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Forewords

The 30th Conference on Computational Linguistics and Speech Processing (ROCLING 2018)
was held at National Tsing Hua University (NTHU), Hsinchu, Taiwan, during October 4-5, 2018.
ROCLING, which sponsored by the Association for Computational Linguistics and Chinese
Language Processing (ACLCLP), is the leading and most comprehensive conference on
computational linguistics and speech processing in Taiwan, bringing together researchers,
scientists and industry participants from fields of computational linguistics, information
understanding, and speech processing, to present their work and discuss recent trends in the field.
This special issue presents the extended and reviewed versions of six papers meticulously
selected from ROCLING 2018, including 3 natural language processing papers and 3 speech
processing papers.

The first paper from National Chiao Tung University presents a neural network acoustic
model with the CLDNN architecture for Mandarin speech recognition system. The CLDNN
architecture cascades CNNs, LSTMs, and DNNs as one unified framework to achieve significant
word error rate reduction. This paper is awarded as one of the two best papers of ROCLING
2018. The second paper from National Taiwan Normal University investigates acoustic model
combination and semi-supervised discriminative training for meeting speech recognition. A
promising reduction of word error rate is achieved when speech corpora is small in size under a
semi-supervised training condition. The third paper from National Taiwan Normal University
(the same research group as the second paper) discusses the discriminative training of acoustic
models for speech recognition with improved neural network architecture and optimization
method. A significant reduction of character error rate is reported with the Backstitch
optimization method for the TDNN-LF-MMI acoustic model.

The fourth paper from Academia Sinica proposes a new n-gram matching approach for
retrieving the supporting evidence for answering Yes/No questions. The proposed approach is
evaluated on a task of answering Yes/No questions of Taiwan elementary school Social Studies
lessons. The experiment results outperform Lucene Apache search engine substantially. This
paper is awarded as one of the two best papers of ROCLING 2018. The fifth paper from
National Taiwan University of Science and Technology and Industrial Technology Research
Institute introduces an OOV word embedding framework for generating reasonable
low-dimensional dense vectors. A series of experiments and comparisons demonstrate the
efficacy of the proposed framework in Chinese machine reading comprehension. The last paper
from National Chiao Tung University aims to classify the concept of word in E-HowNet and
proposes a deep neural network training method with hierarchical relationship in E-HowNet
taxonomy. The experimental results indicate the proposed order-award 2-Bag Word2Vec with



hierarchical classification achieved higher accuracy than flatten classification.

The Guest Editors of this special issue would like to thank all of the authors and reviewers
for contributing their knowledge and experience at the ROCLING 2018. We hope this special
issue provide for directing and inspiring new pathways of natural language processing and
spoken language research within the research field.

Guest Editors

Chen-Yu Chiang

Department of Communication Engineering, National Taipei University, Taiwan
Min-Yuh Day

Department of Information Management, Tamkang University, Taiwan
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{5 F R AT R R A IR T O GEE B akas Z 5T

A Study on Mandarin Speech Recognition using

Long Short- Term Memory Neural Network

TR~ Eau”

Chien-hung Lai and Yih-Ru Wang

T

AT A A 2S4S (Neural network) &) 28 FH i a8 o e E s ASEm S
A =CRE 4 4 B (Recurrent Neural Network)gl| g B A » S H 277 S0k
BFELRE B R 250 - FHIPS IR A U i aC g % s (B =283 (Cyclic connections)
JE I e e e RS YIS (L (Modeling) - B> {347 4= #4832 (Full connection) iy
GRS RS T S A 2T o

SR T — A% BE &0 A0 A = o 8 4 B8 A B R I o 2 B 1 30 2 A 2 1) 1
(Backpropagation) 5 37 1 25 15 75 =2 15 [ ¥ 2% (Gradient vanishing) DL kA6 f& & 1
(Gradient exploding)iy e - EHEF ISk gE T 1k - PURSEER S HE 2 B
(RCIRRRNE - NI &R 50 1R (Long Short-Term Memory, LSTM) Ry th F 2
R IR 0 AR SRS P I ISR S &5 T B A4 (Convolutional
Neural Network) J%z %% @ fa (4848 (Deep Neural Network)Z:f#H, CLDNN %
o

I GEERIE Sy » ARFZREEF 7 TCC300(24 /)NEF) ~ AlShell(162 /[\B%) ~ NER(111

INEF) > WADAGESEAE T KRR T R 0 B T e R R
(Robustness) - {i ] =fdA [FlEEE 2 JIEGEERE > 7350 R TCC300(2.4 /NEf > BHEE

" B E RN ER S TR ST
Institute of Communications Engineering, National Chiao Tung University
E-mail: 1sr950082@speech.cm.nctu.edu.tw

"B SE R T AR A
Department of Electronic Engineering, National Chiao Tung University
E-mail: yrwang@cc.nctu.edu.tw
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#E7F) » NER-clean(1.9 /NI » BB » fmzf:fl) - NER-other(9 /NiF » BB »
AR -

BRI - A F U AR RS - RAHECTE - BRI R (R NE) ~ B ERAEAY ~ o
REEFEE S P B AERS ~ A S s

Abstract

In recent years, neural networks have been widely used in the field of speech
recognition. This paper uses the Recurrent Neural Network to train acoustic models
and establish a Mandarin speech recognition system. Since the recursive neural
networks are cyclic connections, the modeling of temporal signals is more
beneficial than the full connected deep neural networks.

However, the recursive neural networks have the problem of gradient vanishing
and gradient exploding in the backpropagation, which leads to the training being
suspended. And the inability to effectively capture long-term memory associations,
so Long Short-Term Memory (LSTM) is a model proposed to solve this problem.
This study is based on this model architecture and combines convolutional neural
networks and deep neural networks to construct the CLDNN models.

Keywords: RNNs, LSTMs, Gradient Vanishing (Exploding), Acoustic Model,
Mandarin, LVCSR, CNNs, DNNs

1. 4&5% (Introduction)

A NI E (Artificial intelligence, Al{@ZR R Rl e AT EE FLAYRH e Sl st
AR EER =2 M —JORBIHVEGE » EFIEE S PRy s s TR -
FHINEEEPRSEOT 2 R S 22 B R B B DU NG S8 2 RN - SeRERau
—EHAE(Ruled-based) B HEak 247 5 (H2 NV AIGE S 82 —H V&L - 0%
R AR AESE R AL - 1% 58 e gt e5E2E (Machine Learning) iS5 7 i &0 5REE)
(Data-driven)fy 7% » st 25 1 I A\ A B EK (Labe) Y &R o E BhEIHTALAE HP U Al -
A AR A E R AT O -

TE 3T HI A K 6] 4% . 48 5535 W% (Large Vocabulary Continuous Speech Recognition,
LVCSR) £ 4 o » B E2 AR 73 Hi B 47 0 /& )R & 52U (Gaussian Mixture Model,
GMM) (Reynolds, 2009) » {5 F T 7%=/ fE sk 48 k% (Deep Neural Network, DNN) (Zhang,
Trmal, Povey & Khudanpur, 2014) (Mohamed, 2014) Hi{t.~ i L DNN ARy =2 AR
FEFISREVAERE T - DEEEAIREREERL » SRR ER S E A REARENPRREAEE - Bt
FE R ARRIARSE - DIILARBAZE 0 A T A =0T 48 (Recurrent neural network)3l
SRS B HERAE R

FEREE HER 20 > 5B S 15U (Language model) i & B AV A € > ARTFEAL



(ST RATEC (B A S 1 7 Xt 5 Wit oo < W17 3

REMEFANSCTER - 28/ (EiE - 85+ &5 AY5E 2 (Lexicon) 77 Bl RS H
=%& Tri-gram sES A » 37 H ¥~ TCC300 ~ NER-clean ~ NER-other =i A [ a5
SRR RHES T BT K BRET - Horp TCC300 & A BHEERE 21 H i sl 2 —MEERE - NER-clean
BB H R B S MEEERL « NER-other HIl B bhsE H A LS SN B 85k -

2. EB R BHERIEE N (Experimental Process and Experimental
Environment)

FE 7 Bl 080 o e 28 A e I R ISR o H 4@ (B iz B 25 (Graphics Processing Unit,
GPU)AHI14fi47 DNN ~ CNN (Abdel-Hamid et al., 2014) (Abdel-Hamid, Mohamed, Jiang &
Penn, 2012) & LSTM (Sak, Senior & Beaufays, 2014a) (Sak, Senior & Beaufays, 2014b)
mEEE A 5 (i A Kaldi speech recognition toolkit (Povey et al., 2011) H* nnet3 FrEELHY
PRI AS GRS BORAE » TR BRI ISR - R 1 Ry EERPT iR 2 iR 5 % 2 Al
Ry GPU FA& 3R o 540 Ry T (AR f i B AE iz - AW T8 FHAY Kaldi &8H Intel Brss > 8
SR LU (Math Kernel Library, MKL)#E T 4% ©
7 1. LRSI

[Table 1. Hardware specification:]

CPU Intel® Core™ i7-8700K @ 3.70GHz

RAM 64 GB DDR4-3000

HDD 4 TB SATA-I11 7200RPM

GPU NVIDIA GeForce GTX 1080TI
0S Arch Linux 4.17.5-1 64bit

7 2. GPU Bgf8#AL
[Table 2. GPU specification]

A5k NVIDIA GeForce GTX 1080TlI
CUDA 0 %1 3584
RIS RR 1480 MHz
HOZRR Ak 1582 MHz
ST RS A 11 Gbps
SRS ERE 11264 MB
W= NI GDDR5X
EW[=E NI 484 GB/s
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3. EERESN4E (Databases)

AR B B AT SR T 2 A sEelE » B 2 E (ISR E kYA TCC300 ~ NER
Ko AlIShell SEALEE - 1M Ry 7 MEAE i Z HES A ST ET A FIERETAYERAE 7T - IEEAE M
SEB YRR L - (] TCC300 k2 NER sEfHEE - Hft NER BBkt - T4y ey
SR TR Z NER-clean DUR ar 88 A Ryffai s 4824 Hor 2 NER-other -

3.1 TCC300zE#}E (TCC300 Corpus)
BT A A TCC300 27 5 [l 35 % EOfH B A2t Fh 8 7758 i K 2% (National Chiao Tung
University, NCTU) ~ [ 17 5 Ik £ (National Cheng Kung University, NCKU) ~ [&]17 &8 A
£ (National Taiwan University, NTU)Z:[E] g2 M A6 » 17 H P EREETEE S E2 28 (The
Association for Computational Linguistics and Chinese Language Processing, ACLCLP)Z&{7
BEEBRHE N 2 v [ BHEERE - TR GBI P oGE S W FT i -
sSFHE AR 3 R - BB KRB TEA AR » AT BEE
BB A HER 2 R > S by 100 A Sk 81T i 5 3 iR ER B D K B2 o I Ry R SCRE I
HEBANEE BT 2 500 R RsERE PR - SR X EEEHET
HUIEITK 3 2 4 By - BEREZEE 231 7 IR A& 8% 100 Ak - B ARIEE
f

.
SCE R © AR #5% S AU 5 By 16000 Hz » HUBERr e85 16 fir 7T -

A BB — 5 A TCC300 3BHHE 53 Rl SE R LI E A - FISRELAI L 1%
Ry 91 SpRIEHT ¢

o JISKEERL - €90 24.4 /Ky - £ 284 firshg - 8633 )4t > 304780 {EEEIEL -

o MEEER} - &R 2.4 /NKf - 3519 s > 225 AIRAJEEE - 26357 (EEENE -

F3. TCC300 FZZHEEZA
[Table 3. TCC300 corpus information]

B | XEBE FEEHEE HETAEE UE S
% 50 5 27541 5B 3425
BERE | W 7 50 7 24677 S 3084
L 100 L 52218 L 6590
5 50 5 75059 Cil 622
THRE | &YX 2z 50 7 73555 27 616
HEH 100 Ut 148614 HEH 1238
5 50 5 63127 5 588
ITRE: | & 8 50 7 68749 7 582
2L 100 Hagy 131876 o 1170

! Mandarin Microphone Speech Corpus-TCC300. http://www.aclclp.org.tw/use_mat_c.php#tcc300edu
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3.2 NERzEFRIE (NER Corpus)
NER zBklE » 4445 NER Manual Transcription Voll » A7 ZILRHY KEFB R HE
EHREGOFREENE  FTEANAREERSAFEGZEH - EAEHHZETE
DU KIS GBI 2 SERE » SRS IR 4 R - REREY RaEEEETE - 25
H %5 14:(Spontaneous)sB & - &/ D73 Ko il 4~ BHE((Reading)sE & -
PEEBRHEMREE 1. RSk B =N ek B E LIS S ksd » 2. A T e Ssesg
JE N2 WG AR (59 BB 25+ 82338 EH(Clean » 47 19.4 /Ni§ - 3t 5106 [BHEF)
e H At EERHOther » 49 107.4 /N » £ 15983 {[E[48 Z8) 513147 126.8 /N » 21089 il fE % »
HURAH Fy 16000 Hz » HURRAr o8k 16 firit » B E%fy 1(mono) -
sEcHEE R R AR B T B LR RO B 7 SRR s e i T W P R IR A
%A AN TROIEA R UIE - MAEERA IR SE R 2 S 2B S 1R A A -
RE I LB 7 Ryl | SR EE R RONIEEER - SR &E R T
o SSREERE © €9y 111.5 /N - 4t 18710 AJ35 ¥ » 1715001 ([ S E# -
o SR
B Clean : &Y% 1.9 /\BF » 3£ 549 A)3%3% » 33660 {[EZEiE] -
W Other : 295 9.0 /NI » 3 1322 &84 » 133746 {EZ g -

7 4. NER B/ E &
[Table 4. NER corpus information]

5280 i EEER (i SELES H TR B
RlE i CS 14.4 235052 4028
Clean Esd IR z 1.8 34352 438
PR LaEh4R GJ 3.2 55057 640
%% H O —RiE DA 13.6 212821 2347
T2 SoEasy KX 1.8 23415 208
bR o QG 17.3 260116 3202
AR ITEELE BG 9.5 143138 1586
ot ERAEERE WK 8.4 113202 1102
i LR U YX 5.6 90419 826
e PNES SR 16.5 280074 2670
SRR sy 345 434851 4015
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3.3 AlIShellzERlE (AlShell Corpus)

AlShell FEf4EE(Bu, Du, Na, Wu & Zheng, 2017) > J& 1L 75 HRHSA TR A =R 2
PSS S B sk BN ENR S - B REEER - HARERSE 11 RS > sEEE s
FELZRFE IR -

{56 FH = R RE 2 T LS BT B > HUBEFHAR By 44100 Hz » (&R [Z{RHURAHA 2 16000 Hz -
HUBR Lo Bk 16 T » H 400 42K H A [F] 3 il Ay 2 B3 g BT ple > w8 & &l
6 RTHR  MLEBRIE AN LA - IERERE 95%LL L -

REBRHE— 0 R LB 7 Rodlll SR ROHIEARE A -
o FllkERRE © €K 162.4 /N - FE 129341 3¢ - 1862171 ([ EEE -

o JEEERL : €95 16.6 /NEF - 3k 12250 A3 > 178041 (= 6% -

5. AlShell ZERIBEVAPIZ

[Table 5. AlShell corpus text contents]

T EEaL
HREER 5
HhPEER S 30
FEERRIE 46
e 29
BB EE RIS 10
<Rl 132
RIERERH 85
b= 66
e 27
HriE 66
FHEE 4
7 6. Alshell ZREZZEE A
[Table 6. AlShell corpus speaker information]
S E] EEREE s sHE
16 - 25 316 i} 333
26-40 71 2] 56
> 40 13 HoAth, 11
=t 400 &t 400
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F7. AlShell ZZHIEEZEA
[Table 7. AlShell corpus information]

5 186 5 939132 5 65205
% 214 7 1101080 7 76395
=r18 400 &t 2040212 &t 141600

4. ZEEBSEMAE R AIECE (Deep Neural Network Model Configuration)

CLDNN Eir 3Rk g2 H (Sainath, Vinyals, Senior & Sak, 2015)# & F 2 i 17 B B AR AU 1Y
— RN - H AT ACH Ry GRS 4R (CNN) DB R A BRSO R (LS TM) IR B 3% LR
FHEEHERE(DNN) » L imsl Sy - CNN geS S R g S BUE s EAVELAZE - LSTM HAllfg
el E AR TT > 5% DNN B o RG] 2 5 o] o By 22 i - -

[t SRR A TCC300 1E A dll4REERE » FrE S BryHEL /2 40 4: Fbank » A
e A LSTM A g sl > SRS RE 1 EREEE 7 RHE AL
TERZRAR - HAYER SR PO e S AE A -5 e AR IR B R BRI - MBS e 2 B
HUTETA PR LSTM g i BRI T E - RRERGE S8 E - BE B4 S Ryt
2 > F1 CNN 18 ZEHE 4 2 e A Sl [E T2 1) -

Input -~ > Output >
|

Memory blocks

. RAHGC BB
[Figure 1. Long Short-Term Memory internal structure]
g LSTM 4l EL H & £ 512 B (Projection)fig & 3£ 4E (Recurrent) fg 85 H &
Fy 256  TIFEA ST » B T REGBEIE S A AN - FEME AR AIR P &2 PR AR W (B
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(Clipping-threshold) £ 30 » BJJ%& 1o & A7 LRGBS - AFIsR 352 e By 30 Wb — RSN A5
JEE AT IS ) 2 Y R B 28 R Y TR

540 7E DNN &5y » B T R o % S B N E A S - A7 it 2UE
}H{E(Batch normalization, BN) 75,2 (loffe, & Szegedy, 2015) » 45— DNN 7 i H ¢ B /)N
BUHEZE (mini-batch) 77 TEARAL » 20 E— Rk =T LUK RIS ISR E2 5 2 SRR BI| Sk
DA Jsg 8 T o e 25 1T 2 i ) 248 P55 5 5 (Owver-fitting ) Y T RE

5. (EESHERI 17 (Language Model Establishment)

ARHFZE B UL — PSR SR 548 0 RILE RIS A A Z LS T
Heak ) op SR o W1 2 Fow 0 BEILRIE R - B SRR T A KRR E R
B TR A0E AN 2 B8 b S s TR o RS T TIERE - BRRITARE
¥~ HUR[EFE R 55 (Variant Word, VW) R » #2E RIFEE4H(Term Frequency, TF)
JHE ZEHE (Document Frequency, DF)#E{T#ERE » —f2laR - sB S Wk 4 2 sE S AR
FLTF = f DF I 2 sl g A oe e T /s~ B 5 X+ — & 5a 4y Bl 237 = {1 3-gram
SEETER S MR &R B [E & BT BRI SR B 12 (Z) EHif#
i Bk DA PRR GRS R I RE S A -
L.fst

+ 2
g ¢ 3 AL > TFIDFE i» ;;ﬁ] > VWi > Gt
P op

2. FXaESRAEL T

[Figure 2. Chinese language model establishment flow chart]

