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Welcome Message of the ROCLING 2017

On behalf of the organization committee and program committee, it is our pleasure to
welcome you to Nangang Exhibition Center, Taipei, Taiwan, for the 29th Conference
on Computational Linguistics and Speech Processing (ROCLING), the flagship
conference on computational linguistics, natural language processing, and speech
processing in Taiwan. ROCLING is the annual conference of the Computational
Linguistics and Chinese Language Processing (ACLCLP) which is held in autumn in
different cities and universities in Taiwan. This year, we received 38 valid
submissions, each of which was reviewed by at least three experts on the basis of
originality, significance, technical soundness, and relevance to the conference. In total,
we have 19 oral papers and 13 poster papers, which cover the areas including spoken
language processing and speech recognition, text-to-speech, natural language
processing, speech emotion recognition, information extraction, and question
answering. We are grateful to the contribution of the reviewers for their extraordinary
efforts and valuable comments.

ROCLING 2017 also features two distinguished lectures from the renowned speakers
in speech processing as well as natural language processing. Prof. Chin-Hui Lee
(Professor at the School of Electrical and Computer Engineering, Georgia Institute of
Technology) will lecture on “Speech Processing Research: Past, Present and Future”,
and Prof. Ting Liu (A vice dean and full professor of the School of Computer Science,
Harbin Institute of Technology, P. R. China) will speak on “Data, knowledge, and
Algorithm in NLP”.

Finally, we thank the generous government, academic and industry sponsors and
appreciate your enthusiastic participation and support. Best wishes a successful and
fruitful ROCLING 2017 in Taipei.
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Keynote 1 —

Speech Processing Research: Past, Present and Future

Prof. Chin-Hui Lee
School of Electrical and Computer Engineering, Georgia
Institute of Technology

Monday, November 27, 2017 9:40-10:40
Location: Room 616

Biography

Dr. Lee received the B.S. degree in Electrical Engineering from
National Taiwan University, Taipei, in 1973, the M.S. degree in
Engineering and Applied Science from Yale University, New
Haven, in 1977, and the Ph.D. degree in Electrical Engineering with a minor in Statistics
from University of Washington, Seattle, in 1981.

Dr. Lee started his professional career at Verbex Corporation, Bedford, MA, and was
involved in research on connected word recognition. In 1984, he became affiliated with
Digital Sound Corporation, Santa Barbara, where he engaged in research and product
development in speech coding, speech synthesis, speech recognition and signal processing
for the development of the DSC-2000 Voice Server. Between 1986 and 2001, he was with
Bell Laboratories, Murray Hill, New Jersey, where he became a Distinguished Member of
Technical Staff and Director of the Dialogue Systems Research Department. His research
interests include multimedia communication, multimedia signal and information
processing, speech and speaker recognition, speech and language modeling, spoken
dialogue processing, adaptive and discriminative learning, biometric authentication, and
information retrieval. From August 2001 to August 2002 he was a visiting professor at
School of Computing, The National University of Singapore. In September 2002, he
joined the Faculty Georgia Institute of Technology.

Prof. Lee has participated actively in professional societies. He is a member of the IEEE
Signal Processing Society (SPS), Communication Society, and the International Speech
Communication Association (ISCA). In 1991-1995, he was an associate editor for the
IEEE Transactions on Signal Processing and Transactions on Speech and Audio
Processing. During the same period, he served as a member of the ARPA Spoken
Language Coordination Committee. In 1995-1998 he was a member of the Speech
Processing Technical Committee and later became the chairman from 1997 to 1998. In
1996, he helped promote the SPS Multimedia Signal Processing Technical Committee in
which he is a founding member.



