BIFREEW Bw T 15 B 8 BRI 1 AR o
B PN T BRSO DR i SR R A AR AV R A E L - [ EEAVAERE S - B AAYBH
e R TP e =ik M B R by B A (Hierarchical Soft-max Algorithm) (Mnih & Hinton,
2009) DL Kz & BAsE s B A (Negative Sampling Algorithm) (Mikolov, Sutskever, Chen, Corrado
& Dean, 2013)s izl 28 (BEE &) S HEBEE -
FH A A TR A B TR DL R M sl R R AT | R A o - (255 e A e Y il 2 R R B 1%
2 J5y A E AT R (K GG R 2 - JEE 5 Y 2 RS SRetrt b - 5 8igs 2 AV A
B4 > 0 H 5a] B G 7 AT B (5 % DA KA ORISR AR et 11 » 3% % 58 5l ¥ (Word Pair)
IR 2 RIEEBIRA (R - &7a bl EEE > 2/ EFERN BEREE
‘l/=1 Z}/=1f (XWle) (Uwi ' ij + bwi + bW] - lOgXWiWI')Z (6)

FElfE > V BB EETE > vy, Blvy, 73 BTN S w Bw; TR R 8 > Xy, AR w Bw, {E
S GREE R L B H IR REL > fC) (B BT 0F e > R 2R ER e  — (58 A2 5 4R
BRI R (ES) M o by, R Rsgaw iy ELE (Bias) -

B 7 & LAY ] (A | R oROA B RSN 0 BTN S| & #UR % (Context Vectors, CoVe)
(McCann, Bradbury, Xiong & Socher, 2017) &4 A %235 (Transfer Learning) /i - /&
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& P 60 B TSI BT SR 1513 [ Ak 50 Ry TR 0K (Pre-trained) A9 2 - BEE AT
51 2 51| (Sequence-to-Sequence) (Sutskever, Vinyals & Le, 2014)1y 5 T4 2SE 2
(Machine Translation)fBIAVGISE - F5 AR LR ESENE R EAR - 9 H—4EHHvE ) &
Tk o ixtg 0 BN EFRIRIAE R (A & R iaEE A & AR FR—
{EFrEVE [ | FRorE « PSR LEREE - BT 3 aER AR ] LUER HFaIE
W o R A=A (FastText) (Bojanowski, Grave, Joulin & Mikolov, 2016)HIj B 5615
U7 Al > RE| Z RN » SEa A2 DAGE Ry B A - 8 B AR SR N BT
EC A R TP BRI R DR B AL - Rt BRI ER
A P T R R ER T

2.2 BEEAE] (Question Answering)

A E A AU S B S A TR 25 P ER IR P R R RS - 5 5 23| SR i
HIRIRE - QANet (g DUGTETHASQEis R At - f2 0 —Ear pri iR el g sty » NMERH
ROt AR SRATRE VIR - WAERF 2 Ehah - RS v B E N HERIEB R -

QANet & FiflEl £ © #x AJ& (Embedding Layer) - itk A 45 1% & (Embedding
Encoder Layer) - B84 3,3 & /7 & (Context-query Attention Layer) ~ #5745 5@ (Model
Encoder Layer) DAk i (Output Layer) o [ T 7 fik A4 b5 /i B A5 8 4508 g #3281 47 R
HITEER FEC RS - IUER G TR A 4ERE S - QANet JR5| A B FF B J11#4 i (Self-attention
Mechanism) (Vaswani et al., 2017) » F DAREE i — {8 58 BB S A i — {8 e 2 el B9 Bl %
A H ] DAER A TAERVEINSR T =X (515311 R 3 S B4 5 (Reasoning) iy 2 & B B - QANet
HURERIZEREAIE 2 For » B EERNE » BAP A ME I » AT Ers &S
TS EAREN 3 B8 > [ B A g 1E 7k (Layer Normalization) (Ba, Kiros & Hinton,
2016) B85 (Residual Network) (He, Zhang, Ren & Sun, 2016)+ i f& 3| G2  BRIL
ZHAh > By THEMEZARAE ST - QANet B S4B R RE 4R G Bs Bt EHEER Y -
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Layer Nommalization