5.1 SCFEERERE/ (Introduction to the Text Corpus)
AT R RN SR B A 7 S sk 4 4.4 (BEEE 5 - BELAT ¢
& OEHEESE(Sinorama) ¢ NE By fMERE L SCE > ERME( /MY 1976 2 2000 4 -
¢  NTCIR: B—{EE &R R GRS - KSR EREA R SRR
AL -
¢ e P TEE LR (Sinica) © T EEBedEs - NEE S S EE - DIEES i
5ty 9 RV -
* Chinese Gigaword : Fq Linguistic Data Consortium (LDC)%:&3%77 » AR EFEE
Bt - LSRR SRR -
* HOC R ETREEERHWIKI) - R A RN S Bz - HEESHT » REisE S 1
RIS Ry % 7E > ELB IR -
¢ TCC300 : G&s ~ Jf) ~ &4A) AT 500 B R T EEHL -
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5.2 BEEERTEHEFIEE (Preprocess of Variant Words)
ETHAEZREZR: "B EHF, 0 HRPFEREXIRL TR FEERTEM
FAE » MAECFALEEE > FRFEENA % BN LALLM ER > &2
FEEtEH > SEEENRZEIVETIER T "2~ EE -~ £F ) 00ikn > HILtERRE
FHEHAEERTEA—  FEo8 - BFREENREY: -

GRS HRERREE B R AH > ARG A > 403R 8 Fr - KELETILA
= EPEE - EPEFEEPES  BEREAZEIETFEMAREZ L BY
By TR E P HEEFIESE » DS S s > (HREE S AR R - W
S E A R BEENE R T EAEHE ST sty TR B

TE— > NILEE SRR ER T T 18FE— ) EFFEE > RERMEESEHLEE
Mig—F  TEEHEAEZE S EEETHANER K TH— Bk "#H—, - T2
BA— ) K THEFE— o AWFSEE 2 [E$ B 5EE % (variant word table) £y 4261 5 o

#8. BEZHTEHEA

[Table 8. Example of variant words]

2 st BHAT LT B T
& &
EA
1 151
E T
S
KE FE
s i
LET S \
I -

6. EERGE RS ER (Analysis and Discussion of Experimental Results)

ARG R AT B R4S SR Y o M BLERET » Horh B & (i ] i 500% (Free-grammar) 27 55 S #EB0H
# i fE R (Syllable Error Rate, SER) » PARIAA [E]5E BLK/ N2 56 = ARG $E AR
% (Word Error Rate, WER) B H:F[IH {4%;(Real-Time Factor, RTF) °

BN BN (L) PR » FoR T3 —{E S HE 75 22305 (decode) 2 5[] » SR By AN 9T
SEE EHE [l Ry 10ms » PRI AT DARRRE Sy D RS Za S P AR < RIS ] T 2 2
Fsl[IFf %4t (Real-time System) » HIl RTF ZH/NGY 1.0 3 et ny oA A e Lo By DUR =
fd e R © UL $EE% (Substitution) ~ i AU $E 5% (Insertion) K% fiflf 7Y £ 5% (Deletion) 5 ¥
e G T BT R (QFR

i bl AR e (o 4 Rr PRV R (Viterbi- algorithm) - 325 3 S8 48t i LR RE P41
HFET R R R (2R L B A B RER: - BRI A H4 =08 5 A (Beam
searching algorithm) » 3¢5 £ K f7 E IR AR R (Max-active states) f Ot H{E (Beam) » # & T
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EAEFTA 1] BERS T (Hypotheses) - SR 3 82 Ye R EEFUE » BlE NS EHLE = 4y 72 A7
HHAE > AIMIEREZ SR AR RHREE BRI i R EIRRE BT > AL B A S R ST
PR > (HEE RIGEET RS » AWHITEEE e R EIREESR s 7000 ~ Y5 (E £y 15.0 -
Seconds
Frames

S+1+D

RTF = x100 )

ER = x100% @)

6.1 ZXAFMEHEEBELEEAPFHER (Various Types of Neural
Network Acoustic Model Recognition Results)

Ry T Gt iR A SO A QERS R B B P KB B EET U RS - (AR SREE

1} Ky TCC300 » CDNN Jy— G (2L 48 (CNIN) &5 & 2% e S AL 4 S (DNIN) - g Al

Z R T > WA IR - LDNN B RAHHEC IR (LSTM)4E & 28 @ B At aes - %

TR & B R AR IR PR e o B iR P E SRR - e S A i e 5

ifi CLDNN Hi%h & DA E =f sl 4dpg - SRR AIE 3 Ar -

=) S
8 S =
—_— — = o
| & y Z o £ o Z o 2
2 » < " E S " 3
< = E
» a
X
c
@©
o
L
Q
<
a
-
+ - o~ ™ - ~ =
@ > > = prd pd 3
L 2 » » = > > = > Z » £
F | | | @] & o
N
—
N
% ) %

(& 3. CLDNN fH /20
[Figure 3. CLDNN model architecture diagram]

MEAFERHES 3 JRBE R ] TCC300 » HEIELy 26357  WHHEE R AR 9 Frr > B
THAE AR B L AR AR T S - BN BV E B R HEHY AR R 5% - (i
RAEWECEEAERSERAYEY FRIRIEE Amey - HESEREEL 25% > HiE
{50 FH AR ] SR AR A AR BIBEST AH S FEIF - 18 CDNN Jz CLDNN 2 RTF » {4725 Hi
fEHIHER -



[ RATR S (G SIS 1 1 D B o< T 11

K. BTG IR EF R

[Table 9. Syllable error rate of various neural network models]

Model SER (%) RTF
DNN 21.17 0.04
CDNN 19.52 0.05
LDNN 15.72 0.10
CLDNN 15.23 0.15

SN ARE NI ##E = 1Y (Chain model) (Povey et al., 2016) 3 fE RS2 » —f%
A BRI o (5 P Y 2 B AR AR (DU (Maximum Likelihood, ML) » A7 i A A LS8 J HL
FrE S8 MHOE 5 s A2 R A B & s H0A R (Maximum Mutual Information,
MMI)EFTEISRA1(3) » H PW) Foréa i 23U (Transcription) i R 7 W 2 GBS 5
MR > A B & ] AR RIEARR, - MM R Re B AR M FRFTE 1TAS
XA » T ARAE Fyy TGRS E SCARMNESHERE P(O, (W) FEFT A RIS i Fy 28
(HiE— el SR B T fE R4 (word) | B GBI SUETERCR AR, > R =AY
TEN S L & e DL 2 (phone) Ry B80T » 72 17— (& 4-gram 2 sES AR (E Ralll SREF S H -
FANEEE 4 8 5 o A PR 3 5 2 FHEZEAR (Sak, Senior, Rao & Beaufays,
2015) » H[l— /’téﬁf—z 30ms 2 HHE > DLURE B RGEEAY HMM $0EE - —{E & Z (phone) &
—{E HMM $gil » R L = A i i bE — A S QR R I = (2 25 > B hess
R0k 10 ﬁﬁT » Chain-CLDNN fE & it e U RTF # 7 F#: CLDNN BRI -

2 p(O, |W,)PW,)
F — I r r r
= 2109 S P(O, [W)P(W) ®
=logP(O|M™™)—log P(O|M*")

frame 2

“IIIII#IIIIIII

frame 1 frame 1 frame 2

B 4. AR E RN EE

[Figure 4. Chain model frame rate diagram]

dy a,; ay, Ay
AL DA A
-»

B #IEEEHZ HMM #75E
[Figure 5. HMM topology used by chain models]
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72 10. Chain/Non-chain A ZA#E 8%

[Table 10. Chain/Non-chain model syllable error rate]

Model SER (%) RTF
CLDNN 15.23 0.15
Chain-CLDNN 13.66 0.05

6.2 MK GRZE R S EAVEZ L (Impact of Increasing Training

Corpus on Recognltlon Rates)

EiéT%F” £ (Deep learning) B2 as 225 b - O o B AL T & (Over-fitting) 2 fif]

A RENEA R - RIRECE A ST 50 Ry g > J37ERR T AW FE AT 8 - HE R R
1bz9l\ FH—EJ7E R BRI SREER - A EERERBE T » sJlEEER
B HA S i R 1 0 31 SR EORE o Bh R S A 52 4 R B (Image  Processing) <H i, . #2 & 3
(Krizhevsky, Sutskever & Hinton, 2012) - [& 5 A] DL & jjEiE (Rotation) ~ ENEE (Flip) ~ 4EAL
(Zoom) ~ “Fi%(Shift) ~ R (Rescale) 5 J7 A E A M EH -

PO E T > JRE EFH*EMEW?/& ELanc# B 1E 2 & i (Pitch) ~ EiZ=(Tempo)
st iR (Speed) % zE A4 it 2 Bk 8 FERERHE » B8R T (£ F TCC300~NER Jkz AlShell
FERHE - INFIF Bl ARE A EE R 1.1 K 0.9 7 #E#EERH(Speed perturbation data) » 3Ifi fifl
NG EREER} -

FBEGERAFE 11 AR > E5est i —M CLDNN 58 - i A AlShell ZEitE - 3l 4kEE
BHHIEAHY 24 /NFFHEINE] 186.4 /N » 82X AlShell FEiRHE AR B HR B & 15 » (HiZ2 %
BRI ISR & 2L 16.5% - 25 DIEEE{E R34 » WiE 6 Fros > RIET LA
HHE > FEFRTEHEREBRORE FATE SRR e 2 5EE - BN R sl
FROR LIS - AIEESR - PEe Z 40 5 2 s (@ (Robustness) o

BEEMAEN &8 2 NER Eéﬂié Hl o SSkEERIE I 297.9 /Ni% > AT
e 2 B EhEE AR T > M hNZE 900.7 /NEE - X34k CLDNN §#=CBAY > FERas a3
12 ~ [& 7 fos e

F 11, (BT ITSERFR CLONN S

[Table 11. Comparison of CLDNN models using different training corpora]

Model Training data SER (%)
TCC300 15.23
CLDNN
TCC300+AlShell 12.87
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—el — - TCC30
2 T Yo AISH 0 — 00+AIShell
. ’ B //.'\
A U ! o ’ /‘
N W
= " 5\ ! C N ., A\

N g [ Y ! = % /’/. \ -
£ ¥ \ v - S~ -l —. — {b"—’ -
= 10 i A I & — P
= N - ~4 7 = -

w " N

0 ) i ) ) 1 2 3 4 5 6
y 1

Male Speaker ID

Female Speaker ID

[B76. TCC300 K/ F MR A2 &R #E
[Figure 6. Syllable error rate of TCC300 female/male testers]

F12. (EFEFE4EZER> Chain-CLDNN gEZH-#t
[Table 12. Comparison of Chain-CLDNN models using different training corpora]

Model Training data SER (%)
TCC300 13.66
TCC300+AlShell 11.97
Chain-CLDNN
TCC300+AlShell_sp 11.49
TCC300+AlIShell+NER _sp 8.92
16
13.66 —@— Chain-CLDNN

14

11.97 11.49
12

SER (%)
(o]

0 100 200 300 400 500 600 700 @800 900 1000
Training data (Hr)

B 7. GRS E L B EPHRE
[Figure 7. The effect of the amount of training corpus on the
syllable recognition rate]
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6.3 MARSEAEVWRTAERBEHPEBREZE (Add Language

Models and Explore the Impact of leferent Environments on
Recognition Rates)
AR EAFAPT BRI 225 48 900.7 {iE/ NIF 3l Sk 55 172 Chain-CLDNN f5 Y/ Ry B EL R »
HEEERHED 284 1. BISERE . TCC300 ~ 2. H#Msha H & =k Z 2 NER-clean
3. HEMEsEE B EAEEH 2~ NER-other » ZEIFFEAAIZR 13 & h1 A =4 Tri-gram sE S
B o3 s Sa SR NGE By /N~ R Rt T o o BRI e R A IR
(Oracle) Rl &g E2 5 MR F 2 F R IPH & 58 2 IEMEE N T sh S A S s sh e
LA K EDO(Error Due to OOVs)» H[l OOV i fl > $E 2 » S —(# OOV §22E 2.103 {3
ARG G R ER R RS T R SRR (WER) - 41%% 14 3% 16 AR » RTF i =
{EPHEEE L3 Bl By 0.27 ~ 0.48 J2 0.59  ZATTANE B s 2 Sttt Jei oK 2 HL B 7 Rl S0
domain FH¥H{FH TCC300 JHIFNEE - if NER JHIEUEEAIZ RikaEtEan H - Rt AEEFIH
NER Z il SRaBihZ a7 58 = HA 2 3578 - W0=0(4) s - EERsS R Ak 17 fr » WER
ERRIEENE -
LM, =0.3LM . +0.7LM . )

adapt

7¢ 13. Chain-CLDNN BZE PO E HIEA B 2 B Ri#t 2R
[Table 13. The syllable error rate of the Chain-CLDNN

model for each test set]

Model Test data SER (%)
TCC300 8.92
Chain-CLDNN
NER-clean 16.89

[ TCCAINER-sp ]

NER-other 22.14

214, /(B FTE = R R
[Table 14. 80K Word LM recognition results]

80K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.73 6.74 5.85
Chain-CLDNN
NER-clean 24.95 9.39 2.48
[ TCCAINER-sp ]
NER-other 31.92 11.92 3.91
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715, - FTE = PRI R
[Table 15. 100K word LM recognition results]

100K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.12 6.06 5.19
Chain-CLDNN
NER-clean 24.80 9.27 2.25
[ TCCAINER-sp ]
NER-other 31.69 11.57 3.26
#16. BT
[Table 16. 120K word LM recognition results]
120K-LM
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 6.56 5.34 4.52
Chain-CLDNN
NER-clean 24.72 9.05 2.02
[ TCCAINER-sp ]
NER-other 31.61 11.42 2.92

R, S ZH T = PR
[Table 17. 120K word adaptation LM recognition results]

120K-LM-Adapt
Model Test data
WER (%) Oracle (%) EDO(%)
TCC300 7.79 5.87 452
Chain-CLDNN
NER-clean 15.12 4.00 2.02
[ TCCAINER-sp ]
NER-other 21.66 4,74 2.92

7. &EsmERAKEE (Conclusion and Future Prospects)

R3S {# P Kaldi speech recognition toolkit A< B 545 & 4 B HHACABES « AT AN R%
AR ARG YA SR (CLDNN) » 43 5 SR I L e BT
R SRR B8 B %5 + HUHE R A R A R B B SR R
AR+ EAIAK R F AR HIGEHIHNER - Alshell) » 35 R 0 S s i -
BERERL Y SRERERRTY » BATELIBIIRE 44 (AR OIS Trigram SR+ 1L
K SOAIRE A  HERETRET R RS S B IR
VISR - thpbi - MBAAER 2 20k 77 (domain dependence) 1 % -

R EEBREE A 2 oSO A B A BT AR R e AR TR T M
(6.56% ~ 15.1296) 5 R $EfT#IR » (ELRAF (5 FL ISR S HOPEBE T - g it
21.66% » [RIILAE SIS R T AN T - T2 —(ETISESRAE » SHONEFSBFEAIA 1-vector
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TE R RS BOE TR SIS (Madikeri, Dey, Motlicek & Ferras, 2016) - HHY /R 17 523E
sEE R WO ARG - BISEE R R R T E WA R A EE
(semi-supervised learning) (Manohar, Hadian, Povey & Khudanpur, 2018) » B £ fiisl 25 <7 A
ZBEL o BEEPERGER 2B O BUARE S IIA Rl SRR ZEREES A - R
AN#IERE OOV Z R - HAF SCAHEST /3 H8 - DUEREHI A domain ZEBE S AL - DU R
RAE T AR M RE S A A T B -
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Leveraging Discriminative Training and Model

Combination for Semi-supervised Speech Recognition

BRI ~ BRAAH

Tien-Hong Lo and Berlin Chen

T

1 A2 8 B =0 )1 F (Discriminative  training) iy B fZ i #5 Lattice-free Maximum
Mutual Information (LF-MMI){E B &5 3 JE 3% (Automatic speech recognition,
ASR) FHUS T E KAYZEH; - B LF-MMI £ 5B S BB Nl R a5 -
PAIMAE P EE H G E T HR 1584 (Seed model) i R K 5B A PR 28R A
£ o HH7 LE-MMI B 8 51 =0k 2 i 52 B IEREEL S Is2 2 - Kin
SO o e Ly B AN R o H— o 5[ A B R4/ (Negative conditional
entropy, NCE) f# 5 81 55 [& (Lattice) » Fi % 72 i /AL 58 & B 1 8 5% 14 1
(Conditional entropy) > Z£[E]¥f MMI HY£: 5§85 (Reference transcript) fif 8 3414 -
REEENYLCERE H ZAMAIA MMI Gl S > 7 SRR R E M s - HE A
fiE(Z 0028 25 (Confidence-based filter)th, AT 3| SRR - 1% AGw] ] - ELEC B
HYR e R R > IR E S R BRI 2EEE
(Reference transcript) /YR REM:  H = » RS EE#LHEEL 7 (Ensemble learning)
HIRE S - (59228 28 (Weak learner)fEIEZ IEHYSEER - 70 R BLah J& 4 & OF
(Hypothesis-level combination) 135 HE &4k & {(Frame-level combination) - &g
SHIRAEUR » 0 A NCE B Za] & B 52 7 (R $E 255 (Word error rate, WER) » [T #5224
“ff(Model combination)FIJFE 1 (& ELBEZFE T RUAE - Hl & 45 & Al a1
{8 (WER recovery rate, WRR)ZEZF]] 60.8% -

BRI © HEE TR - BRGNP EEEEIGR - AT B - LF-MMI

" BT EEAT A R AR
Institute of Linguistics, National Taiwan Normal University
E-mail: {teinhonglo, berlin}@ntnu.edu.tw
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Abstract

In recent years, the so-called Lattice-free Maximum Mutual Information (LF-MMI)
criterion has been proposed with good success for supervised training of
state-of-the-art acoustic models in various automatic speech recognition (ASR)
applications. However, when moving to the scenario of semi-supervised acoustic
model training, the seed models of LF-MMI are often show inadequate competence
due to limited available manually labeled training data. This is because LF-MMI
shares a common deficiency of discriminative training criteria, being sensitive to
the accuracy of the corresponding transcripts of training utterances. This paper sets
out to explore two novel extensions of semi-supervised training in conjunction with
LF-MMI. First, we capitalize more fully on negative conditional entropy (NCE)
weighting and utilize word lattices for supervision in the semi-supervised setting.
The former aims to minimize the conditional entropy of a lattice, which is
equivalent to a weighted average of all possible reference transcripts. The
minimization of the lattice entropy is a natural extension of the MMI objective for
modeling uncertainty. The latter one, utilizing word lattices for supervision,
manages to preserve more cues in the hypothesis space, by using word lattices
instead of one-best results, to increase the possibility of finding reference
transcripts of training utterances. Second, we draw on the notion stemming from
ensemble learning to develop two disparate combination methods, namely
hypothesis-level combination and frame-level combination. In doing so, the
error-correcting capability of the acoustic models can be enhanced. The
experimental results on a meeting transcription task show that the addition of NCE
weighting, as well as the utilization of word lattices for supervision, can
significantly reduce the word error rate (WER) of the ASR system, while the model
combination approaches can also considerably improve the performance at various
stages. Finally, fusion of the aforementioned two kinds of extensions can achieve a
WER recovery rate (WRR) of 60.8%.