Abstract

Teaching machines to speak and listen to human languages has always been a
fascination for scientists and engineers in modern history. Although such a dream is not
easily realized, it is very common to visualize machines, computers and droids to do so
in science fictions. Some of such wonders include HAL in 2001: A Space Odyssey, and
R2-D2 and C-3PO in Star Wars. In the real world, speaking machines were first
demonstrated by Homer Dudley of Bell Laboratories in 1939 World Fair in New York
and the synthesized voice was radio-broadcasted to the US west coast. The technology
has come a long way that we can now design machines to speak multiple languages
fluently on various topics. On the other hand primitive listening machines were first
developed at Bell Labs in the 1940s to recognize English digits. Nowadays we have
seen many automated services and products that take human voice as inputs. The
interactions between speech and production, hearing, language and acoustics were also
studied a great deal around the same time, which later set the foundations for modern-
day speech applications, such as speech coding and automatic recognition of speech,
speaker and language. In the last thirty years of the 20th Century we witnessed a fast
development of signal processing, speech modeling and digital hardware technologies
which led to a global deployment of wireless speech communication and a widespread
installations of speech recognition and synthesis products and services. More recently,
a resurging of deep neural networks had started a new wave to speech technology
advancements. Although the vision of developing machines to listen and talk had given
speech researchers and engineers an amazing technology journey so far, we are also
observing plenty of limitations that hinder the ubiquitous deployment of many speech
applications to benefit the human society. Today we have now reached a new position
that speech, language and acoustics research are being integrated into the emerging
investment in artificial intelligence by internet companies and government agencies.
Therefore speech processing research is expected to continue to prosper. Meanwhile,
deep understanding on speech, hearing, language and acoustics will still be needed with
increasing demands from challenging scenarios, such as machine acquisition of spoken
languages, accent roles in language learning and communication, machine-aided
human-human and human-machine communication, emotion and speech, speech and
hearing impairs, speech disfluencies and potential neurological disorders, cocktail party
effect, to name just a few.



Keynote 2 -

Data, Knowledge, and Algorithm in NLP

Prof. Ting Liu
A vice dean and full professor of the School of

Computer Science, Harbin Institute of Technology,
P.R. China

Tuesday, November 28, 2017 9:00-10:00
Location: Room 616

Biography

Liu Ting, Professor of Harbin Institute of
Technology, director of Research Center of Social
Computing and Information Retrieval. He served
as area chair of the international conference ACL and EMNLP. His main research
interests include Natural Language Processing and Social Computing. He developed
Chinese Language Technology Platform (LTP) and Chinese language knowledge
graph (Big Cilin) which has been widely used in Chinese NLP area.

Abstract

Derived by deep learning and big data, Natural Language Processing ushered in a
golden age. Especially in the application field of full data, such as education, finance,
justice, medical treatment and so on, Natural Language Processing constantly made
important progress in the stage, and show unlimited broad prospects. This report
examines the logic of Natural Language Processing's technological evolution, the
current most important advances, and the challenges facing future applications from
the three dimensions of data, knowledge, and algorithms.
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A Knowledge Representation Method to Implement

A Taiwanese Tone Group Parser

581677 Yu-Chu Chang
BRIT P IR RERRE S B2 SE A
Institute of Linguistics
National Chung Cheng University
poirotdavid@yahoo.com.tw
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Abstract

A tone group parser could be one of the most important components of the Taiwanese
text-to-speech system. In this paper, we offered the hypothesis of tonal government to
emphasis the idea that if the allotone selection can be made for each word in a
sentence then the tone groups will be separated within the sentence and supported our
viewpoint with the implementation of a Taiwanese tone group parser. In addition to
the description of using the symbol system to convert language expertise and heuristic
knowledge into a knowledge base to cope with a frame-based corpus and a tone

sandhi processor, the procedure of connecting the inference engine and the knowledge


mailto:khchen@ntu.edu.tw

base to make allotone selection was also discussed. In the current version of the tone
group parser, the average accuracy of inside test is 98.5%. The average accuracy of
outside test is 94%. The experiment data of the study also reveals an important clue:
the marking of the symbol system makes a higher contribution rate to the tone sandhi
accuracy than the rule inference.