B 2. QANet AR E1E
[Figure 2. Hlustration of QANet Model]

S HAMNFAMERRNEER A (Novel Word Embedding Model
Technique)

TEMFRREEE AN BB S R R - JRMEE g e—(EE D — (@5 E
(e [ TR 0 RS SR A i A - BB RS SRR o B R
BT RIS B RS ~ D—(AZ R EFR R SE A —EE R E AN ER R EEER
Bikaa o Rk AswSCRH BN BRI AR R R ES SRE A —{EEg
Ry vl FEMNEE R EFRA o WP I — R E A P T SO RS R SE R S 2 0 R
FEARE BkaE B SO BS REE B 2  » WERES A Em SCIR MAEE M B RN AR
Rl 2 sy -

H SR ek = (Character-based Language) » i i &—{E 7 # A HBFFVESE - 202
FAFYIE R B e 5 FE (Y S8 90 gt - 5l (Word) i i /2 F W {18 PA_E Y57 (Character) Fir4H ik -
FDFERE—fEE - Y)sEs » 1 H A — Ak oY i 2 B BT o R0
A R H AN > AR PR A I SRR EIE HERMVe = {c1, ¢ s} ©
FEH— TR FRNERFERER A TR ST H V R E—
{wy, wa, -, wyy YEEZE — (B A FE A R 15 B2 E (0w, Ywy s Vwy ) © I — (5
FraR R0y E ~ P 2 B h Y B R e B T 2 I B IE A e > R AP o]
DA E—EeEaveEEm & A2 E B IR A {85 K —{EAE B A5 & r0A(Chen,
Wang & Chen, 2015) - 2 1% » E@EEIRS R - gL VBB T A EROERTFIE—FR
gAY [ ' ROE -
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Time-mean | e il Ee b s i
Pooling i

o

o4l o R

6 3. BREFRPEEGERS IR B #5aT < [ B2 A R
[Figure 3. Convolutional Neural Network-based Out-of-Vocabulary
Embedding Model, COEM]

Ry TR —BHY > RFTE SR Wit R A0 © B G IR e Qs iy R B 850 2
o] & oA (Convolutional Neural Network-based Out-of-Vocabulary Embedding Model,
COEM) » & 3 Fr7r 5 B EER (AR AR HY R Bk 5l 2 (] B oo A5 (Recurrent Neural
Network-based Out-of-Vocabulary Embedding Model, ROEM) » 41[&E 4 Fii7 » {EEL N S
ARSI AR S e 2 [ B R AR M E ek — L BB ERN F e 2R
TR 0 GBS A B e 4K i e L I T A AR B A IR [EIRZ /N (Kemel Size)
HIG A FHES AR - BRITT TR E FEREIHRY I &R - S & F HI oAb & (Pooling Layer) -
& S BECE IR Rt o EENEIR AR 1Y AR S 8850 2 M E R OB
F—EFEEFEUL—E RN FRER L - HEEHEHE RS 2 M &
PR R FRRA 5 PR [ TG BRI A A IS A 1% — (IS [ TR Py 7 A Y P e o i L AR 1T R 3 »
1% 8 it e i P g A AR i T 45 SR
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[Figure 4. Recurrent Neural Network-based Out-of-Vocabulary
Embedding Model, ROEM]

WS AER - A SR AR B Sk Z [ BRI AR SR AT o) Ry PG B+ 55— B
Fo My 25 305 [ EFoR AR AR — a0 & ES BT - WAILISE—PEEL
PRy R & R HAR - SlSASm AT iR HAV R Bakad Z M EFORARA > Hopb B S
MRS B R — sl R B FORE o EIIRER - eIk B IR A 2 SR A
AR ST B ER R