Keywords:  Automatic  Speech  Recognition, Discriminative  Training,
Semi-supervised Training, Model Combination, LF-MMI

1. 3% (INTRODUCTION)

AT A AR ER A JE 1 4K 4 B% 1Y B B2 U (Deep neural network-hidden Markov model,
DNN-HMM)H 15 B8 K Y 2Eh%(Seide, Li & Yu, 2011) (Dahl, Yu, Deng & Acero, 2012) - {#%7
iy DNN-HMM % 3822 5 1#5/l|4k (Cross-Entropy training, CE)Ff1#E R]=\3/|4f(Discriminative
training) (Valtchev, Odell, Woodland & Young, 1996) (Valtchev, Odell, Woodland & Young,

1997) (Woodland & Povey, 2002)

W P BRI R T B AR B A BRSO CR, - LHES
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P& BV A=A SR - AR - s | TEFZHITERY B o B i =Xa 4k
Ve F REFEEEES S » 40 MMI (Bahl, Brown, de Souza & Mercer, 1986), MCE (Juang, Hou
& Lee, 1997), MPE (Povey & Woodland, 2002), sMBR (Kaiser, Horvat & Kacic, 2000)
(Gibson & Hain, 2006)#1 bMMI (Povey et al, 2008)% - 73T » fEZBRIIVIE& » NiEBRE
— P& EXHY CE 3148 » 1 1) =l 08 i — s B 31 S 1 i 36+ v ) 1| 4R (End-to- End) t BB 77
HRimE TR m 22 B8 B CTC (Graves, Fernandez, Gomez &
Schmidhuber, 2006)#[1 Lattice-free MMI (LF-MMI) (Povey et al., 2016) - Bii&fEzBRIEHERE &
JECEE R 500 /NERRYIESL T » R Al DRSS s Egny R ITA - MtEsE
B TAERE R Rtk = EIL T - BERGES T - By LA RT# - RILRRy T H AT
e 2L JHIIRTE £ - £ (Povey et al., 2016)HY E i fEg o » Z&j LE-MMI Y E AR g -
A RLE WG L2 EE - DI RIS a4 s - EER4E SRR LF-MMI SR 5
BSMAISELIR SMBR —3% » ELEITA% S SMBR it HETHRRAS SR - 24T » FEi e
SIGEAEE T+ YRR T A R BRI (Data hungry) « MG + (ERAE/NGE
ToHEE EAYZRERCGEE /N 100 /NE) AR 8 7 K RHERY (B 5245 5 (Pundak & Sainath,
2016) -

R EARET - HERERAN A TEEER » RESENT 0SS0 - &35
ARG R B HVE R R - SLOVEE A RSO R SR AR B S BRI SRR - #a4h)
Fhan  REFEAE R RE S BRI » WINAFEE G Sy E SEA G EER - 55
— )7 - FEEE ISR TT - NME O] AR B BhsEE PEsava e - R R 5 )
825 (Automatic labeling) k& #4223 (Transfer learning) ~ £&34 5578 (Speaker adaptation) ° &
TERIBFFE - BB = B 5 R (Zavaliagkos, Siu, Colthurst & Billa, 1998) » 575 RAVEI4k
7 5E B Bl 4R (Self-training) (Vesely, Hannemann & Burget, 2013) (Grezl & Karafiat, 2013)
(Zhang, Liu & Hain, 2014) » B 3SR 2008 1 200 BERIPE B » 5B — P& B R A S aBk)
dll ekt IEA E FRRE - 55 PR B RIS A IR A oK B s h k) MDA R
HralleRsiiy o 7R25 " IEECIRAS R E BB X g H HE - HIILgHEINAGL#EIE
Z%(Confidence-based filter) (Lamel, Gauvain & Adda, 2002) (Chan & Woodland, 2004) (Liu,
Chu, Lin & Chen, 2007) $kEEINSEEE} - sZENF A F @R FET - 2 /HEERR
(Vesely, Hannemann & Burget, 2013) ~ i @4}k (Thomas, Seltzer, Church & Hermansky, 2013)
PR B ] 4f (Grezl & Karafiat, 2013) (Vesely et al., 2013) (Zhang et al., 2014) -

AT LE-MMI 3§88 77751 ASR HUS T ERAVZENE « AR ESHY P& B4k
LF-MMI 2 {55 A3l 4 B g el - [FIRFAE R AU 1 VS H Al i (B RV R - FE
LF-MMI {EEE IR T EGRFERSE » B E IRIE TR AA R -
TEBAERYBFT o - 8 5l =Cal SR B 4 SR AR R 5 sth (T i 311 488 58 5 /Y TE 1 4k (Mathias,
Yegnanarayanan & Fritsch, 2005) (Yu, Gales, Wang & Woodland, 2010) (Cui, Huang &
Chien, 2011) - [fij & 7> #8570 SRHY LE-MMI 0[S A TEREME 173 BURL - 231 @ (EF8E
BN GEE R - FHEE S Bl GRS A (ReE B M AV IEMENE - IR B EEE
J> P B o A =CEl SR TS Lo i EE » %1(Liu et al., 2007) (Mathias et al., 2005)/ E1E/Z



22 GER P EABE A

R O E RS I ASE R =UE%R - /e (Walker, Pedersen, Orife & Flaks, 2017) JIAZES
JESRAIE Lo 8 as PR A% e R e FE H#a 4 SF(One-best result) - A5 S B (Manohar, Hadian,
Povey & Khudanpur, 2018) (Manohar, Povey & Khudanpur, 2015)fH[E] » 258 B HI A FEE
P LUBR {4 5 (Conditional entropy) Y2 AN » (i BE B 1l 5a] [ 2 i — P& BV ANk < ANG
BIHAENE » BMREREN T AMIE R OB e Essabll - DURERE@E A EZ -
FIFHRERE 2 HEL S PRSI R & O 2RIV R -

B AL S OF1E B 85k 5 P ek b AE U (8 7 B — B AU Y Bl 3R (Fiscus, 1997)
(Evermann & Woodland, 2000) (Deng & Platt, 2014) (Xu, Povey, Mangu & Zhu, 2011) » 1545
AR HE BRI T 511260 - S IR a] DU IR BEAVSEER © /DS B A A R Ay T
BEME © DR RS A SIS Y (R 22 [ (Dietterich, 2000) » A LAME TEF ISR AT © 4135
FlEEFE(Data selection) ~ HAZEpL#E(Objective function) ~ fE7EI(Model) - 32 # FeHARFFI
BRGEEHE NAVEER 22 /] > A P R U SR A PR Bk S SO RE PR R AV - 314k
HYABAE Ry & AN SRAHERE Y > BRI SRS AR YRS B A & DRSBTS
B BERYSERR - DRI RUAE - EHEIFIERERE RN G075 - BERRT
& ff(Frame-level combination or score fusion) (Deng & Platt, 2014) » DL K R @4k & F
(Hypothesis-level combination) (Fiscus, 1997) (Xu et al., 2011) - f£(Senior, Sak, Quitry,
Sainath & Rao, 2015)1Ji 5% FF B HE/E 4 & GF BN CTC Ay ] LE-MMI ##{ £ CTC
(YRR R > R EESTEES B LE-MMI 14§45 2 B A [EEER -

Kim XXHVE N B E R RSB =Z AP EE IR T - (o & 5k (4 40 B 5] [ e B
LE-MMI #Y3lll4k - SRR S GRRT - 2R TSR e aa 5 - B RN
BRI YT » ARE RN SRRV IR - E 2 RSAF A E R R RV SRS R -

2. HERECEEE (RELATED WORK)

RiEam B ARV E LE-MMI B3R » i —5F1 F A & ORIuig s 5%
gE o HrP BRI Aoy = A0 1A ¢ R EVE VRS MMI B LF-MMI HYR 8 | &1k
RIS & Of it -

2.1 FECEAFGRPNEEREAT (Semi-supervised Acoustic Modeling)

P EE B EAEA HAYE AR NI - RERAVEERE - REAREEEER - HEEE
R SREERHYR UCED » 5% 7o R AYEEIRHELZ 2 B ATEoHT 7Y ASR Z 4 ] AZRHR (B 52
HIERAZ — » (HIEFEAERESEBRREE AR HX > FEIE 2 E R+
B (HHUS RS EREIE 515 % ZA0 R R R SR RS SERMER T B 2AIRE
iz > EREZHIME - 3G EDREIREAVRUCHED - MR R AV JT7E R E T
Il 4# (Self-training) (Zavaliagkos et al., 1998) (Vesely et al., 2013) (Grezl & Karafiat, 2013)
(Zhang et al., 2014) - HEFIERATTER 73 R WIFE B - 5 So (o I S aBbh s 1 5 5|
F8JE (BT By CE gll%k » (Bt mTn A SR =XaN1 %K) - 55 =B X AR AT B B s oR i R ol
Bl A E O EES(Lamel et al., 2002) (Chan & Woodland, 2004) (Liu et al., 2007) gz



g A Ry S S = e o 23

N SREEIE - 28 P BE & 82 203 | SRAVEERE  FF B3| SRS - 111 {500 488 25 (Confidence filter)
o FHEE &R (Vesely et al., 2013) 56 &4k (Thomas et al., 2013)~ 54 &4 (Grezl & Karafiat,
2013) (Vesely et al., 2013) (Thomas et al., 2013)Z%f&E @4k T o B8 A= S5 E)l
o 3B/ TERE M -4 B Ei(Mathias et al., 2005) (Yu et al., 2010) (Cui et al., 2011) » PR H i
FERTIIZEE TR (5 0 S 2312 - £E(Liu et al., 2007) (Mathias et al., 2005)P i HE/
PEIE o R RS I A 8 A =UE 4R - T AE(Walker et al., 2017) 4% 8 51 =148 i AGE 5] @ 4k
(5B 25 DL R 14 e PR I o 4% B - (Manohar et al., 2018) FIli s8] B ALE F BB =
LF-MMI (3I14k -

2.2 Lattice-free Maximum Mutual Information

2.2.1 MMI

{6 K AL AT BE M (Conditional maximum likelihood, CML) (Nadas, 1983)fy H A& 54 24+
ETEEESE O FIEAISZER - {H A 5T (Transcript) B ¥ B AT BEME © 271 By IE M5
(Reference transcript {2 » 53 BHRFTAT T SEHIMER - (N By — BRSO IRIA » CML
R T M B AEAIHY MMI (Bahl et al., 1986) » 740

FMMI — Zu lOgP(Su|0u; /1) (1)

(DAY u BEEA] > S, ByEET] u B IEHEIREE P51 (Reference state sequences) » O fyEEH] u Y
B MRS - MMI B B E R AL BAtry =+ - sFARVET R & H =
TEHH (Bayes' theorem)#FfEEE=0(2) :

FMMI _ log £ QulSuwhP(Su) 5
Zu 8 S POuls DP() @

ERQ2)T > Sy BysBAa] u Y FHIREE %1 (Competing state sequence) A 12 i §2 Hi =3I 4f -
AR AR R BUE SR R AT IE IR RE P H 1 A B FHIRRE P51 - S At R u AR ]
to i e Ry (u, t) > HITAT R =0(1) -

SFMMI

a0 = Osuytun ~ Vytun )

BT s,y Rt/ # (Indicator function) » &y (u, ) HE Y EHEREE 1S,
BE R 10 RCZHEs 0 = yytn AIFRy (u, ) R IERBIREE P H I & % (Posterior) » AIEIR
wrr e

yy?(il,\;) = ZS 6S:y(u,t)P(S|0u; A)

— ZS 65:y(u,t)P(0u|SJA)P(S)
S o1 P(0uIS)P(S")

“
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AR B HEE 2RAE(4) > () Rt ERTA R RN BERAVE R 1 « 1282
FEARIET T > B TIFIA CE fETRIAIISRIR H1 Bk ZEFRT A/ > (515 MMI HY35:5575 1
A IRAVEE P - ERE R BRI SRS T A EAVRICR - B R T L A REFY
EEE - EFRFEZERN CE FI4k > HZMRiC CERYFISK » 25 BT MMI 5l SR{£RETL
FI—PEES CE 3IISR45 RAYE M i fEf% - LE-MMI F g2 (HAETHE » fERH—
PEE% CE FHYalll R A=l - Bl n] ELRERT SRR AT RER YIS Falll 4R

2.2.2 LF-MMI

JTAEAR > (Povey et al., 2016)sF#2H LF-MMI > #5875 2 CE 3|2 4= sl B 1y U a0 B -
H[ i Fy CTC (Graves et al., 20060)FY ZE(H 24 - T2 AU - FIH 4 HEZESEA
(Four-gram phone LM) H R & Bt/ 3 3% Z5E = 1574 (Tri-gram phone LM) » EU{{{#
Gl ) A | SRR ] o (RS SRR 22 R/D 5 2 1 20 fe e o 28 FE & (Overfitting)
A SRETS » WAL 528 CE 1EAIITH(CE-based regularization) » 523/l 58 [FHF A FE 1L
LF-MMI #1 CE ; £ CTC HYRI{E/E E45,R 58 HMM (2-state left-to-right HMM)HJ4
BEZERE » HEE—(EARREIZH self-loop » FH{LLFY CTC MYZE (i H (Blank) » &M EELHIE
SRARAR RS i 2 A UE A b(Softmax) - RFEAR SZIRREAV SR (&R » T2 (R 8A]
HETE(Pseudo log likelihood) o Fif g # HY L 8 {5 15 MMI [ 3l 4 0] 15 — i B Y A ER A5 R R A
AFISE > HOW A B e B S E L - 2 5e 8 = (Full search) A EIREFS
E B R P AR S5 2 R R s B s BRI )1| f = 1% R B A 2 RIS CTC 2R 4 -
Rl LE-MMI 5] 15 £y CTC HYE(HZERE -

2.3 HERIEHER T (Model Combination)

FERSIE R TR 2 (A O AV EGR 22 R - H DUME T B — 1A DU AR R - 205k}
#E1E (Data selection) ~ HIZE K (Objective function) ~ fHAI(Model) - A T EIR i AV E
B AT REHG SR YIS0 JH B AR B #E T (Dietterich, 2000) < /£ DNN-HMM FYEAIH >
AT AT R « FHECZ R - AIPETERHE% %2 (Random feature projection) ; ZR1EZ5 1%
T » 41 DNN ~ LSTM ; BI85 k51 - 1FEH% #)4A{b(Random Initialization) ; §i5 tH H A%
%t o WFERE AR (Random forest) (Dietterich, 2000) ; B f5 % (Transition model)fIE
=154 (Language model) Y 2551 (AL sE S W AVIE R & OF al 77 R W - BGERIER &
B (Hypothesis-level combination) (Evermann & Woodland, 2000) (Xu et al., 201 )FIZHEE
& & Pf(Frame-level combination or score fusion) (Deng & Platt, 2014) - ROVER(Fiscus,
1997). M 2 { ASR 2 LAY AT REEE 53 (n-best) 45 SRAVHHEE » 7 a4 (Word frequency) 5 (5
0778 (Confidence score) & {Jf Bk B Ga|#E A4 ES (Word translation network) » H B E #5144
RA RIS - BES RE TP M(Xu et al., 201 1D)RIE R A ST 45
SRy [ B S > A B —EEr Ay e [ o &5 SRS BH 1T DUAE e/ IME B 008 5 R B g 1
(Minimum Bayes-risk decoding)t » %3 H =B SIR 5 £ (Deng & Platt, 2014)F 454
A RS A AR iy HH I R 7T A% 5 (Evermann & Woodland, 2000)F1 FH 47 EL(Viterbi) 4=
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1 55 [ B RS 7% 48 % (Confusion network) » HARHE & 7T AEAY BL 6 Beak K HAH R B GaIAY St
o EERERIER ROVER (MRS o BEZR F Al 26T AL & OF B A T (B B — SRy
FIH o AT AEEIERTIAZE S > I CTC HY#i Ry =16 53 {ff (Peaky distribution) » HHE/E
G PERE RN CTC AU » H 2 g LR Sy F i (Senioret et al., 2015) < [fif LF-MMI
Wethihy CTC MVIE(H - HEHERARE HFLIERBRE IR S Emay » R EE L EE
LF-MMI HyEHE & OFE A BEEER -

3. EEPALF-MMI By £ B2 B R 2 % (SEMI-SUPERVISED TRAINING
USING LF-MMI)

3.1 FEEE X LF-MMI (Semi-supervised LF-MMI)

RS HIAIITILT » 5 MMLEEATR CML > SRR TR - ATEFE
IR T » TR E B (5 TR IERE - RIS ST - R
IR QE =T -

SemiMMI _ P(0y|Sy, )P (Sy)
T - ZSuE?[ 0 ZS’P(Oul‘S‘,lA)P(s’) (5)

F3CHY u RsiBag > S, Bl u BYIEREIREEFS - (B P 5 B sURET M RIS, AR B 115
RIEE A MVEGRA - RELAFRECREE EIERENE - 0, FysB ) u VB SR - S' o) u iU
ARREFFA - IRV ATE S CE 55— P& ELAy 3 SRR fl AL 8t 7 P S IR BGER 22 R - (8
IS R RERE CE JISRIE AT E T &4 - ) LF-MMI 28— g (F LAy 5
EATUERAEER - A DU SRS B REE T R A RS F 751 -
ERMEERG) D TIHAVIERERY - Bid i N B RS R EVET RO =R E > i
e EEF B AR - BERE O (Beam) (R HERAVEIE - (REIZ p Al REHE
FEREEE  ERFGHERTEEME - HERERSCC B (Povey etal., 2016)HH—F -

3.2 &4 (Conditional Entropy)

Ail— B tP PR B IERE SIS, 2 NE PR AU E AN EER A - BRI RE RS H o FTEIVIE
M - RILEFEINASE PSS SR i TR EE g Y ERBAIRTZRIE - (£l
WIRRZE R By TR ILRRE > B A E R AE R — PR BRI SE S B R - IIAS LBE 2
PEbR BB EATsEa) - FDRECRSI SN T e | o EHkBREERNI IS ET A E S
BIERREDNGREFM - A RN LUEAPEERIISREERT > B AL SREF R B o B
(RG] > 55 B s ) — I 6K - i3 FE B2 IR Se 19 I AT A1 %, 0% (Forward-backward
algorithm)JII A T REEEMH] - WS =N(D BT ¢

FNCE = 3 o 3o P(S,10,, Dlog P(S,|0,, 1) (6)
R AR R EERIAY A 7 20 o (OB LL - AEAEE B AT RERV IEREF 7S, B - A
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T P(Sy10, VHREE A EE R R > A DA g 5 & R 1y o Bob e o K (6)#E— LR T -
FNCE = _Zu H(Sulau; A) (7

= (7)[F & NCE(Grandvalet & Bengio, 2005) (Huang & Hasegawa-Johnson, 2010) » T 0] LA
() Bfa TR 2 BANEZER B0, M T - 25 EE SIS MBI (Su10y, 1) < 20
(MEySCE A & E SR a2 I HE2A LE-MMI B R R - 11
ARG CEESSHVIF NIRRT IOREE S -

A BB EHEMERNREZMEA (MODEL COMBINATION OF
ACOUSITIC MODELING)

RIS HFRIECR FE BB IR IR AR EER R DB B R AT RE M ~ IR A
R 22 A BB AP BRI BE - FEREERIERIAY & O o] o0 Ry S HE SR SRR e Fg e - W9
HINELBEC RN U BN R ARSI B a0 NI EAERARIEE: -
"B ARAEFAE A ER GO - BARESITAE FARRE - AR HIPRREER

&1 SOTALER

[Table 1. Frame combination vs. hypothesis combination]

HE | SEBRSH BERGLR &b
REEEE | o mEIHEUERASRIEIGE |0 R BTG HIRAS
KRG N - Sli Ak L]
o (TR B (A B 2t
EHME |0 SHEEETHNBEREER | o SEEEFENERERR
SRIIEZ IR M: - LT AT SR H R o LA
(73

4.1 ZHEEKEDPE (Frame-level Combination)

HHE B AR A O AR 0 Bl o S A B A S BT BE M (Log likelihood) » 45 TR [EHY
HER AN - RASUHEEE » FrLLVARF RS RIAE - B n BT sE
MRS S s Y - T

P(Sutloutr/l) = Z%:l amP(Sutl()ut' Am) (®)

F(8) Sy Ay H AR HERE B B - AAFREEH] u (EBFFE R t HYRAE S AU - M By ORHIME
UGBS > o, B S BIEALERIMESE > Ha, = 0,3XM_ a,, = 1 - aff{RUA1E(Dietterich, 2000)
R I 4R FEf# (Diagonal matrices)¥f 2% Al AU 4R 4 & ff (Linear ensemble) » & (1%
S FE S %42 (Frame posterior) @ & i [& g =0 5 7] £ #5 %Y (Hidden Markov model, HMM)
AIEEERRT 3 O NI T sElE - W TR ARIBIZ T -



BB IR & P F B B A s 17 27

000 (000
000 (000
000 (000
ooo: iooo

..................................................

B L. WEERIVEESE SO - I RBEREER Gl BIETEE -

[Figure 1. Frame-level vs. Hypothesis-level combination]

4.2 BRERESHSHE (Hypothesis-level Combination)

e ek & BFAIEA AT ASR ZArafis— e ryieas ik b A i8> 45 TR RIREE AR
BT EOF - BN EIEERGH - EEEga OF n] eatIEED R gL > HRRBTH
e PR A ASR HYEHEE R - IR Ry ErIF -

hy = argminh& Zhu L(hy, hy) Z%:l B P (hy [0y, ) ©

Horthy By % Al ASR SRS EE AL AR PR3] - MRy DRV ERIUAREL © B Fy 25 BT AL R A

fE > H Brn0 X0z = 1 LE5AE ZJEZE’]&E%@%& SR {5 F 4w EE B (Edit distance)

ﬁ(%T@ﬁﬁ%%%‘U ASR A B LR - WA R Mb B R SR R 5  F A e B
o SEBRAERER A R EE T2 FE 1 -

5. BE (EXPERIMENTS)

5.1 EEz%E (Experimental Setup)

EE(HE ] Kaldi (Povey et al, 201D)EEZ 3R F T H A - sERlEE AMI (Augmented
Multi-party Interaction) (McCowan et al., 2005) - AMI & HF v = |G St e
(Meeting browser)z13E - H &5 @ (Scenario meetings)FIIEFIEA &% - HiE S
doeta AN SR BT - R ILARE - H PR TR B E RS
fIEest 55— T HIHIFEIEH &% (Non-scenario meetings) IS~ » #0 FIHREN £/ - £
TR SEEE T EERE - B Idiap BZE 0 ~ I TNO A BRI Z WL ATHY 2 4 5t 9t
GHERE s/ N B - A0SR PEARE - Y SE - AMIRERIETEE TG - XF ~ 58
T GO gR G A  EREE OISR  CF AT EE - BRI
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ZK2.AM| B4R ~ RN E

[Table 2. The table shows that some basic statistics of the AMI corpus]

SERLEE AL FlEE= SRR HIEREE 1 SEREE 2 qast
IINEFEY 70.09 7.81 8.71 8.97 95.79
FEETHL 97,222 10,882 13,059 12,612 133,775

AT ~ BB BIEEE © R EsE T Vel » Al R EEECI IR R  EE R
FEEER v, o AREER H AR TEEERER - 2 B AMI IVEEARLETEEE - BN EG AMI
HIFISR G2 A AR R NILE RS SREE Roalll SREE N3 R 48 - TR EE $E3 (Word
error rate, WER)f1Z3/{Z{823(WER recovery rate, WRR)/E Bz - WRR 401 :

BaslineWER—-SemisupWER
BaselineWER—-OracleWER

WRR = (10)

5.1.1 F¥ESEAEEREHEZE (Semi-supervised Setup)

ARE B AMIFESCAVEISREE VI E R 16 /NEFAY BE B (5 FE R 62 /NEF Y IR BB CRIEES)
set  RERENDAEREE - BERSE ERAEIS M PEEL - S5 —PEEL AR 16 /NIFHYEE B REk}
| SRfE Y DLUSCFHE Y 62 /NIRRT E SERHE I RAE - B2 B BBV e 4 28 m]
2ZE 2 - LF-MMI Yz E B (Povey et al., 2016)—#% » 15E2 40 4 MFCC F1 100 Y
i-vector » FEHAK A EE 2 {5 FH B ] AE B 4 % (Time-delay neural network, TDNN) (Peddinti,
Povey & Khudanpur, 2015) - ‘B 577 Fsalll SRAERIHTA R - DURREHEIVERIS6F - S
FEXEN GRS HENEER(e.g. M {EEL > HEEL /M) -

Decode
ASR system — Hypotheses
Supervised training‘ \
Transcripts
Speech
Speech
Supervised data : Unsupervised data
T
I
Tiraining data
I

2. BEairiE

[Figure 2. A Flow chart of the experimental design.]



g A Ry S S = e o 29

5.2 EERGEEELSTHT (Results and Discussion)

5.2.1 JDANCEHLZEE /=2 (NCE and Lattice for supervision)

% 3 EIAYRE A NCE FE SR 5 B2/l o) T HYSE R - 55 T AY Im-scale Jy25 —
P B S A BT P o0 B A TECRS B~ Beam [R5 5[] (R B AR T % ~ Tol Sy fERNISR
FRF FH 21 1 5 [ Y P HE (LA (Frame shift) » 1 {CF% 30ms > IS ALK ER EAVERE > IR
FistnaiEh o 55— EEIT - Baseline 2 H A 16 /NEFFISRAVE ST § No weight (NW)
AEEREIIA 62 /NRFREEESAURETL © Best Phone Path(BPP)Z Y NW 2 F > fILA NCE £y
FESE VR EHEER © Lattice for supervision (LS)AIZALNY BPP A A& - & 75155
i > LS iR SeAsaE VIR 1.5 #PAISE(Chunks) - B EIFTEIREDAGTS  Oracle RIE
78 /NEFHYEE ERENI AR - Dev Al Eval 73 Bl MIEEE 1 AUAGEUE 2 - e PRVGE R
AILVEH - R TE G PSSR - (A iMdETT WRR By 24% > BRI BT
Ay LE-MMI fl-2 80 - U 16 /NEFAFIISREERHE 2 21 i m] Ay B - (2 WRR 27144
HREE AR R R S AR D E B RAEE - (/] NCE "J#E—D e WRR 2
33% - i tEEH TS HE JE SRR RE 7 S B - B B AR - LR E B Baka
EELUNCE L RAIE M AZE(E 5 & 7] WRR 2T 45% - 1] % O 241
AT ATREMER - EINAVET R ZE R RE BB AR R - i — D IRTIHRRAE R -

7 3. /A NCE L2 &

[Table 3. Negative conditional entropy and lattice for supervision]

Supervision Im-scale Beam Tol Dev Eval WRR
Baseline - - - 27.2 27.8 -
NW 0 0 1 26.2 26.8 24%
BPP 0 0 1 26.0 26.2 33%
LS 0.5 4 1 255 25.7 45%
Oracle - - - 23.5 23.1 -

5.2.2 #EHAIEHFEEE GG (Model combination in semi-supervised training)

EFRERET A FIREI SRR T - SRS ORI » T 53 R tE G ARy & OF K Bai sk &
OF - BEAG HFHYHYE 28 T ZAR AR S RS et - (IS TR BRI RS E S
THRAVRIE » DRI ER A B S B SR T S R AR M - EBRECIRNER 5 (I E
53R R A EDTAGNSRTHY LE-MMI 2 S8R > PE#aC gk 3% 4 - FCOMB il HCOMB
Aoy 2 B SRR ERER @RI + Test Al Dev il Eval 2 WER AYAEAIEEES - ¢
bl g g Al LA Proportional shrink f{1 L2-regularization =] EG [ 5y 31168 5 {5
SRR 1% TREE A (L e it 2 2 WER » I —REEE T LE-MMI 25 518 [ i
B © 55— 51 > #EZ8E WER EEFIR > A EAE WRR _ERANGHREEZR - 5]
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PAE HiE R JT7ARNZ FME » A2 SR FERYISRLE A B P i - 55— J51E » &
GEVEIRGRE - BHERR G P E S EPEEL - LB — R AT B REIRTT 0.5 2 1.5 1Y
WER - 558 T & fHE A AR ilo fE A i PR B RS AV A S UE - 55— 07l @ BERBRIE
HIRCRE R EHERBR & 0F SR AV4E REFDIIMRER & OF 2 E &8 ASR fyHfE £
I HE & OF FIE S aC e ps i Y o LB S EGOF - (BRI AR & OF B RET R P B AT
(e > RIERBCRET © B — 07 - FHESHHEAERER EIREmEER & 0F - BEHReE
FESERS RGO - NEZEE ] ASR EA G E - HILA A AR -

R4, TIFRERE TR E R

[Table 4. The table shows that different training criteria in the experiment. We

combine four TDNN model generated by different random seed at both frame level
and hypothesis level.]

TDNNO TDNNI TDNN2 TDNN3
AR FEJ# 2 (8% | +Proportional +Lo-reeularization Bl TDNNI %46
(81 TDNNO) | & shrink & (ERE]

£5. FEUERERIEEI S _
[Table 5. Results on model combinations including frame-level and hypothesis-level
combination.]

TDNNI1 TDNNI1 TDNN2 TDNN3 FCOMB HCOMB
Test Test Test Test Test Test
Baseline 27.5 26.7 26.5 26.5 25.6 25.5
BPP 26.1 25.2 25.5 25.1 24.5 24.4
LS 25.6 25.1 25.5 24.9 24.4 24.2
Oracle 233 22.5 22.8 22.5 21.5 21.3

5.2.3 F[EFEEEAHIEREISHE (Model Combination and Semi-supervised
Training)

# 6 PHVE—F5y R Ry B G kG O R & OF - Sl B2 T 5 NW ~ BPP I
LS - [ & pFrIFRE SR —AVIISREE IR - SO )7 R AL EL NW 5 fE 1540
NW 71 BPP ; fEFf5% - NW - BPP 1 LS « { EERAVAE IR A& HE N S HE G 4R iR
s Gt AR > BIRSRERIEFHERITERT - s E s ERRN &0
DEL R o ST 04T NW ~ BPP R LS 12 =AM A A 16 - &
WRR £y 60.8% ° 2R [EXERINY & HFEEA BN WER B2 WRR HYFES, - (HA[{EE AT R
HRRZ2F] WER P HYIRELY Ky 0.5 0 )2 EL & Il 4k 26 (A5 R 0 A1 [ {8 - B B A Al & ff
(T SHREEF - HEILHMATER > PR E AR S R 2L F o A
Proportional shrink f1 L2-regularization 815/ » &L » FameE T fEREE =
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BIE T - TS RS EE SR B2 IS ERS B BER B & Of 2 B Y
PSR -

6. FIEFEEERTIRE S OF

[Table 6. Results on model combination in conjunction with different semi-supervised
criteria]

F-COMB H-COMB
Dev Eval WRR Dev Eval WRR
+NW 25.9 26.1 35% 25.7 26.0 39%
TDNN-0 +BPP 254 25.5 48% 253 25.5 50%
+LS 25.1 25.1 57% 24.9 25.0 60%

6. 453 (CONCLUSION AND FUTURE WORK)

ARG SCPRE R B BB = LF-MMI » H— » FIF] NCE # 5 B @ R E R af ke
AYARBREEME : 2 B ARE SRS O R FIE G & PRI BER E R & OF -
ERERTGH > FEFE CBIESEERET - EWEER T ERERARFEEX
LF-MMI > i A3 0 (R WER B2 WRR HAHEHAHRL - 54 WRR £ 60.8% » AR
AT FETT a0 Gt A B B M W {185 ) A AT 72 - IRIBEE KAV B BRAE R - WFIEA
]I AL TR E M B U 2 IR & BRI T B - RO G SR T A I AR R RE
BHE G M S G - a0 D) FIRAERIRES - DIEA EHHE Mt - 5
—JTH > 2) BRI ERERE RIS - EHE S DA R A HY WRR S - (F
EEXEBEMNEHHSE] T A HERIEER > BRI AT AR B — ASR 245 & HyE
FE - HEZHEEN SR E R AEENTES 20Nt - Wit 3) RAREMAE
R EE4E(Model combination) YRl - M FH —RAEH LU/ b & AR R 22 21145 58 ELRE
ARSI -
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Abstract

This paper sets out to investigate the effect of acoustic modeling on Mandarin large
vocabulary continuous speech recognition (LVCSR). In order to obtain more
discriminative baseline acoustic models, we adopt the recently proposed lattice-free
maximum mutual information (LF-MMI) criterion as the objective for sequential
training of component neural networks in replace of the conventional cross entropy
criterion. LF-MMI brings the benefit of efficient forward-backward statistics
accumulation on top of the graphical processing unit (GPU) for all hypothesized
word sequences without the need of an explicit word lattice generation process.
Paired with LF-MMI, the component neural networks of acoustic models
implemented with the so-called time-delay neural network (TDNN) often lead to
impressive performance. In view of the above, we explore an integration of two
novel extensions of acoustic modeling. One is to conduct semi-orthogonal low-rank
matrix factorization on the TDNN-based acoustic models with deeper network
layers to increase their robustness. The other is to integrate the backstitch
mechanism into the update process of acoustic models for promoting the level of
generalization. Extensive experiments carried out on a Mandarin broadcast news
transcription task reveal that the integration of these two novel extensions of
acoustic modeling can yield considerably improvements over the baseline LF-MMI
in terms of character error rate (CER) reduction.

Keywords: Mandarin Large Vocabulary Continuous Speech Recognition, Acoustic
Model, Discriminative Training, Matrix Factorization, Backstitch

1. 3% (INTRODUCTION)

PR EEE WSRO CEA T REAVHESD - Hp > BB ’”LF“ fi% R T LA BB S LA
TIHIZE R 3 2 > B B R LRI G 4R 0 = R & B 45 SRR =X v R Y
(Gaussian Mixture Model-Hidden Markov Model, GMM-HMM) (Rabiner, 1989) (Gales &
Yang, 2008) - #5152 s A I 52 771 (Cross Entropy) {F Ry 5K el By 28 R AL e 45 & T
i =0 n] KA A (Deep Neural Network-Hidden Markov Model, DNN-HMM) (Hinton et al.,

2012) - DNN-HMM [ LATE ] GMM SRRV A Rl 8 DNN Y g FrfUR AV SR8 1%
ZRATALL » T AFHESE & R A AR AR - da AR GMM-HMM & FEY Triphone
HZREEME - DA R KAV 22 (Word Error Rate, WER)Z(5E 55 2 (Character
Error Rate, CER) « 55— 711 » #2177 it i i !| Al A 0y e B A5 T A B Py R B
AR 8 DA B G R 2R FE AR A B 1 25 e B 07 AR AE B4R Fae
(61 Héllz%gﬁﬁﬁ%z_ﬁiﬁiﬁéllzE’J*“ﬁfr%%”ﬂﬁﬁiﬁﬁ(wm Lattices) * 714

T N B EE R R 5| 4k (Bahl, Brown, de Souza & Mercer, 1986) (Vesely, Ghoshal,
Burget & Poveyet 2013) o FTAEAR Ry TR DI R 22 AR RS - A E E Y Maximum
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Mutual Information (MM)Zl|&k - HEH T FregAY Lattice-free Ay = » (EEA B CEREE
#1F GPU E5ERi(Povey et al., 2016) » [AI T a2 it =Calll SR 15 DA by 3 i 19 31 46 7 =
(Hadian, Sameti, Povey & Khudanpur, 2018) - R KHEE 1 B2 AE R | SR A BHSRY -

{45 DNN-HMM {57 17> 58 2 Wk A G BE 1E A 00 A 78 0 F FHEE 5 (5 9% 2 IS R
M 5 20 [E £E (Graves, Mohamed & Hinton, 2013)Ff& %1 » BL A 4 e85 (4% (Recurrent Neural
Network, RNN)EEE A 51 M & RHRES A 0 B SR A A A FT 5 2 HY RNN-HMM 2 2
A EL R AR A2 A 20 DNN-HMM RS - Rt AR AR R (Long Short-Term
Memory, LSTM)EU{ RS2 RNN AR al g AT (LSTM-HMM) (Sak, Senior & Beaufays,
2014) » fi# K7 RNN-HMM BBEEE R AR - (Fah e Pak b ae% 2]tk DNN-HMM 471y
RORABAEE R b IS RV B AV IR 5 DNN-HMM — %11 7{L3I%# (Pascanu, Mikolov
& Bengio, 2013) » PAEAE RSN SRES ATV A0 o 55— 71 -t i B B 2R s 1 4
(FREE SR » BN G 7R AT S TERYRE S a1 AH SRR i A B e A 4
(Time-Delay Neural Network, TDNN) (Waibel, Hanazawa, Hinton, Shikano & Lang, 1989) =]
DLEL & RE SRR 2k Y~ R R I RE & eH R 5 > f TDNN-HMM B {47
DNN-HMM 3Rt A7 (5 » PRI A (P LE-MMI 1788 i =3 Sk » AR B (e o
LA o7 48 2 (] TDNN -

HEAEER AR S BB R A M A 5 ¥ B (Ba & Rich, 2014) » BTG
B % BEA E IR RNV R RAELAE ST - ¥17A TDNN 15 3600/ 80T DR 2R BUCE RhF
REEES 4 BRI S A%E TONN EY48RS B B SI 4F 945 5 - (5 DL R B BRES BLARE
HIHERS A RACRIRE - SEH SRR I R 2 MR e N - RIE AR eSOt
WA & R HE R S G SR 702 » Bl (Povey et al., 2018)3 4R ik Ay Ak fek 75 it l| 4k
AT LA SRR E - DA R S EEE PRI - 5— 7 BE TSI TE
({EERITINE A2 — » 225 By LB LB SR B U704 » e RAVE(LE
VA TR S T %A (Stochastic Gradient Descent, SGD) ~ RMSprop ~ Adam - Adagrad -
Adadelta (Ruder, 2016)5H 0% ; Hrf - SGD BEUAIERE S WAL R w B R < 1
A LA ER 2 [E] 814 (Backstitch) (Wang et al., 2017)fi B RUEALAYVERDE - B
A SGD ERYHE - A EERESRE FH WP BRAY S M Minibatch » DUZ S SIFATREE -