Loss = X1_y (W, = (Wi, =, U iwy))? @)

Hev vy, SEalw I ES — IS EFTEGAVE R B FRRE (wi | ForaEmw AT & FHI 80 v,y
Foraw;, PEJETHITRE - () RAsRSAHeHIR S B 2 RER AR - Agm
SCHE HHIEE B R eR BRI SRR S gk an] Z AR - 0 H SISO AEAE 5 Fos > HP AL
i Z FRERE > Wl RS Z AR E

- » Loss Function

[E75. RE#Fq 70 B R B RS ForS E

[Fiqure 5. Training Flowchart for the Proposed Framework]
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4. BEgsr EHEEE (Experimental Settings and Results)

4.1 BEE%E (Experimental Settings)

A X SEEEALI R EE D (PTT) Bl o S8 ] (CNAVE B SCARE ] - R aN 2 =X 1) &
For AR (B G LAY (CBOW) ~ i 5 f 2 (Skip-gram)  Bil 4 J5p () 551 (GloVe) ) »
] [F] B Y 4 PR/ NG aE By 300 4t » MEAFEAISR/ NS 5 AYREISA&E & o FEAER AT Z M
g [ EForAR AL (HI COEM 81 ROEM) - [EIf5H A B FRRIARY 4EERE Ky 300
4 Rt SEEEE g EH L 16 E 300 4Ry EFRR Y R —{EEE R 16
¥ QREd REVFHE L o A - RIEA R 16 {E5HY5E - AlET I (Padding) » £
COEM - g idiffEfm A Blfm i) & Ky 300 4 - GRBLEETUHDHIZ AN 246
1 8 > p5 2 (Stride) K/ Fy 1> 3 25 (2 (Filter Size) By 3% 2 £y 300 4 ROEM tf1 » # (/i
BR IS 4 BR A B A/ NaE By 300 » g se g /N By 300 © [HAD - B T IEER (4L 4
RO ek R Y e B (Tanh) S - HEROEREEBRA TanhShrink o 3 S0AR B 2
R4S Jieba) (Sun, 2012)fF Fsliraal 25 o A SROHT AR ) 8 oA AN - ZRFERA
Adam (Kingma & Ba, 2014)/8 FEUAMUR KIS B E(EES - A B Ea S DL python 3.5.2 8
Tensorflow1.6.0 (Abadi et al., 2016)E{F & -

Ry T ELs (4 50 (7] 2 R0 A B G SCHE HH Y R B Bk sl 5] [m) 8B R AR AL S B ST i
o el SR R 2 R TP R & 2 B R A % &R 52 (Delta. Reading Comprehension
Dataset, DRCD) (Shao, Liu, Lai, Tseng & Tsai, 2018)# /T X =CE B EAE 22 » WG L& RE
D)oy Redll| SRR ~ i B BDHEEE - HeTs &z 1 For - Hop DRCD fEH A E 2 3
RERE o REFEEEIIREE - BB ES (L 65.50% ~ 46.19%51 46.20% - FHY
A AR [El5E [ | For A T S 28 B RE B IS AU AR > IR ERFTE RS R AT
1£ SQUAD | FiTHie 7 1% 2 el S PR A U 200 % QANet» 38 & (50 M B ECEAE S 1E R A
EREgEL AR - 1 QANet o » kg K/ INa& e Ky 96 » 26 BT B 1 (Multi-attention head
numben) & 5y 2 FISRERHE IO/ N 32 » ZEEAZEL S 75000 « EI1S—EAYE @ &G
) & (B AR SR (CBOW) ~ S 55211 (Skip-gram) Bil 2 f5y [a] E 158U (GloVe ) BLASER
SRR 2 R AR [ R AR R B N (5| SR R S AR I P AR - S 0 (]
QANet 2R fyFrEFRINE - AlEEE BRI S -