HAG LA BTl - FAR0 Ry n AT A pE A A0 Pei o it AR T IE 1| 0k 5 2 g A A A 4 e
A5 [E]H - {5 R Backstitch JR A2 AN AL - fed% RE (RS SR D - UL -
w5y REbE {2 . TDNN-LF-MMI > TDNN-LF-MMI A A S TEASARAR R [ 53 i
TDNN-LF-MMI A A 2 TE A AR FE o i Fe AR Bl 1A B L BEUA AT PR BOR - & TE
TDNN-LF-MMI A S TEASARRR AR R o fife Ko 2R O S A (B AL TR A 2 Bl (A S BEREHT i
FEE MRy CER =3 -
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2. EREEjERI (ACOUSTIC-MOLEL)

2.1 %ﬁ%%ﬁﬂ-ﬁi} M ZEME M ZZ 48 B8 (Time-Delay Neural Network,
TDNN 7£ 1989 F 442 (Waibel et al., 1989) - ¥/ A & ZHEak 5 B> TDNN FrEdmy
TERIZERE > REE A R E S P A R A B P8 2 B R RS A — 2 FF4% - TDNN %
{18 P ek g 1y B e B R e TR - A PRl R U 2 o A A Bl — S E R [HIEY
ZIAE - SEETEE RS T SCRISEHBIMEREZE - TDNN A9{EHR5(E o] DILL{E#4E DNN
FEHEAEERT » T B R & kL DNN 12 31| SRt (RS B 2 18 o

22 ¥ IE AR /& B 5 45 i  (Semi-Orthogonal Low-Rank Matrix

Factorization)

DB S BN TR — B SVD MR AT RE SR AR T E e
(Povey et al., 2018)f2 HH A A —(EFEMR A WIS 8L - FEIRERY 3 fR 2o bR 4as) I SRS a8 4
PR AR > (H R EEH T —E IV R EAS > B A A EENRE -

EEME F o T LA AT 2R SGD 1% 5818 S R PR R - TR A HY BT > RaeM
ESEUEE > EFP = MMT B2 T P SR B (i A > 2282 (Learning Rate) JtE T
EEFARPE » AU SR G EPUERE IERIAER - (HERERKRGEEEAR
FETE > MEBRT P IEACHE P I 0.125 WU B B iy 8022 B rl DUEZEISE HULH - X2
FRMEFE » FTURFIM—REHM « M+ X FFIFEZor(MXT) = 0LLUEF EA 3L
£ THAAEEH A

1
MM-— E(MMT — a’DM (1)

N EBMMT =P > f7Litr(P? — a?P) = 0f42 T?§a= —— 0 ARy P OB AT b AT LA
P? = PPT > 5 T 5151 bR (i fla = | o B 12 TDNN+NF(Networks Factorized)

r(P) °
PIBRARAE - 1536 4 el g 4 AR P 73 fif 1% S8 5l 1536*160*1536 » SMAT 2 Z M IE A PR

FURERE - R 1T FT 2 SR P R b B (Re LU) ROHIL 2R AR 4E {1 (Batch Normalization)

a e {EERRI S0 x‘?‘z%ﬁl%ﬁ@K%%ﬁ%ﬁﬁﬁﬂzgﬁiﬁ(MMT(P —a’))=0>
tr(P2
tr(P)
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ﬁ Batch Normalization N

| ReLU \

1536 ‘

| MAT 1536*160 |

{ 160 1

| SMAT 160%1536*3 |

Ny

7. JEfE 8

[Figure 1. Matrix Factorization]

2.3 ZK[E$tiE (Backstitch)

Backstitch 2{&r SGD 4 ifE¥)¢ A B M E BT AE(Wang et al., 2017) 5 (& J7 7477 B
EC B - Se A — (Bl NS 2R FERE (MR EE 5 ISPl s SR g
I DUHERAPREISE S8R . > FEEERY Minibatch {HEHEHERRE - (H45HY SGD BE—i1y
AT =

0n+1 < en —vg (xn' en) 2
O FEHHI 2 xn 25 n EECAVEA g(x_n, 6 _n)& f(x, 0 )Y 6 AVE N EL

0’n+1 < en + avg(xnr en) (3)

0n+1 < B,n - (1 + a)v.g(xn» 0’n+1) 4)

Hrp > #(3) 5y Backstitch 55— BRR [E 5 > 1f=X(4) 5y Backstitch 55 0 BR A4 5 5
o 1B R B B R R R T FA BT DA EE 2 44 Minibatch f{— S fE L HT
R R GEm S LI A BRI E & a =1 fi1 n=4 -

3. BRIz REREI 4k 5% (METHODS)

3.1 ERERMER R R 4 HE 2R (Structure)
TDNN (7 1,536 4 » 111 EFGE B4R 160 4¢ B ReLU Al Batch
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Normalization &2 2{HE fy TDONNF Jig - g 8T EELLATEY TDNN S (9 g LA #E %€ - 40
2 Fow i N RS R A R & B RS SR - LF-MMI 8y E e
#(Povey et al., 2016)%fFE dq A 5516 & #2HY Senone K8 - Cross Entropy Regularization %
TR IERV SR - SRfERY TDNNF JZ 7 FE1RH# 45 (Skip Connections) -

Cross entropy

LF-MMI criteria L
regularization

o
—
[

B 2. BEHEA IR TONN Z Bl a5 501
[Figure 2. TDNN artitecture]

3.2 LF-MMI

ATAEAR - 75 i AT R 8 1 =0 (Discriminant. Model) B S fHAS A 8 RE S0 A R T 2 4850
AE © FIISRBRMG 2 AT B A FTA Haal PG - B s XOaI o — (@AY » flasE S A
AR —E AR o 5 B A IR REAS RIS A e S SE Y A PR AR > SR =0 R A B
B S E IR 2R R EHDEE R R -

MMI ( Maximum Mutual Information ) 2RIl /2 2 K TERERS IS A EA PRSI AR 2 -
55— LF-MMI Z s (R & gl it i LH s B T A T RE Y 71 ARIR IS LL P H 15T R MMI
HIBEE 2RISR - PRy LF-MMI (RS S at BLAT A RIS AV 1% Bt =2 (Posterior Probability)
Fit AR PSS A il 4 sE ) > 26l - FS TDNN FEARERBEAY S LimE R oA » 1 HER B &
RIS A DA AT LBk —Eefg 1y 55 - LFMMI Y B E53% 2 (7 (Povey et al., 2016)Z[%
{ERIE A4 3-state (Y HMM $RIE £y 2-state 1Y HMM - Uiy e (1 885 1) =03 | S H7.(E5 58
CTC kA 22 (1 f25; (Graves, Fernandez, Gomez & Schmidhuber, 2006) » 7E/b&:ERI T
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WEEFIRAFAVRER - AR NS 2R H A RASETT -

3.3 HEFIERRHAFIZREEEFISK (Combine Training)

WM E TR G280 5 A I B SRR > £ Natural Gradient (NG) (Povey,
Zhang & Khudanpur, 2014) | & fifi 8 » i SGD & #ii% 35 T AT backstitch 55— Ex1%
M IEAC PR R ¥ - 55 20 BRAE R IR A MIMOE - 2B BRI AT 20 BRI SO E A PR & -

3.4 Dropout

fEtdesEE o AR G RIRE RS S » TEE(EHLIGI SR T2 0E — L
T lEs - £ TDNN d2REESHE[E]HY - (Povey et al., 2018) 2 —{HIYZE —EFIEE - 1M
M EHESEAIG 5 A [1-2 a, 142 a ] » WPIEH —(EEZFEEER - 1£III—FBR0E
a=0.2 > FISEN—FITH5] 0.5 - ff& N FEE] 0 S {EHEeE £ L AT B#HY TDNN FEil
RIGERR (BRI S 2R A BRI E -

3.5 #ERH4LE (Skip Connections)

FRIEZFZ A VGG (Simonyan & Zisserman, 2014)11y &g - &&Ek E 38 i jeg 85 =] LU it
HEEFE - (EUE S I R HYEERE - ResNet (He, Zhang, Ren & Sun, 2016){EH_FHETTEXAE
RS CIGOFERE > AT DA ISR S AR T SRR > BAFIE TDNNF # i ERA {0
AR > a0 i A ERTRI— @M =57 ~ —RIFT— @M hnE s ey A -

4. BB (EXPERIMENTS)

4.1 BEwE (Experiment Setups)

1. ORI B
[Table 1. MATBN]

FRSE(INE) Gl
ks s 114.7 38,556
A 3.7 2,001
M EE— 36 1,957
HEET 1.4 307

Aam L E BB R A 5 A8 B (Wang, Chen, Kuo & Cheng, 2005) (Mandarin Across
Taiwan-Broadcast News, MATBN) o /N8 57 i sERHE 2001 4E & 2003 4ERS Hy rrf e &g sh AT
CIRE/NHEL AR G A FRR B > S5 197 (BN - B E AR ES: - & 1 HEE
FIR B BRHIREEHR A A8 G & RS I B NS il » 5L o P S50 Bl R e 0850
SNSRI ERE LA ERER - B REESHEAEER S-gram sEEEA HIIGEERIKE
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2001 £F % 2002 £Ef gigEf 11 (Central News Agency, CNA)AYSC 5 BIERL > N & — (87
T E T KRR /T B 58 (AN a5 BL4Y s —T56) - A SUZ A
SRI Language Modeling Toolkit(SRILM) (Stolcke, 2002) #KF)|4RzE=ERT o ZESERIATE]
PREEHH 2001 2 2002 4Ff3 e Bkt A & 288 L AR Y < I EE — B8 70558 5 1F 2003/01/28 »
2003/01/29 » 2003/02/11 - 2003/03/07 1 2003/04/03 - JHIENEE — B H g T Rensc &kl
T T & AR 2R - ST - BEHIE R AERRAYRE S M L E Kaldi
(Povey et al., 2011) E5lll& » & SulEab st F3Il4k 536 5 i 14 (Speaker-adaptive) 5
HrRAIRE S AT AR (GMM-HMM) - I F1] FH 32 15 B A IS P 3| SR8 1) Y 5] [ 2R 4B f 1%
SRR B AE S AR 3 4R o ZATR ] TDNN-LF-MMI 2 RIS 60 H — S S 4
Hor s R ERAYE S R A NG 1 Backstich » 78 {&(Povey et al., 2016) i 4l i) 757221 Al
AR - AL 5,600 {E(REER BT SRR S FHVE—EEA —EREEHT HMM $h
B> DUFHRIEERARM =70 2 —H#20F - A IS IEEhy & HE 7 - RrEfE A 40 4:69 MFCC
1 3 4ERYEE IR 0N 100 4R i-vectors {5 -

4.2 EEp4EER (Experiment Results)

% 2 bl 7 EARHY TDNN FEA 3426y Attention #%E (Povey, Hadian, Ghahremani, Li &
Khudanpur, 2018)H & TDNN #1 3 & LSTM g%k > #E &5 o] LAE H A B (CE) & ik
> LE-MMI S| 8REES > Fr DA 2 % GRS B (5 A LF-MMI 5|8 - FLRE TDNN #8175 9
JgFEsEE - B {EFEEEE 625 4t > Fi1RSCE B % 15 5 - TDNN+NF fEEI{H ] 1536 4
RSk » BRI AEHRSH 160 4 - A& S0 &I 33 i - TDNN+NF 1[5 e 4E 5 &R
R SFHET (Waibel et al., 1989) » [AEAHY TDNN 24 = fEE (L -

72 BREEEERES

[Table 2. Baseline experiment results]

WER CER Parameters RTF
Attention(LF-MMI) 26.76 18.96 50M 1.66
TDNN(LF-MMI) 26.22 18.34 15M 0.42
TDNN(CE) 27.84 19.17 15M 0.47

MO B ERAE SN 3 Sy BIE % T TDNN A1 TDNN+NF K2 £ H il ackstitch (19
B > oRRVERESE RS T % IEREHE HE T HERRFERES - £
[E &S TDNN+NF Lz E s 15 @RI - 3% 4 0] BAE R E IS 1% 5
IR T SE R R A B O -
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7 3. AR IFEHHAE TR

[Table 3. Experiment results

for test sets]

43

WER CER Parameters RTF

TDNN-+Backstitch(9 &) 25.14 17.45 15M 0.42

TDNN+NF(15 J&) 23.98 16.27 18M 0.47

TDNN+NF+Backstitch(10 f&) 23.30 15.64 13M 0.37

TDNN+NF+Backstitch(15 &) 22.56 15.15 18M 0.47

TDNN+NF+Backstitch(20 f&) 22.75 15.26 23M 0.58
R4 POEIRZ R R — R R BB R

[Table 4. Experiment results

for other test sets]

HEE— (CER) #fEdE (CER)
TDNN 5.05 33.39
TDNN-+Backstitch 4.88 33.15
TDNN+NF 3.69 23.56
TDNN+NF+Backstitch 3.67 22.73
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[Figure 3. Decoding speed comparison]
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[Figure 4. Different Backstitch steps comparison]
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Answering Yes/No Questions
Meng-Tse Wu*, Yi-Chung Lin* and Keh-Yih Su*

Abstract

This paper proposes a new n-gram matching approach for retrieving the supporting
evidence, which is a question related text passage in the given document, for
answering Yes/No questions. It locates the desired passage according to the
question text with an efficient and simple n-gram matching algorithm. In
comparison with those previous approaches, this model is more efficient and easy
to implement. The proposed approach was tested on a task of answering Yes/No
questions of Taiwan elementary school Social Studies lessons. Experimental results
showed that the performance of our proposed approach is 5% higher than the

well-known Apache Lucene search engine.

Keywords: Supporting Evidence Retrieval, Q&A for Yes/No Questions.

1. Introduction

Supporting evidence retrieval is a key step in the question-answering task. It locates the
related text passage from the given documents according to the question content so that the
system can efficiently answer the question only based on the retrieved passage. The goal of
supporting evidence retrieval is to merely keep necessary information (but filter out the

irrelevant content as much as possible) to reduce the associated inference time.

Previous supporting evidence retrieval approaches can be classified into three categories:
(1) Term matching approaches (Chen, Fisch, Weston & Bordes, 2017), (2) Syntactic/Semantic
scoring approaches (Murdock, Fan, Lally, Shima & Boguraev, 2012; Jansen, Sharp, Surdeanu
& Clark, 2017), and (3) Translation model based approaches (Berger, Caruana, Cohn, Freitag
& Mittal, 2000; Jeon, Croft & Lee, 2005; Xue, Jeon & Croft, 2008; Zhou, Cai, Zhao & Liu,
2011). Term matching approaches, such as Lucene search', used the vector space model and
some language models adopted in Information Retrieval (Manning, Raghavan & Schiitze,

* Institute of Information Science, Academia Sinica
E-mail: {moju, lyc, kysu}@iis.sinica.edu.tw
! http://lucene.apache.org/
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2008). On the other hand, syntactic/semantic scoring approaches (Murdock et al., 2012;
Jansen et al., 2017) retrieved the supporting evidence by conducting the syntactic/semantic
analysis of each document sentence. They detected certain terms or structures in the question
and then weighted the candidates differently by the appearance of those terms or structures.
Finally, approaches that utilize a translation model were widely adopted in the Community QA
systems (Berger et al., 2000; Jeon et al., 2005; Xue et al., 2008; Zhou et al., 2011). They used
phrase-based or word-based translation models to find the similar historical questions from the
new queried question. In the task of supporting evidence retrieval, we could let the question
play the role of new queried question and the supporting evidence play the role of historical

questions, and then adopt the translation model to find the supporting evidence.

Term matching approaches are widely adopted in the search engine due to its efficiency.
However, they do not consider the local context of each term, not even mentioning the
associated syntactic/semantic information. Therefore, they usually result in low accuracy. On
the other hand, syntactic/semantic scoring approaches utilize syntactic/semantic meaning of
each document sentence. They can understand the questions more in the syntactic/semantic
level. However, those approaches are not only time consuming but also task orientated.
Finally, translation model based approaches are widely adopted in the Community QA
systems. However, they need large training data to train the translation models, and are thus

not suitable for the tasks with only small amount of training data.

To overcome the problems mentioned above, we aimed at the approach that is efficient,
general and accurate enough. Therefore, the approach of term (most of them are unigrams)
matching is still adopted in this paper for computation efficiency and generalization. However,
to further consider the phrase and local context, it is extended into n-gram for considering the

local dependency. It thus avoids the drawbacks of previous approaches.

Given a question, our goal is to find a related passage, from the given corpus, that
contains minimum but sufficient information to answer the question. In other words, good
supporting evidence should include sufficient related information and less irrelevant and
redundant information for the given question. On the other hand, supporting evidence can be
extracted in different granularity. For instance, they are specified as top 5 articles in (Chen et
al., 2017). The smaller the granularity is, the harder the approach is to find the appropriate
supporting evidence (since we need to locate it more accurately). In our task, we define the
supporting evidence as a text passage with consecutive sentences in the same paragraph,
which will be explained in Section 4.3. We propose two scoring functions for finding the
supporting evidence: QE-BLUE and modified F-measure. QE-BLUE is converted from the
CR-BLEU score (Papineni, Roukos, Ward & Zhu, 2002) which only considers n-gram
precision and is used in evaluating the performance of a machine translation system. In

contrast, the modified F-measure takes both recall and precision of n-grams into consideration.
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Therefore, the modified F-measure is able to evaluate the portion of the matched terms in the
question. In comparison with those term matching approaches, the proposed method provided
better performance. On the other hand, in comparison with those semantic scoring approaches,
the proposed method is more efficient, easy to implement and task independent. In summary,

we make the following contributions in this paper:
o We studied the desired characteristics of extracted supporting evidence.

e We proposed a novel scoring function for retrieving the supporting evidence by jointly
considering precision and recall of n-grams.

e We adopted and tested several techniques for improving the supporting evidence

retrieval.
e We conducted the experiments to show the superiority of the proposed approach.

The remainder of this paper is organized as follows. Section 2 illustrates the desired
characteristics that an effective supporting evidence retrieval algorithm should possess. The
proposed approach is introduced in Section 3. Section 4 shows the experimental result. The
error analysis of the proposed approach is then given in Section 5. The related work is

introduced in Section 6. Finally, Section 7 concludes this paper.

2. Desired Characteristics

Question:FR (| |5¢ = FE(ESCRHAEERE| - BRI IS BIRY] -
“We should fully follow the advice of parents for choesing which school group to jein.”

Evidence:Zeff[ 7] ARG & IR [BEER| - (2753 AlF1| SCREY | - [ZEEE(A0A I [F|6Y|
B 5
“We can consider our own interest and refer to the advice from the teachers and parents for

choosing which learning group to join.”
Figure 1. A question and its corresponding supporting evidence

From the question and its supporting evidence shown in Figure 1, we can see that they share
many words (which are marked in bold and underlined). This is because the questions usually

use the same words or sentences to describe the same thing.

Let s; stand for the i-th matched word, w; stand for the j-th unmatched word, wj*

stand for the j-th string which purely consists of an arbitrary number of unmatched words, and

|wj* denote the number of words contained in wj*. The desired characteristics of an effective

supporting evidence retrieval algorithm are listed as follows.




50 Meng-Tse Wu et al.

Characteristic-1: Prefer more matching occurrences
Candidatel: s; wy
Candidate2: s; w; 81 w3

In the above pattern, we prefer Candidate-2 as the supporting evidence since the same

matched term appears more times. Consider the following Example-1:

Example 1

Question: ZZPERIE | HY & V& R LIV -

“Fort Zeelandia is a monument located in south Taiwan.”

Candidate-1: ZZPFHE| &= FHE)

“Fort Zeelandia is located in south Taiwan.”

Candidate-2: ZZE BN EE R - | ZFF L LR A 4400|427 F4 -

“Fort Zeelandia is located in south Taiwan. Fort Zeelandia has a history of about 400 years.”

This preference is illustrated with the above Example-1. We prefer Candidate-2 here since it
additionally mentions that ZZF i €E (“Fort Zeelandia™) has a long history which entails that
it is a monument. As a result, we prefer more occurrences of a matching term because it may

contain more information we need.

Characteristic-2: Prefer less unmatched terms
Candidatel: s; wy
Candidate2: s; w,

Suppose |wy]| is larger than |w;|, then we prefer Candidate-2 in this case because it contains
less number of unmatched terms whic are assumed to be the irrelevant information. Consider

the following Example-2:
Example 2

Question:  /NFEF|E|—|FEEV KA -

“Clownfish is a tropical sea fish.”

Candidate- 17N 88| J57 | A2 17 BT P (RO A S R [ AR (1Y /K TR | o | 7] B A NS -
“Clownfish are native to the warmer waters of the Indian Ocean and Pacific Ocean, including
the Great Barrier Reef and the Red Sea.”
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Candidate-2:/INF: £ 57| A= Jy2 | B RE 38 R AP [ i K o -

“Clownfish are native to the warmer waters of the Indian Ocean and Pacific Ocean.”

Candidate-1 in Example-2 contains the extra information “ & /& A 45 4 F1 41 6"
(“including the Great Barrier Reef and the Red Sea”) which is irrelevant to our question.

Therefore, we prefer Candidate-2 which contains less unmatched terms.

Characteristic-3: Prefer more different term-types

Candidatel:s; wy s w;

Candidate2: s; wz s, wy
Suppose |w;| = |w3| and |w;| = |w;]|, and both Candidate-1 and Candidate-2 match two
terms in the above pattern. However, Candidate-1 has the same two terms s; but Candidate-2

has two different terms s; and s,. In this case we prefer Candidate-2 as the supporting evidence

because it recalls more terms from the question. Consider the following Example-3:

Example 3

Question: R T1ITEHI B o BN AR Y L0 R it =

“Computers and mobile phones have become necessities for modern life.”

Candidate-1: BERE|TE[ET 2| LRI BOZ || - | A 5 P M| A= S0 2 -
“Computers are widely used in many jobs. Computers also make our lives more advanced.”

Candidate-2: BERE|E[ET 2| LR F B2 || - | F40 s | A0S S 2| -
“Computers are widely used in many jobs and mobile phones make our lives more
advanced.”

Candidate-1 only mentions the information about computer twice; however, Candidate-2
contains the information about both computer and mobile phone (which provide more
question-related information). As the result, we prefer the candidate-2 that matches more

term-types.

According to the desired characteristics of the supporting evidence mentioned above,
“Prefer more matching occurrences” and “Prefer less unmatched terms” could be reflected
through the precision-rate; and “Prefer more different term-types” could be reflected through
the recall-rate. Following two cases (Table 1 and Table 2) illustrate the effect of precision and
recall in retrieving the supporting evidence candidates.
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Table 1. Precision and Recall for question-case-1:
Question: Wy W, W3 S Wy

Candidate Terms Precision Recall
1 Ws 8181 2/3 1/5
2 W W7 Ws 81 8181 3/6 1/5

Table 1 shows that the precision-rate could truly reflect the desired Characteristic-1 and
Characteristic-2. Therefore, with the precision-rate, we can successfully select the human
desired Candidate-1 as the supporting evidence.

Table 2. Precision and Recall for question-case-2:
Question: Wy W, W3 S; Wa

Candidate Terms Precision Recall
1 W5 We W7 81 81 2/5 1/5
2 Wg W9 Wip 81 S2 2/5 2/5

However, the precision-rate alone is not enough to meet the desired Characteristic-3. For
example, the precision-rate cannot tell the difference between two candidates in Case-2, since
both the candidates match two terms. However, by measuring the recall-rate we can choose

the better candidate that matches more terms of the question.

According to the above two cases, it clearly shows that both precision-rate and recall-rate

should be involved in the scoring function for obtaining the best supporting evidence

3. Proposed Method

3.1 QE-BLEU Scoring Function

Intuitively, BLEU score (Papineni et al., 2002), which is a widely used metric in evaluating
machine translation quality via comparing the machine-translation output with
human-translation references, could be adopted for this task as it can check the similarity
between the question content and the passage of the supporting evidence. BLEU score (also

called CR-BLEU score, where C stands for candidate and R stands for reference) is originally

defined as:
BLEU = BP * [[4_1py" (1)
1 .
BP = { ifc>r @
e T/ ifc<r

where p, is the modified n-gram precision between machine translation candidate and a set of

human translation references, Wy is the n-gram weight, r and ¢ are the reference and candidate
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lengths, respectively. BP is the brevity penalty which penalizes the candidate that is shorter

than the reference. BLEU score combines each n-gram precision by multiplication.

As shown in Equation (1), CR-BLEU score only cares about the precision-rate of a
candidate. However, we actually more care about the recall-rate in retrieving supporting
evidence. We thus adapt the original CR-BLEU metric by letting the given question plays the
role of translation candidate and each possible supporting evidence as the translation reference.

Therefore, we propose an alternative QE-BLEU score which is defined as follows:

QE-BLEU =BP = [[4_py" ?3)
1 if leng <len

BP = { f long = Leng )
exp(l — lenE/lenQ) if leng > len,

where Q and E denote the question and the evidence passage, respectively. Question and
evidence thus correspond to the candidate and the reference, respectively, in the original
function of CR-BLEU.

3.2 Modified F-measure Scoring Function

On the other hand, F-measure is a widely used evaluation metric in information retrieval
which considers both precision and recall of the information retrieved (Chinchor, 1992; Sasaki,
2007). We thus prefer the F-measure, instead of BLEU score, for this task as both precision

and recall are required to meet the desired characteristics listed in Section 2.

Inspired by BLEU score metric, we also apply n-gram model to consider the word order

information. Therefore, we proposed a new Modified F-measure:

Wn
Modified F-measure = 3% _; <ﬁ> )
prtTn
where p, and r, denote the n-gram precision and recall of the question passage, respectively;
and w, is the corresponding n-gram weight as that in BLEU score; « is an adjustable
parameter ranging from 0 to 1. If a is close to 0, Modified F-measure becomes more
recall-oriented; on contrary, it becomes more precision-oriented when « is close to 1. The
adopted precision and recall are defined as follows:
#matched words in evidence

Precision = —— 6)
#words in evidence

#matched words in question

Recall = 7

#words in question
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4. Experiments

4.1 Data Sets Adopted

We evaluate various approaches on a Taiwan elementary school social studies Yes/No
question supporting evidence benchmark data set, which was created by two part-time workers
and decided by the third person when there is a conflict. The original corpus consists of 178
lessons, and each lesson is composed of several paragraphs and then followed with its
associated questions. We randomly divide those lessons into a development-set (124 lessons)
and a test-set (54 lessons). Afterwards, we arbitrarily selected 202 and 414 questions from the
development-set and the test-set, respectively. Afterwards, each question is annotated with its

supporting evidence benchmark. The statistics of the benchmark is showed in Table 3.

Table 3. The statistics of the benchmark data set.

Data-Set Development-Set Test-Set
#Lesson 124 54
#Question 202 414
Averaged #paragraphs per lesson 26.8 30.6
Averaged #sentences per paragraph 3.7 3.6
Averaged #words per sentence 5.0 5.0
Averaged #characters per sentence 9.1 9.0

4.2 Procedure
Step 0: Preprocessing:
The raw texts of lessons and questions are segmented into words via HanLP? package. The
punctuations are then eliminated after the segmentation (as the punctuations are only used for
segmenting sentences). We had tested the case of eliminating stop words, but the result seems
not much different. Therefore, we keep all the words in the following experiments.

After the preprocessing process, we retrieve the supporting evidence via following four
steps:
Step 1: Paragraph-based search
Given a question and its corresponding lesson, we first locate the top-1 paragraph with Apache
Lucene search engine. This step is used to cut down the search space of locating the

supporting evidence.

2 https://github.com/hankcs/HanLP
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Step 2: Sentence-level candidate generation

After the above paragraph-based search, we generate various supporting evidence candidates
by increasingly concatenating the consecutive sentences (up to the whole paragraph). For
example, if we have a paragraph with three consecutive sentences A, B and C in order, then
we will generate the following six different candidates: A, B, C, AB, BC, and ABC.

Step 3: Candidate scoring
This step is the focus of our approach. We use either QE-BLEU or Modified F-measure to

score each candidate according to the given question passage.
Step 4: Select the top-1 candidate

After scoring the candidates with a specific scoring function, we then choose the candidate

with the highest score as the supporting evidence.

4.3 Experiments Settings

Smoothing: We adopt the package jbleu’, which uses the smoothing method-3* adopted in
(Chen & Cherry, 2014) to smooth both QE-BLEU and Modified F-measure. After smoothing,
they will get a small non-zero value (instead of zero) when there is no match for a given

n-gram.

Weight optimization: Last, there are four n-gram weights in QE-BLEU; however, there are
four n-gram weights and one additional parameter a in Modified F-measure. These
parameters affect the performance of the proposed scoring functions significantly. We adopt
Particle Swarm Optimization®, which is known for being able to escape from the local
maximum points, to automatically search for their optimal values on the development-set. We
then use the obtained optimal parameters to evaluate the performance on the test-set. There are
two a values tested in the Modified F-measure approach. a=0.5 is the situation to weight
precision and recall equally; a=0.13 is obtained by optimizing the Modified F-measure with
equal n-gram weights. And finally, 0=0.12 (without smoothing) and 0=0.21 (with smoothing)

are the optimal values obtained by jointly optimizing the n-gram weight and a value.

4.4 Experiment Results
For various reasons, there are some benchmarks that cannot be generated by our candidate
generation procedure (Step-2). Table 4 briefly lists different reasons and their associated

percentages. As shown in Table 4, 16.2% of the questions are originally marked as the case

* GitHub repository, https://github.com/jhclark/multeval/tree/master/src/jbleu
* It basically assigns a geometric sequence to the n-gram that has 0 matches.
5 https://pythonhosted.org/pyswarm/
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that no appropriate evidence can be found in the text. 12.8% of the selected top-1 paragraph is
different with the desired paragraph. 13.8% of the benchmarks are not a consecutive passage
within a paragraph. In order to focus on comparing the effectiveness of various scoring
functions, we eliminate those types of questions that the desired benchmark cannot be
included in the candidate-set, and only evaluate the performance on the remaining questions

(total 237 questions remained) in the following tests.

The performances of various approaches are shown in Table 5. Apache Lucene Core
5.5.0 is regarded as our baseline which uses the vector space model and a pre-specified
scoring function for ranking. We adopted two widely used scoring functions, TF-IDF and
BM25, as our baselines. The performances of equally weighting the n-gram are listed in the
table “Equal N-gram Weight”. The “+Smoothing” column shows the experiments that involve
smoothing technique. The table “Optimal Weight” shows the experiments that adopt the
optimized parameters which include various n-gram weights and the a value (for Modified
F-measure). Again, the columns labeled with “+Smoothing” are the experiments that adopt
smoothing technique with optimal weights. Table 5 shows that the overall performance of
both QE-BLEU and Modified F-measure with optimal weight and smoothing technique
outperform the baseline Apache Lucene (TF-IDF) about 5%.

Table 4. The statistics of the benchmark evidences that are not covered by the
generated candidate-set (measured on the test set).

No evidence in the text 16.2% (67/414)

Non-Top-1 paragraph 12.8% (53/414)

Non-consecutive passage 13.8% (57/414)
Total 42.8% (177/414)

Table 5. The performances of various approaches.

Baseline:
Apache Lucene(TF-IDF) 54.43%
Apache Lucene (BM25) 46.84%
Equal N-gram Weight:
Equal N-gram Weight +Smoothing
QE-BLEU 37.13% 52.32%
Modified F-measure (0=0.5) 37.55% 42.19%
Modified F-measure(a=0.13) 58.23% 50.63%
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Optimal Weight: (¢=0.12, 0.21)

Optimal N-gram Weight +Smoothing
QE-BLEU 40.93% 59.49%
Modified F-measure 59.92% 59.49%

5. Error Analysis and Discussion

Apache Lucene: We find that Apache Lucene makes errors (for selecting the desired
candidate) in the cases that the top-1 paragraph contains more sentences. This is mainly due to
that IDF weight is adopted in both BM25 and TF-IDF, and IDF weight is based on the
diversification of the documents to give the term weights. The term which appears in many
documents is thus given a lower weight. However, various supporting evidence candidates are
actually from the same paragraph (due to the way that they are created). Therefore, the term
which appears in many candidates may actually be the key word (in the question) that we
should pay attenuation to. As a result, Apache Lucene is not a preferable method for
supporting evidence retrieval because it is related to the term distribution in the supporting
evidence candidates. As shown in Table 5, the performance of BM25 is lower than that of
TF-IDF. The reason is that the IDF matrix in BM25 is more sensitive, which deteriorates the

performance in this task.

QE-BLEU: We find that most errors resulted from the QE-BLEU approach is due to the
brevity penalty factor, as it penalizes the length of evidence candidates when the length of a
candidate is longer than that of the question. In principle, the brevity penalty factor is mainly
introduced to avoid involving unnecessary sentences in the evidence. However, as we
mentioned in Section 1, the supporting evidence selection is only affected by the relevant and
irrelevant information but not the question length. If we punish the evidence of which the
length is larger than the question length, we tend to get the supporting evidence that is shorter,

and might lose some relevant information.

Modified F-measure: As shown in Table 5, we test two a values: 0.5 (i.e., equally weighting
precision and recall) and 0.13 (which is the optimal value obtained from the
developoment-set). The performances are found about 8§%~20% better when we adopt the
optimal o value. However, both QE-BLEU and Modified F-measure get the same performance
in the “+Smoothing” column in “Optimal Weight” (Modified F-measure improves 14 cases
against QE-BLEU, but it also deteriorates the same number of cases). Furthermore, the
optimal a value (a = 0.13) shows that recall is more important than precision since o= 0.13 <
0.5.

However, this model is found that it tends to find the evidence which is the longest

among the candidates if we only consider recall. To avoid involving unnecessary sentences in



58 Meng-Tse Wu et al.

the evidence, the proposed approaches actually adopt two different stategies: QE-BLEU relies
on Brevity Penalty (which penalizes the longer passage regardless of its content) and Modified
F-measure relies on Precision (which penalizes the passage with more irrelevant content).
However, utilizing Precision is better than adopting Brevity Penalty since Brevity Penalty
only penalizes the passage with the length being longer than that of the quesiton without
considering its content. To show the effect of this issue, we further extend the experiments to
test Top-N (intead of Top-1 only) accuracy-rates to demonstrate the superiority of Modified
F-measure. Table 6 shows that the performances of Modified F-measure are better under the
columns of Top-2 and Top-3. Where “+Both” means that the experiments are under the setting

of the optimal N-gram weight and smoothing technique.

Table 6. Top-N accuracy rates of QE-BLEU (+Both) and Modified F-measure

(+Both)
Top-1 Top-2 Top-3
QE-BLEU (+Both) 59.49% 72.15% 79.32%
Modified F-measure (+Both) 59.49% 73.84% 79.75%

Last, we further check 30 wrong cases from the Modified F-measure with optimal
parameters along with smoothing technique. It is observed that those associated errors are
mainly due to six different types as shown in Figure 2. They will be further illustrated as
follows.

M Treat lexicons equally
® Contradictory mismatch
® Required inference
Paraphrase mismatch
B Inconsistent word segmentation

® Others

Figure 2. Error types of Modified F-measure
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(1) Treat lexicons equally (30%): Since we match the terms without considering which terms
are more important in the sentence, some error occurs due to the focusing-words are not

weighted more. For example:

Question: HE&R(ERERIZELAAF » |[ANIEIRYEERE| - |52 [5]22E < T ERe fL e -
“Class leaders should guide the classmates to abide by group order with a fair and just
attitude.”

Top-1 candidate: LA [AIEIYIREE] - |5 122 22 T | B RS R | -

“and guide them to abide by group order with a fair and just attitude.”

Benchmark: {&{T[PE&R(ERED| > [SZREIE RIRIERAIIESRE] - RELAAP| > [AIEIRYIRERE > (5]
e dlEit e SRlE P E

“As a class leader, you should be able to serve as a role model for classmates and guide them

to abide by group order with a fair and just attitude.

The terms “PF4k” and “§8EE”  (“Class leaders”) are the important topic words in this
Yes/No question. However, they are interleaved with other unmatched words in the first half
of the benchmark. The Top-1 candidate, instead of the benchmark, is thus selected because it
possesses a higher precision-rate. This kind of error need a specific technique to find the
focusing-words in the sentence and give different term weights according to the degree of

importance of the terms in the sentence.

(2) Contradictory mismatch (17%): Some Yes/No questions are designed to describe the
wrong fact. Therefore, the sentence which describes the wrong fact would not match the
evidence sentence in the lesson, but this unmatched evidence sentence still should be regarded

as a part of the supporting evidence. For example:

Question: FE|{EAT| > |2 R E RS ZE P I H Y| - [215y T IRUBUR i 84 |4 R Y] -
“In the past, the purpose that farmers participate in folk art array was to assemble against the

government.”

Top-1 candidate: 22| B {2 EA( P (AT | 25 V2 IS | BRIFIAELAR - AT B P |2 T g | 2 B
be| >

“Taiwanese folk art array used to be an amateur organization, and villagers used leisure time to
participate in the folk art array.”
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Benchmark: Z27E || B [ZEFeH {1 | 25 2 SR BRIAIREAR] - [ EIA F |2 ey | 2 B 2 e -
|BRIET| AT ASE| ~ [SREI5RE| - [l PR Ak R RE - [BER T Rl ) -

“Taiwanese folk art array used to be an amateur organization, and villagers used leisure time to
participate in the folk art array. The purpose of it is for leisure, martial arts and also connect
with friendship, condense the centripetal force of the place.”