%1 EE BRI G5 B

[Table 1. Statistics on Delta Reading Comprehension Dataset]

3|4fi£ Training Set Z¢fEE Development Set HEAEE Test Set
. ooV . ooV . ooV
SR | R | pono | SORE | MEE | oo | SOREC | MEE ) oo

1,960 | 26,936 | 65.50% 383 3,524 | 46.19% 383 3,524 | 46.20%

FE SO ES B RE B AR B B TR PIPR IR F1 B2 EM(Exact Match) 73 80 1E Ry Y
EFETE - EM fEIEE BTN 2 B RE EHE RSN 8 4 GG 80 FLIERE
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MR S FITRT A TT0E » R EEF BT (Precision) 173 [m1 2 (Recal ) FELT 15 -

4.2 EEp4EER (Experimental Results)

EE—HERT » FRITEtbi &0 QANet BAE L [q) &R /mAR A 7 B %0
(Baseline Systems) » R EBUHERIE E RS R 7 HIEEYINTR 2 8158 3« IERE LA - 3K
IR 47 55 1n = E K QANet 1S A > T A S $kaa o] 43 Bl DA 5] E BB R B A= 0 47
AST By Baseline(Zero)Ex Baseline (Rand) - [ 7 DAGA Al & R m0ATE B ASN » FofM#E—
W A RN ARER 2 o LRSS S AIRERE &y Baseline(Zero) +Char B Baseline
(Rand) + Char o [ T 5B Y 2040851 » MR E BRI SR SO E D) E ke —(E(E Y =
B 5y BRI FH A AR~ BE SRR DR, 2 5 (R AR A 4 — 4 m E FRoriE Ay
Rl oA B gl Y ][] o A Al Ryl h A F R R AN 3 o — A& T DA By
— (SRR TE Z1 47 IR Ry Strong Baseline « & 2R A& /R A I AR 7 of » H
EEp4E R AT &y Strong Baseline+ Char » &5 » &5& #4705 [0 & Fr0 AR BT QANet
(E[l Baseline(Zero)&d Baseline(Rand)) - “Rem/e (i R GECSE ~ BE GBI 25
A A F A SR S 5%EE 7% F1 B EM 738 - ERE— SRR ERTE
WHI AR 1% > N 3w HE ol F1 L EM 53 800E Rea b Hai & o] DUE— D Hh IS R0EE
HIEETE - A0 FRAMTEEFRAE F1 I B Gal SR L e A BRI LS AR 2 B A R S A A3
SATAE EM SEASAEEE | > RI2 R s S R BNE 56 ) 27 4 2 45 51 - | H A
S Ry BHE AR S s ar A BB M ERVEUE > EA B R EREFR IR - BAEERAN
EA > EEMAFREFR REZEENEETLUER » SRV GIRRNE [ EAIREE -
2. M ET G2 AR BB % 4 .2 (s BB PR T A F ESR)

[Table 2. Experimental Results on Development Set with Respect to Various Word
Embedding Methods and Baseline Systems]

CBOW Skip-gram Glove
Development Set
F1 EM F1 EM F1 EM
Baseline(Zero) 71.34%  55.34%  70.82%  55.59%  70.44%  53.43%
Baseline(Zero)+Char 80.24% 68.00% 80.73%  68.00% 80.58%  67.25%
Baseline(Rand) 76.92%  63.49%  76.97%  62.88%  75.86%  61.83%
Baseline(Rand)+Char 79.46%  66.62%  79.71%  66.20%  78.44%  64.56%
Strong Baseline 78.72%  64.65%  79.20%  65.43%  79.44%  65.37%

Strong Baseline+Char ~ 79.84%  67.25%  79.77%  66.03%  80.60%  66.09%
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7 3. MBS BT 87T AR IR B 2 P S IR P R T B AN (HIEA )
[Table 3. Experimental Results on Test Set with Respect to Various Word Embedding
Methods and Baseline Systems]