The sentence “E A T KRB/ MESEHKE” (“was assembled against the
government”) is the wrong fact in the question which describe the incorrect purpose of
forming “ER{AEE[E” (“folk art array”). Although the sentences “FF ] {R[H1IREE ~ SR TR
5 WG ER 0 SEEEH AU, J]”  are not matched, they in fact provide the
supporting evidence to conclude that the associated statement in the given question is
incorrect. Therefore, they should be included in the supporting evidence. This kind of error
also need to identify the focusing-words in the sentence, and emphasize them with larger
weights.

(3) Require real-world knowledge (13%): This kind of errors is caused by the shortage of
real-world knowledge. For example:

Question: [ &[5 = |BRT'E| A B S R A (AT [ & e A FIFRIE( -
“Chen Yuanguang, the Kaizhang Shengwang, was believed by the local people for his
contribution in developing Zhangzhou.”

Top-1 candidate: B eI 7 [E1 40| | B 0 | S5 AE BRI B T2 - [PR38R e o RO
FRZELEINA| -

“In the Zhuangwei Township of Yilan County, the Kaizhang Shengwang Temple worship the
Kaizhang Shengwang. Because Chen Yuanguang had contributed in developing Zhangzhou,”

Benchmark: E%‘%|Hi“.éﬁﬁ|ﬁ9ﬂ|/ﬁ|ﬂnf|r—|mﬂ3|ﬁ9ﬁ|/$| F| o [l A T B
EINAT - Bt A RIEAIERAE] - [RLEIALY

“In the Zhuangwei Township of Yilan County, the Kaizhang Shengwang Temple worship the
Kaizhang Shengwang. Because Chen Yuanguang had contributed in developing Zhangzhou,
the local people built temples to honor him, he is the protecting god of the people of
Zhangzhou.”

To deal with the errors of this category, we need to know that the sentences “& Hh A ZEEHLS
1B BRI AAIEEH”  (“the local people built temples to honor him, he is the protecting
god of the people of Zhangzhou”) implies “fZ{{I” (“believe”).

(4) Paraphrase mismatch (10%): Since we only count those “exactly matched” words, we
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cannot match two terms that describe similar concepts but use different word-types. For

example:

Question: S|4 i R 22| 4k (B 553 1Y |2 28 -

“We should maintain a clean environment when visiting famous places and monuments.”

Top-1 candidate: BR[| - |17 ST HLE [ HEE PR RO -

“monuments, you should abide by the regulations and maintain a clean environment.”

Benchmark: FEgH|FM| » [dBRIF - [T E R ;

“When traveling to famous places and monuments, you should abide by the regulations and

W R R

maintain a clean environment.”

The terms “£HH” (“visiting”) and “FEZ”  (“traveling to”) have similar meaning but
are not matched in string. Therefore, the capability of detecting paraphrasing is needed to deal
with this kind of problems.

(5) Inconsistent word segmentation (3%): This type of errors is caused by the inconsistent

word segmentation between the word in questions and lessons. For example:

Question: A5 BRI ERIEEE S IBURF NI (T - (B2 230 BT AR -

“The environmental maintenance of historical sites is the responsibility of the government and

has nothing to do with the visitors.”

Top-1 candidate: E5&|Z 40| s » |HBE| - |75 22 BUR H0RH B B R s R i & 1|

“The maintenance of historical sites in the hometown requires active cooperation between

government agencies and private institutions.”

Benchmark: |5 40|44l - |28 75 2 BURF IR 1B ECTE AR IRt & (R > [05R 3S|
Bl o EBEHEEIEE] - (IR =R EIR OB EE -

“The maintenance of historical sites in the hometown requires active cooperation between

government agencies and private institutions in order to strengthen the management and

restoration of historical sites. It also requires the resident’s care and protection.”

Because the same string “ZREiEE" (“historical sites™) is segmented differently in the
question (as one word: “HZf5HEE" ) and in the candidates (as two words:  “#4f5”  and
“EBE" ), the system thus regards the second sentence in the benchmark as a purely

irrelevant string.
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(6) Others (27%): The errors in this category are either the cases that are caused by multiple
error types mentioned above or the errors that only occupy a small portion. In the following

example:

Question: ir |[{E|L1131| Fr [ /Y3t 5B &S8R AE| - [BHCE -

“It is suitable for the development of forestry and animal husbandry in the hilly areas.”

Top-1 candidate: [LIith| |5 T7| - [SERE(LLIMRCE| - [ SEEEN ¢« M EERPR
HrlE =

“In hilly areas where forestry, animal husbandry and other activities are developed; for those

residents living in the plains,”

Benchmark: L1 2 ZE (50 7| » [S5REIHIPRSE] » [BHCEEES

“In hilly areas where forestry, animal husbandry and other activities are developed;”

The error is caused by multiple reasons. First, because we treat lexicons equally, the last
sentence in the Top-1 candidate matches the stop words which are not important. Second, the
last sentence in the Top-1 candidate cannot express a meaning completely by its own. We
need to detect the coherent of the sentence to deal with this kind of problem. An another

example:

Question: HTHAR|ZRATIFK IV HE| - B AREIRELIZEBZ T E AR - R E]
BE| T RIEPKE] > [t T E R L] -

“In recent years, some city’s hydrophilic trails and the establishment of the riverside park are

the result of river remediation, which not only improves the water quality of the river, but also

improves the quality of life of the residents.”

Top-1 candidate: {E[EEAIL[1&] - (G T RIGIPKE] - RS fERIYAESE] -
“After the remediation process, the water quality of the river has been improved and the

quality of life of the residents has also been improved.”

Benchmark: TR |1BEBIERE R 0 [T RIRIRYIKE

| e EIE’JIEE Hl -

“The love river in Kaohsiung has been seriously polluted. After the remediation process,

the water quality of the river has been improved and the quality of life of the residents has also

been improved.”
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In this case, we need an extra module to link “Effimi” (Kaohsiung) to “Z &’

(some city) because “Kaohsiung” is an instance of “some city”.

6. Related Work

As mentioned in Section 1, the previous studies of retrieving supporting evidence can be
grouped into three categories: matching terms, conducting syntactic/semantic analysis, and
scoring with a translation model. Term matching approaches focus on retrieving the related
query from a large scale of documents by using similarity functions and word weight
functions. For example, DrQA system (Chen et al., 2017) was developed for large scale
applications such as retrieving the relevant documents from Wikipedia. In their document
retriever model, they evaluated the similarity of the articles and questions by the score of
TF-IDF weighted bag-of-word vectors. They also improved the model by taking bi-gram
counts. However, those approaches usually do not consider word order and local context.

Syntactic/semantic scoring approaches are specially developed to deal with certain QA
datasets. The DeepQA pipeline in IBM Watson system (Murdock et al., 2012), which is used
in the task Jeopardy!®, presented four passage-scoring algorithms to retrieve the supporting
evidence by scoring the passages. The scoring algorithms operate on the syntactic-semantic
graphs constructed from analyzing the syntactic and semantic information of the documents.
The QA system in (Jansen et al., 2017) was developed for standardized science exams. They
extracted the focus words according to their scores of the concrete concepts. The words are
scored by the psycholinguistic concreteness and rated from 1 (highly abstract) to 5 (highly
concrete) by human. Nonetheless, this kind of approaches is more complex and their

operations are usually more time-consuming.

Translation model based approaches are widely adopted in community Q&A tasks. They
mainly check the similarity between the queried question and those historical questions kept in
the archive with a translation model (in which a higher translation score implies that they are
more similar). In our case, this approach translates the given question into the specified
supporting evidence candidate via a translation model, and then assigns the obtained
translation score as the associated score of that candidate. These approaches can be further
categorized into word-based approaches and phrase-based approaches. Word-based
approaches (Berger et al., 2000; Jeon et al., 2005; Xue et al., 2008) adopt word translation
probabilities in a language model to rank the similarity. Zhou et al. (2011) further extended
this model into a phrase-based one and obtained better performances. This kind of approaches

clearly needs large benchmark data which is expensive to construct in our task.

In comparison with previous term matching approaches, our proposed n-gram matching

6 Jeopardy! is an American television game show.
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approaches further consider word order and local context, and thus improve the retrieval
accuracy. On the other hand, for those syntactic/semantic scoring approaches, the proposed
approaches can operate more efficiently due to the use of simple string matching. Last,
comparing with those translation model based approaches, our approaches do not need large

training data.

7. Conclusion

Two different models are proposed in this paper to retrieve supporting evidence for the given
Yes/No question: QE-BLEU and Modified F-measure. In comparison with previous
approaches, the proposed approaches provide better accuracy and efficiency. Both of them
adopt n-gram to incorporate phrases and local context; however, the Modified F-measure takes
care of both precision and recall, while QE-BLEU only handles recall of the question.
Experiment results have shown that both of them outperform Lucene Apache search engine by
5%.

Our main contributions mainly are: (1) We proposed and tested two novel approaches to
retrieve the supporting evidence, and have obtained better performances. (2) We list the
desired characteristics of the supporting evidence retrieved. (3) We implement and compare
various refinement techniques, including smoothing and optimization, for the proposed
approaches.
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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)
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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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#
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34
o S
_> ‘_

w
Bi-RNN =]
Backward Cell ?;;
T
Forward Cell 4
&
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&
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t

ol L R
B 4. BFTERAEERES IR 25T < [ B2 A IR

[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
e Eit% 0 RMSEEFMERNE - E4E R BRI AE A DL ROR S §k 5 56 A & R
AR (BT WE+COEM+Char B WE+ROEM+Char ) FHEZAESRE 2458 2 455 - Z5E M
ISR TS I LR 2 2 S A4 IR - Hop ]ODI IS B A A A Sy 28 H
AL > FRMTET DRGNS - B EER A A R I R B Skl ad] () &R > B EF R EE
T Fosll| R B SRS > o] DUE S EL RSN G AE A QIR SE AT AR RS iy T 5] 1) AT A2
FERCE T GIE & MRS 0 R 5 $kan] (1] E A o] DUBR T AV E B Y - E5—RAE »
AEm AR R & 2 R B AR O » RS R AEAE 3 SR R HR AV EL B =5 2 65.50% - {E 4%
AR EUEAEE R o il Ry 46.19%EH 46.20% - (4w FalEER4s R - T DASEE - K
B gk Y H B RN AEE O B R BRI R BRIV R E R ARG SR 2
I35 » AT DUKIEAYE S ERS B » HE 2 A7 COEM =, ROEM EA4:/VsH A &3
AR A 0 BURT DAL E AR LS GrEE M L H [ S FRT0E Rl AMERE 2T (&
EHIF) BEBREY -
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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
BEZER > ATLUES AP AEER - TR > BRI A e YR B Bk A 2
FoNAIERL - A — D HE RS E R R T R SRS A R EE B 2 R B SR LR
R o & > BRI RS ke a [ B R AR I E R AL e 2 -
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Hierarchical Multi-Label Chinese Word

Semantic Labeling using Deep Neural Network

FEReE ~ 4w

Wei-Chieh Chou and Yih-Ru Wang
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I PRSI (axonomy) WIRSEIEEAN - WIS TR R A48 it
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Abstract

Traditionally, classifying over 100 hierarchical multi-labels could use flatten
classification, but it will lose the taxonomy structure information. This paper aimed
to classify the concept of word in E-HowNet and proposed a deep neural network
training method with hierarchical relationship in E-HowNet taxonomy. The input
of neural network is word embedding. About word embedding, this paper proposed
order-aware 2-Bag Word2Vec. Experiment results shown hierarchical

classification will achieved higher accuracy than flatten classification.
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1. 43 (Introduction)

B ERNEEE S K 8 E%% > hGES h AP E s (synonym)
Flan: R —88HE— - HREZRI B o HEE T REVEE o SOMUA R EE R AH(E
fiE & (concept){H ELZE R [FAVzE] > B0 BRFIMEELERVERE - 1S W & &8 RIT 28 DR BT
S (HEWEEEAREER - MR L EE = 2 b i A —(#5E smt o] DA =
FAR P a2 2 f =4S R - Rl oG s E TR B S s e A Rt 2 &
&

TERE S AV GRS 73 1T (ontology of concept)t » AT (i FH EE 25 M489 (Extended-HowNet,
E-HowNet"){yza g2 & MU e AR B B2 A48 2003 4 dh oL iF 72 be & ST sl B/ N AL
[ /]N4H 57 B (CKIP Chinese Lexical Knowledge Base)fy s & Bl 8 Iz 3R 5 4 Al 2 2 H148
(HowNet)Y5E 5 1E Ftk il i ah ~ #8 7 LU B (Huang, Chung & Chen, 2008) » DUETHYEE
Fe 755 (sememe) 78 28 25 R 1V 4H & AR A0 &1 B AN SE RIS, » DU B ERE 2B Es 2
] > RS HY a8 1 B & 14 2 eIV R (%(Su, Li & Li, 2002) (Liu & Li, 2002) -

B (B ARG S 1 25 (B 1 5 O] i B 25 A 8 (multi-label) » 17— (BB A S FE R HY
BB — (82 2 (multi-class) o J& 28 K148 th & — (8 56 s b A B B S (R 40 s
(taxonomy) ¥ [ 2 — (& [ g =R & » HLRE &Ry A TR » 1 Rt 2 M B
{mental {1 } TEEE A4S FE 2460 EE 2 e g (R AR - Zas 2 S IEE& &N
YiRg > &Y -> g > K-> null (null FF REGES - RS ZERENG faL &R A=
R E T U R R E 0 EH) -

J@F(flatten) 73 32 A 2L SRS @ U & S LEEE S - HERNASH
CERE LI ERBRA RS e BCARIE AR g = (hierarchical )73 M R EoRE - RIS S AR
HI4EZErER T P e AU & s DU &S Ak i 2 P g U S A o s Y > 4%
g A By S| A S A B> AL S HE Mikolov #2422 Word2Vec? (Mikolov, Chen, Corrado
& Dean, 2013) (Mikolov, Sutskever, Chen, Corrado & Dean, 20 13RI &k » 2% E H
SoE E N SRR (R 2-Bag Word2Vec ZEME - 7S LU [E]HY 58] [A) & 1 A R 5] 1) £
HIRLEE © 4ol A & 0] LURFEE B et AR S R H T FRIEess (=) &t 7] DUE AR sE S av b
L -

! http://ehownet.iis.sinica.edu.tw/index.php
2 https://code.google.com/archive/p/word2vec/
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Depth 1

Depth 2

Depth 3 .

@ Depth 4

o

B 1. EEAGENEELFE — BE{mental| (575 Z it 5
[Figure 1. Taxonomy of E-Hownet --- take {mental|}5 7%} as example]

2. zHHERERE] (Word Vector Model)

REEEARATRE & 748 AW 72 (5 H 858 1) AR FEEE R/ 44 Mikolov Fir HiHY Word2Vec
AL > HfiEl & Continuous Bag-Of-Words (CBOW)FI Skip-gram » A2/ EEH, 2-Bag
Word2Vec » 1% % BLRiE A FHVE 1% R85 8 H AT a0 A% SR (52 58] [ EAHEAY -

1£ CBOW ([ 2 =) 71 Skip-gram ([& 2 ) AYZREET - f2fg S B Hy ]
JFifd (prediction matrix) ESAH[E B M’ € RUVD > 4 4 [E] fir B 14 5 {55 FH (5] A9 FECHI AR pek -
ks s WA IR EIDSAEMAGEEGT R EER - HEEEEE &5l40
GERA B EARATSE AN BE % -

ABHFZEEE Mikolov FiTEE Y Word2Vec fHEI &R » $2HY 2-Bag Word2Vec » 3% 55
THaE 2-Bag CBOW LK 2-Bag skip-gram - DUE] 3 /Z{H] 2-Bag CBOW Al » 2-Bag
CBOW i Aty (2 x d) 4Ef9fE - HAHRHIE (projection layer) NI » HAEsd 2 Al
L 1% (N 52 5 B e W i ARS8 [e(W oo, W), €(W, 5 ...y Wo)] o FEEZSHESE By
M’ € RUIVDx2d, ﬁEﬂbﬂﬁfﬁﬁﬁfﬁﬁﬁfﬁﬁ%?Ejﬁﬁ?ﬁﬁ’ﬂEﬁfﬁ%° 3 5 fHIZ 2-Bag skip-gram
S0 {55 P o L FECHIAEPEM, ~ My, > AUINE M € RUVD X4 b =258 T AR I AT IR IE T -

EERE Ef?iﬂﬁ’]?ﬂ?ﬁ%ﬁ%ﬁﬁ%*%%% HIEHE ZHFNREER » RSB E
(weight) A1 > M'HYR/NE By fes » Il SREERIZS KA BRI BIHF IR » BULH 5 R &

AFEAINER - DB AGSEER/DIVERL T » &6 EZEISRET R
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INPUT  PROJECTION OUTPUT INPUT  PROJECTION OQUTPUT
W, y iy W,
W 1 W 1
M’ M
W, W,
Wy W,
WZ WZ

[E 2. Word2Vec PR » Z=f7 CBOW » 1% Skip-gram
[Figure 2. Word2Vec model. The left side of the figure is CBOW.

The right side of the figure is Skip-gram.]

INPUT  PROJECTION OUTPUT INPUT  PROJECTION OUTPUT
W, M W,
W, W,

W
Wy
W, W,
WZ W2

6 3. X HFFEHEH Z 2-Bag (RE » Zfll%5 2-Bag CBOW » 1555 2-Bag Skip-gram
[Figure 3. 2-Bag model proposed by this research. The left side of the figure is
2-Bag CBOW. The right side of the figure is 2-Bag Skip-gram

DMK EREEB B EEK S E (Hierarchical Multi-label

Classification using Neural Network

3.1 ER (Model)

bR 8 R A R E MRS FE R e - B A8 BiEm DI
TRt Vs g A B (o FH 2 (B S R T 1T (o P o A e B ] R A A R (S
M 0 T8 4 Ry ARBFTPTIR tH 2 PSR A 200 - TERENAEE (depth) & P& L
{58 FH— (a4l - TP E B — i > Sty B E R S PSR rEs - K
—{EZ% g (Multi-Output) #5Y - [EEIEER A &AM - E& MR 2 B Eisin
A — B &R (B 1 69 null £288%) - FrLA—(E &SRS A _E
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T~ (top-down) FEEFILEIRLE - HEARLE S BEIEER () EFIEUTRE -

oIl SR PR B —Brah > — (I H AL 4 RS S AR BRIV S — JE &N (depth 1 BEZSEAT root
ERREHIPE ) - LA —EFSRE LR — (8 g (Depth 1 HUJH) - SRS EE S RTHY
F AR EEIEEEL (Back-propagation) » & — I XE A 2 & FTRON — (EZR fEE P g o
AR - 55— PSRt sk oe 1% (B 4 BT BIEEIZRRRiss —fae) - S50
J& G 5 ME — (B AC RS S IR - 22 RITE R R — P g o AL AR v L B R A —
FtaH i AR $E (concatenate) RN/ EE & & ez ayin A (18 4 756 —F&)E
ZEA) o LIS G A BT E R E E Rk — P& e A C R | 6R - AL 25 P g 1o
2 Bk 0 7D e | E DA T Bt

A PR R A B R AR — (B s (55— PR g Z A SR ) - R SR — PR gy
B ORy S8 PR TR A - IR A B R BRI R —PE e - fE PR AL AR
Y & (5 softmax > fRI&EIT N —EIE MBI EHRZ -

Input instance x e -
TR
[nputiver QO OO0 ® - @
Layers corresponding to .
The first hierarchical level hidden layer ’_[. . . . . s . ]

Outputs of the first level (class)

Are provided as inputstothe - - - - Izancatanatall @ - = '
Network of the second level - -
/ Depthl N, classes
. Input layer —[ XX ] [x + N, dim.
Layers corresponding to —d . 4 . . . . . . L
The second hierarchical level ’ ) :
nadeniave - (@ OO O © - @)

) ]
a Depth2 N, classes

' [ ]
16 4. LR S AR S SR [ U 2 7 AR 2
[Figure 4. The structure of Hierarchical Multi-Label Classification using
neural network]

3.2 [EE=EET/EEHE (Correcting Inconsistencies)

B IS e R AR e ISR 2 1% RS B R R — (R R B 2R IE
TSR G BN Bl —(E TP EAVETES (subclass) #TEM - (HEFTE LAr
Eii%E (superclass) 1747 o 8 LL00 J5 53 4 IR IR AE T P e 1y 1 AL 4 s 1 02 25
i AS R > B EER A RS B —{E5E s TEHIAS S e B M P e & F A MR
PERY > FrDAE g R B FEfERi{& & (inconsistent) » FERIHERASHER EAFIEHIIE 2
EEE - EHREE RS EREEERNFEETEEN -
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p(X) = T3, log(0(X,0)) N
S P I 2R o AR SRS R (EH Softmax - (1) A7 AR 1L
L% Y B AR RS softmax HERFI FiE » Hith L BEEAu FE—E k&
A PR T A IR > TR IR IR Z 2R Y e R A 2 AR B 1 R
IIAEPEARAR GRS Ry B I 43A N Ey B AUERIEEA N RERES) » IR
BB 8 R/ MEHERE » SREIERER -

3.3 MAEEELE 7= (Measurement)

BB FAYREAL 7 20R IERESR (accuracy) » Hat B R IEMERY A8 S B B 45 A LE
{8 > A B AR 1Y 2 A4 I e A A B R M RS 55 e A A 51 P g e 1 T e
R WM EREREA Y YRS IEHER B R G IEHER - SR T:

R IERER: RS A IEMER 558 L AT A Wl U A IR
BEIEMER: B EZ RS IR

Z1.word a IFHEFRSIERNE
[Table 1. word a test path]

type Depth 1 Depth 2 Depth 3 Depth 4 Depth 5
TEST classA classF classC null null
word o
TRUTH classA classB classC null null

LI 1 B > 40 word o #J TRUTH Fris > word o S {E ARSI HYETES C - {2 MG EL word
o AEAERS R TGS SR S AE R C o (B H P 2 AR IL A > F -> C (B S TR -
IERERSIE Rk 0) Fo— (BN FAERYRRIE > SHRIEREREFLL Depth 3 Rofill - (R Fy word o ££
Depth 2 5t #8358 - Fr DUERT RARAS IERERIF {275 Depth | SyIEHE » ] Depth 2 Al Depth 3
B RybBEh ;ML EIEER 5 Depth 1~ 3 #05T RIERE » 177 Depth 2 51 Ry -

/0

O 00
\g-*

[ 5. word a2 R HEEERERS R
[Figure 5. word o test and truth path]
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4. BEERELSYMT (Experiment and Analysis)

4.1 EBRERHEEEZE (Experiment Setup)

TEEET 5 A & A EERME2 (1) LDC Chinese Gigaword Second Edition® ~ (2) Sinica
Balanced Corpus ver. 4.0 ~ (3) CIRB0303* (Chinese Information Retrieval Benchmark,
version 3.03) ~ (4) Taiwan Panorama Magazine’ ~ (5) TCC300° 1 (6) Wikipedia (ZH_TW
version) - DL_b & aBRHER AT RS IR UIFE AN % 2 Bridles(Wang, Wu, Liao & Chang,
2013) &5l % 4T 4.4 (557 - K T (05 m) B FORSHE - R EENLGE m) B 2 Al SRS IER
&~ FEgEAE R - PEALRNETE0 - JISEEER - BAEEREREO AT (c=17)
HEFE Ry 200 4 - GESREREBESIER /NS 25 GE 5 > Ief% IR T 19 E{EE A E -

EF AR AR T - ER AR A R BRI  fla

TR AR B A L 0 (BRI A B ERERREEE - fIRRAREE RS R
AU R ) 8 AR LAY - IR EIEH] S B E BRI E IFRESEEARS - Hrf 90% 5
AR IEE - Har 10% B HE0EkRE -

A 2 S HE A - T B A 4 D W 2R — B A
EHF5ERE Ry 403 EE SR -

TERETRESER GO 2 AT - (EERAEN RS EREI (AR5
BHEZAL T 3404 (& - M5 —R0V{EY) B 1SULE ; REFRDVIVER » HhHE
/N 10 BHYBTRIA S21 {18 > /s S BYA 321 - /NS 1 YA 107 fi#l - RIRSTHEER &Rt
BRI - PR (E R ARG 4 - REFT A (8 A BRIV 30 HYSSURTHG 24E 22 30 45 - 2th]R
FERHE 50924 SR 52906 (+1982) (+3.9%)

4.2 Y4388 (Flatten Classification)
P JE R 25 8 B e R ZR R _E T P T RR R 2 0 7 0% - LR A (o e A o
(K-Nearest Neighbors Algorithm, KNN) BlE1HE g% (Neural Network) °

TR EERT - WRSVE K E - AR EE K AU REAREERE -
P B A REAY 3 B TR s AR T T DUE B — SR R BUA ORISR R K
B BERMRRAEAEE LR E K E  MERZEBRTRERIE - WRFLER
PEE (tied-vote) - R EARDIE R A B —% (Top 1) » A REAE DU HER Al 55—
HECRE (Top 1 MAX) - [z i 4T a2 (o FH 8R4 BERE (cosine distance)

* https://catalog.ldc.upenn.edu/LDC2005T14

4 http://www.aclclp.org.tw/use_cir.php

5 https://www.taiwan-panorama.com/en

6 http://www.aclclp.org.tw/use_mat.php#tcc300edu
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R 2. RV)E AT IR
[Table 2. Accuracy of KNNJ

CBOW200 | Skip-gram200 | o0 Skipz-g:agl;lmﬂ
Top 1 55.8% 53% 55.2% 52.7%
Top 1 Max 63.9% 62% 62.6% 61.1%
Top 3 74.4% 73.4% 74.3% 72.5%
Top 3 Max 80.2% 79.4% 80.1% 78.7%
K value 8 10 8 9

%% 2 453 Mikolov AT Y Word2Vec A SUBELL AR ST iR 2 2-Bag HERIEIAK
1547 > iR A DAARB AT R FECHI B 2255 CBOW F1 2-Bag CBOW IERER By

R AT AN EE T E 5 4S R ERES AE s m &8 5 H Word2Vee 1y CBOW Al
Skip-gram HEAFHVREE - SUESEFHACAERE T BEH Word2Vece Y5 R EEAIZLRE %
08 e SRR SO (1 A -

FE 3. B PHRE GRS AR IE TR
[Table 3. Accuracy of Neural Network]

word vector Topl Acc. Topl Acc. + POS Top3 Acc. + POS
CBOW 200 54.1% 58.4% 75.3%
Skip-gram 200 53.7% 56.7% 74.6%
CBOW 200 + Skip-gram 200 55.4% 59.5% 76.4%

IEEEERET A POS (part of speech) 1% ¥ IERERATEZZE - POS 4% one-hot encoding £ 11 4
A& 3% POS [ &l CBOW = Skip-gram [a] EAHFE& & 1y 211 4E[m & - ) CBOW 200 +
Skip-gram 200 + POS % 411 4[5 - HFE 3 {551 LA POS Fil{i&1E & [ &AL o]
DUFE S ERER » L rfEa] e & 2L CBOW 200 + Skip-gram 200 + POS [ FHERELE »
& CBOW 200 + Skip-gram 200 H i ]3] ] & AH#E_E AR MU E(L R - B A2 T
YEHYRER o 55 CBOW 200 + Skip-gram 200 + POS FYEFEGEE] T 59.5%[1 TERE® -

4.3 [EER =% (Hierarchical Multi-Label Classification)
EREA S EEZ TS CBOW + Skip-gram + POS 7 411 4ERH > IFHERFIEAT » i1
P 5t 25 A S RS A (3 PR 35 > HE bt CBOW il Skip-gram 5 200 4 > 53
SMIIA POS one-hot 7 11 A& -

FERIMORISE » &5 FIAEMITL head concept (% » IRHEABHIIITUENILFAERTHG (caf
node) 1 root BT SN AR » SERIOBCRER — BRARESIN
R T HEFE T R P R B mull -
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4. [ SRR TR Z WG B IE TR (LR T 157
[Table 4. Accuracy of Hierarchical Multi-Label Classification (Correcting
inconsistencies)

Overall Accuracy Layer Accuracy

Depth N Ace. Topl Acc. Top3 Ace. Topl Acc. Top3 =)l
Depth 1 98.3% 99.1% 98.3% 99.1% 3
Depth 2 90.7% 95.0% 90.7% 95.0% 7
Depth 3 81.9% 89.8% 81.9% 89.8% 18
Depth 4 77.1% 87.0% 77.3% 87.2% 83
Depth 5 70.9% 83.1% 75.1% 86.3% 85
Depth 6 65.8% 79.4% 72.4% 85.2% 127
Depth 7 63.4% 77.7% 79.8% 88.9% 78
Depth 8 62.2% 76.9% 87.1% 92.9% 23
Depth 9 61.7% 76.5% 91.8% 95.6% 31
Depth 10 61.3% 76.2% 95.6% 97.6% 38
Depth 11 61.0% 76.1% 98.2% 99.1% 10

FEIEAPE B A 3.2 B IR G774 » sl IEMERBURIN R 4 & > BIZIE
T 55 AE Depth 1 #| Depth 2 B {EZ 00 4 (EH] (3 JH->7 B1) » FHBIERERL T
THRFAT 8%

4.3.1 B TPRFEEAREMEE (Given Different Layer Different Weight)
15 P g =02 R T e &S A B M4 SR T S B R R g HY IERERRAR - R 5 s
Depth 4 F| Depth 7 2 IEREFREL AR JE 80% » (A HANFE FE i (ERESS - T RE IR R Ry iZ @ i1
B % B HINEE - LR AT DS T — R [ERY weight SREFHE BHER A AEE A
HR&REAERN - BHEPREIGER -

5 L] DARE 25 P g o B — (B S BUE AR A ARG (R RS » 5 LI F i/ N B
aREE - DIy 7= E B — (PR EAUREE - SN BERE 2 RS T:

K

de(X) = —gi(w) +log [ e exp(g; (X; win) @

Horpn B—{E R di (X)) > OB Ry o3 BSE R - Mde(X) < 05533 H1ERE > logarithm B
exponential 7 £y [ b o H Y Ryt 02 752 20 (X w) 1T n RIS E A= 51 B underflow
FRE -

IERE AT DUE il IERES R R AT A SRS e B2 - & n i~ > )
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RN TR & B fymax; ;. g, (G w) > B RIE AT SRS o #5350 0 B KAV &S R
AR AN PRGN SRERE - AE(2) & Fy:

d(X) = —g;(X;w) + g;(X; w) 3)
() g;(X; w) FSE Rl 2Rk B (class conditional likelihood functions) > A softmax 1%
GEIR X R RBTEA  MARE—4H R EMREE w R KB LA E > ()7 A& P& softmax
%4 R LI weight » AT TR2 S By

1
/
(X = —ZH, X, W, +log [ %) exp (T, X, w)n)| “)

HhC eERAMZERERINTIERERR » 27 AR A s R DL S IEHERR IR BB 22 o

MR ENSEEE X > WG ENiERE R e HEEEE - o n A
M 5T e T RIS BE - 1T LE R HE(3) R A zero-one function EFRIBLPHEL (loss
function) > JLEELL sigmoid function (5)E/EE & -

1
1+exp(—yd+6)

2(d) = (&)
TRRENEAY 0 MFEZ 0 720 8 0 Ml y A loss HEFHEEAYEEE -

K5 BINEEIEREES » BIIEE (KR [EERERE
[Table 5. Accuracy of each layer. Accuracy of some layer (circled)
are lower than the others.]

Accuracy of each layer
Depth N Accuracy Classes per layer
Depth 1 98.3% 3
Depth 2 90.7% 7
Depth 3 81.9% 18
Depth 4 77.3% 83
Depth 5 75.1% 85
Depth 6 72.4% 127
Depth 7 79.8% 78
Depth 8 87.1% 23
Depth 9 91.8% 31
Depth 10 95.6% 38
Depth 11 98.2% 10
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1£ Minimum Classification Error 3I| %R B DI FE T [ A b 2 80y & 5

a4 (X;W)

W, (t+1) =W, (t) —¢ aw, ©
B e BB MmNy FA AT LUZE 2§ 5 (chain rule) KT

S = e v
oo ”(;‘(;W’ Fo¥f sigmoid FHATIVEE R > WIE Fy

2O = ye(a)(1 - £(d)) ®
Hrpo-

1 8a
owy,

=—Xc+ % [ﬁzmic exp[(T1i, XLjWL)TI]]_ [ﬁZj,j:tc exp[(TiL, XLjWL)TI]]

1
=—Xc+ % [ﬁzmic exp[(T1i, XLjWL)TI]] [ﬁZj,jichLj exp[(TiL, XLjWL)r]]]

) jzclexp[ (Tt Xu,Wi)n]Xi]

Xj j#c exp[(zll,i1XLjWL)77]
SISk 5E R S PE @ E 4R 6 AT » B EFR S G/ N fian 2 Al e B REEEE 58/
@R B/ o IMAEPSE T EMERRE BE NG - ETEE DR E R REZ RS N AT
KREF > (BREE SAABE R EERE— R A TES -

RS A /N SRR 22 VAR B P R IR B By 1 o FE B/ N S ER = Al SRESE Rk %
TENEAPE B A T S By s v DA i R P @ ME YA E A T 3.2 HIE P EE RS
ST AREINT weight - FLEREF(DFEEISLLA0 T FToR:

p(X) = LN=1 wy IOg(U(XLk)) )
W, ki L g 2 HEE > R EST R A PEE o Bl N4 Z B EwW, -

s AME B 1% YIRS ER TEDHIGE B 4055 6 Ao RN A weight 1% HARBS IERER 2 55 11
JERARAEIE weight FYEF 2 T 0.3%IERESR > Ky 61.3% > i{E Top 3 15/ HEAARG IEEZR [
F0.8% -

=—Xc+
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100%
95% -
90% -
85% -
80% -
75% -+
70% +
65% -
60% -
55% -+ 0.6349 .5886

50% 0.50
Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth | Depth

1 2 3 4 5 6 7 8 9 10 11
e=@==Accuracy | 98.3% | 90.7% | 81.9% | 77.3% | 75.1% | 72.4% | 79.8% | 87.1% | 91.8% | 95.6% | 98.2%
==@==\Neight |0.9954|0.9296|0.8066|0.7789|0.6844|0.6349|0.6309/0.5886|0.65140.8494|1.0908

—e—Accuracy =—e—\Weight

B 6. & /BB EHEFRA weight E2
[Figure 6. Weight and accuracy of each layer]

6. FHEEIEEEE R TR
[Table 6. Accuracy of each layer after adjusting the weight/

Accuracy Topl Accuracy Top3

Depth N original add weight original add weight classes
Depth 1 98.3% 98.4% 99.1% 99.2% 3
Depth 2 90.7% 90.8% 95.0% 95.6% 7
Depth 3 81.9% 81.9% 89.8% 90.5% 18
Depth 4 77.1% 77.1% 87.0% 87.6% 83
Depth 5 70.9% 70.9% 83.1% 84.1% 85
Depth 6 65.8% 65.8% 79.4% 80.3% 127
Depth 7 63.4% 63.5% 77.7% 78.4% 78
Depth 8 62.2% 62.3% 76.9% 77.7% 23
Depth 9 61.7% 61.8% 76.5% 77.2% 31
Depth 10 61.3% 61.5% 76.2% 76.9% 38
Depth 11 61.0% 61.3% 76.1% 76.9% 10
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4.4 FEEC4ERETE (Discussion)
P17 5 ] B R AR I AT 14 SCA AR I BE (G Pr | 6y > BT DA {881 [ 2 1l e 2 Bl S DL LR
sERBAE R s > (E T AR N e A Ly 2 3 (H EL R PRI 1 SR DAL B RS AE (DL
[ SRR SR ERAIIE IS A - Blan T, B TR -

E B0 2 55— 2R B 2 R A TS s R BTN [ - B4 BREE N (E B8
W EPER R () - TIEEERRCE —2h (R BEEM EOPFO e B RS
B RS FEHE S LE AR E R AR B 1 EEHAVEE 2.
AL Y 2 ET N - AiE - BERE - BESEEE -

EARERAMENER IR 2 &8 B2 TYIGIT AN EERAE A
B R (SR MBS 2R (R MEABTEC 2B RS IERE - R
S TR EEHIRE R T - DUN SR B EOE B4R b BB B R A AR S
fEkE R BAIEEE BRIV T - IR B e S R E R M AT R
%% 0 I E BT A R R T L EE R A T A s R S B EEVEE R (HiE
ELREA R SR SRR R A A TR E - HE Rblsrsl i FREY BB H R RO R -

5. GEmERARKEY (Conclusion and Future Work)

KT HE 5 2R (taxonomy) 7 [ =X 20 R 8 & AR 1% DUBTHIAC A R 2 LAY P g =X
SRR Y > HE A E R A MR st B S AEEC - tER RS A fsEl A &
1E 55 [F & J7 A FE /M2 2-Bag model » H Ky Riga][m) & 7 f 2 jg 2t E 1Y weight 8
=1 H 5 E BRI G EA - ERASESHEENIER T » 3ISEER 4.4 (2
A3/ (Wang, Dyer, Black & Trancoso, 2015) » [R5 20 E/ 4% 2-Bag model -

EEPE R tbar TS (hierarchical) BARFF= (flatten) 7347 » K& [EIBE DU
AR L R > REIHY 2R e U 2 s R R e HFE gy - R
s G RS A SRR VBRI B EAMEE - RERGERKE » BE0B 2 EERg
Ebm~For BE s o MNP Bt B &/ NaR 253 B0% (minimum classification error) »
R ETEESREENEREY T AEEHE - (SRR NS R -

AWl A=A BN - KA DAEARAZE P A SO AR - s sy
R o AN g AT BUA D T FE AR A R R R A TR g S R E A Bk E -
BIE R B 8% 240 - EVENZRER -
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