CBOW Skip-gram Glove
Test Set
F1 EM F1 EM F1 EM
Baseline(Zero) 70.72%  54.85%  70.26%  54.94%  69.42%  53.21%
Baseline(Zero)+Char 79.53% 67.22% 80.10% 67.54% 80.07%  66.69%
Baseline(Rand) 76.14%  62.60%  77.29%  63.12% 77.79%  63.73%
Baseline(Rand)+Char ~ 79.32%  66.46%  79.84%  66.41%  79.32%  66.37%
Strong Baseline 78.26%  64.36%  79.76%  66.29%  78.92%  64.59%

Strong Baseline+Char ~ 79.88%  66.40%  80.79%  67.85%  79.94%  66.92%

P BB A ST 2 AR B skl s o) RO AR A B - i B Ry
Ty =T A 7 2ORHES TR B W 6 Fw e B o B AR SR H 2 COEM B ROEM
Ry ERE (EFES Sk B RS e ) AN BNV R SO SR E AR R A B A
(BEFER4EHAEEY B COEM B ROEM)  H = » FjAAA Y COEM Bl ROEM A4
{8 58] (B FE 6 Skl BEL R 25 Bk ) FE AR AV S FERA] (1) 24D - FI B A& > — R R i 25 RsE
R A (B ER4E S IERE By COEM+Char 81 ROEM+Char) ; #:3% » {1 EH%5H
[ RPN ARG SR 2 RS S M ERAGE S - HAEAERER S #kaE ) COEM
Bl ROEM ZRZE A58 A & » 15 skaal RIE A R A m &R ARSI A & (ERsSE ST
F WE+COEM H1 WE+ROEM) ;5 % » FRAMTHEE— 450 ) | om0 A B A S m Sk
Hr kB mERNEEG VAN EFRERETER (ERERES R
WE+COEM+Char 82 WE+ROEM+Char )- 2 B & BT EAY EEsE LR 4 FHHE SR -

Highway Network

Representation
COEM/ROEM Character-level CNN
Word Embedding Character Embedding) ( Character Embedding

B 6. QANet F1z5]/a & ~ F /e B LR B #7770 B [ /B
[Figure 6. Relationship Among Word, Character and Out-of-Vocabulary
Embeddings in the QANet]
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FK A T B EIRE R G XA Z TR B ] [ B2 2R A 1
e RIR B B IRA FER)

[Table 4. Experimental Results on Development Set with Respect to Various Word
Embedding Methods and the Proposed Framework]

CBOW Skip-gram GloVe
Development Set
F1 EM F1 EM F1 EM
COEM 80.29%  67.19%  78.37%  64.74% 77.89%  63.71%
COEM-+Char 80.60% 67.16% 79.91% 66.72%  80.90%  67.75%
WE+COEM 80.82%  67.94% 80.50% 66.94% 80.31% 67.22%
WE+COEM+Char 80.69%  68.32% 81.28% 68.25%  80.86%  67.88%
ROEM 75.44% 60.76% 73.48% 63.59% 74.25% 59.10%
ROEM+Char 79.90% 66.97% 79.89% 67.00% 79.49% 66.31%
WE+ROEM 79.00% 65.72% 78.70% 65.12% 77.78% 64.02%
WE+ROEM-+Char 80.16% 67.35% 80.82% 68.29%  81.06%  68.00%

RS, B i [ BT IA R 5 K BE R B e [ B 2T AR v
e R T B )

[Table 5. Experimental Results on Test Set with Respect to Various Word Embedding
Methods and the Proposed Framework]

CBOW Skip-gram GloVe
Development Set
F1 EM F1 EM F1 EM
COEM 79.86%  66.79%  77.83%  64.25%  77.36%  63.59%
COEM+Char 80.23%  66.80%  79.33%  66.17%  80.25%  67.13%
WE+COEM 80.12%  67.20%  80.01%  66.32%  79.84%  66.69%
WE+COEM+Char 80.28% 67.93% 80.38% 67.34% 80.45% 67.40%
ROEM 74.65% 59.96% 73.07% 58.46% 73.74% 58.83%
ROEM-+Char 79.44% 66.52% 79.26% 66.43% 78.72% 65.66%
WE+ROEM 78.35% 65.07% 78.07% 64.47% 77.00% 63.14%
WE+ROEM+Char 79.79%  66.91% 80.19% 67.57% 80.57% 67.76%

Bt BRI AR S kA (COEM) AU AT A 36 1A B SR B Skaa A HE T
AISREF - AL R EFRRREALE > #a] DAL AR £ S0 B8 A 5 [ AT T%E 8% Z KR

(FE2HLR 2L I) ¢ ERMIBRAER MER AR AR S S H A (ROEM) R - AHER
AR 24 A BENE LS 3% E A% ZREfET T (FE2HR 2K 3) - [EHMEEREGE R
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B AAEE » BRIT AT REHY R 2 5 ER (P AC A RS I A (R S TR AR AR Y R B Sk ar A - R
SHREAR[ERZ AN » GBS 7 AR AT HYRHEL > T B — MR R S B 2 R T
i SRR SR B S IR - B - TS EREINA
I (B COEM+Char Bi1 ROEM+Char) » fE X fEEERAER [ S AER—ERE R
RETRTL o 2L - T ABRANH, - RNam R EHavEE m 2R AR EAGR SR 2 oR S
o el g (] B Ao TOA Y By B el M A AV RHE - 1T QANet HR Y (A &2 A HE
SRR R AR AU — BTG - FTEFREFER ZREE - RILERMEEREER
GG E T DUE— IR THEG R o W 5 0T DISEIR R T RN G R A AR 1Y R B 8
&0 [ AR A A SRS A AT DU IS M E N B R HERE R EER RS BRI
AR R E TR E 2R - MR AE R BB A 1 A & DR S %5
AAEFTHU - 2 BB A E AN e - BEEEAE F R ENET - BARER
BER ARG RENFME 2GR - #E > MRS ESAHE R ERTEBEID R
B pkalan] [ RN AEAY (B WE+COEM B WE+ROEM ) FHERAELHRE 2248 2 R « B
s IREUR SO ESHE R ERETEGEEIPAVRERIRTT - W H - BN ERE K
A RS A A G S (5 T A S G AR G A A~ W AR B fo e AR - E AT DU R
R 2 & B B 2 R o ER—RENE > SAEERGE > PR > £
BT - BN G RA A QERE YA S 5 Sal A Y e dsr B I ER A QRS YR 6 i S A A A
BRI MR - BRI RS - B RZN S - g - &
i HlgE g B MR BT IIEF A R LR S RE S R Y R B Sk A - RID
FHEGEEE R LY BT IR (% IR LA AN AR BN M ERNE  BRE
I H AW - & EnnELRE 2.4% (Bl Strong Baseline B Strong Baseline+Char ) #fTEREL »
7 ERA N SRR SR B R R e — (B R S ke FE AR A () B 2 45 5 BRAR AR R
Ly A EN B RERREEE AR 2 FLEHE L SRS S 2 (R
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T Fosll| R B SRS > o] DUE S EL RSN G AE A QIR SE AT AR RS iy T 5] 1) AT A2
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AEm AR R & 2 R B AR O » RS R AEAE 3 SR R HR AV EL B =5 2 65.50% - {E 4%
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5. &EsmERAKEY (Conclusions and Future Work)

AN EAESRE T > KRB — BB —(HS R ARARIFERE - AR SUEt —Ef
AR AR G sk anlaa SRR IARAY > WS b o SRR AR S A B R B kel [ &
FTONAIARLZ B - BERGERBUR - REFREANTEE A BFAREE G 8BRS
It - & AR ST R HAY T ARS > FER S SRaHYRE E RIS ER B Al 5E - MR 5
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