BRISEEE ¢ GBS 0 SEEH - EEREREITES o RIECERE - 1R

Keywords: Taiwanese, Tone Sandhi, Tone Group Parser, Knowledge Representation,

Simulation
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A Study on Voice Activation Detection by Using Neural Networks

8E&  Yu-Chih Deng
EIRVE-S W S
Department of Communication Engineering

National Taipei University
ted790.ycd@gmail.com

JIH#RF  Chen-Yu Chiang
EIRVE-S|W- 3
Department of Communication Engineering
National Taipei University
cychiang@mail.ntpu.edu.tw

7EIREY%  Chen-Ming Pan
HHEERR (E T

Chunghwa Telecom Laboratories
chenming@cht.com.tw
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Abstract

This study used DNN (Deep Neural Network) to process Voice Activation Detection, and
discussed the following variable which affect the performance of VAD: (1) The analyzed
window size of MFCC feature extraction, (2) Layer number of DNN, (3) Signal to Noise Ratio,
and (4) The type of background condition. This experiment used NTPU Noise Corpus, which
is mixed by many kinds of background noise recorded by smart phone and TCC300 Corpus.
The background noise includes: (1) Bus Stop, (2) MRT, (3) Train Station, (4) Restaurant, and
the SNR is 10 dB, 5 dB, 0 dB and clean speech. Evaluated standards of system are frame
accuracy and equal error rate (EER). The experiment result indicated that when the feature
parameter analyzed window is bigger, the performances of training and validation set obviously
become better, but the improved range of outside test is smaller. When layers number of DNN
in 2 layer, the performance of multi-condition is better, and when the SNR is higher, the
improvement is obviously, in particularly, the background condition is restaurant. In
conclusion, in every conditions of the multi-condition training, the performances of outside test
are all better than in matched-condition, and it proved that every conditions in multi-condition

can learn each other in the hidden layer.

BRSEE - SR LRGN > MLP > DNN > SRS HEE R

Keywords: VAD, MLP, DNN, NTPU Additive Noise Corpus, layer #, feature frames, multi-

condition, matched-condition, frame accuracy, EER.
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BRI R SR B Z BRI SR SRk B SRR B & v BUE BERE -
Hrh e RaBrl e EEE S5 SRR TS R T 56 e AR R
F 100 ABRELMAL © 3K KR EERHE L2 & /ROGER  CERThifzdt2 500 &
sl R R T - BR CEE B A FAEVEINK 3-4 > BEREa 2/ 231F
H1 200 A\BIEE#E - AR S A -



F— * TCC300 sHRHEEENETR

R | XEBEMN gt S BEER TEEBER
5 152 5 193,167 5 4,614
TCC300 FAH] 4 151 4 197,296 4 4,265
Rt | 303 | &Gt | 390463 | &Gt 8,879

()~ BRI TGN E R

PEERHHVED st F B AN ERNERHIMER i - GRS - shE 2

A BB TR ER B AR A R E (B S R E P AR H sk S e e
PRE ECE AT RE N R ABE AL N T S R as A RS » AT IS SRR A 2 B N H RE S
BRI DA SR - B T RESR A s S B EME R L E M - RIEARAARA
(Y B R R T R UL SR - DU TAE BT M HURE S I B, -

2 S R

B AL REFEENGE R AT AT NS R 2R T AR GE R E - T A BRME T DL
Sampling Rate: 16kHz ~ Sound Encoding: Lin16 k7 Channel: 1 Yy PCM & g% e Tk EL
AR E TS R way TEFAE T - $1Z 2EE(E H] HTC Desire (A B 5% 1Y Android §5%
FARAHET TR -

FERREDRIEE S 5 5 4 (B Ry 5 JURERER R HE ~ MRohE K Fh ~ MRAEHRE LG ~ i
NHEFEESAETHE - SIS E G aET 60 pEREHNIEH - SEREREE R

ycdeng °
F L IEREEEE R EE AR TR
FesnEE Rk HiH AR REE BB HAARE
B fs 2 o i cE 12/27/2016 | 11:54~12:44 | ycdeng | HTC Desire | 50:48.96
K EIE Wik kB | 12/26/2016 | 19:02~20:02 | yedeng | HTC Desire | 1:00:22.40
FE#E N FEEN EE 45 12/26/2016 | 20:11~21:03 | ycdeng | HTC Desire | 52:12.54
INEEDERR | B EEDE | 12/26/2016 | 17:47~18:48 | ycdeng | HTC Desire | 1:01:08.35

3~ sERHE

ik BSEAVRE N EDRHEELER TCC300 SERHER S o A BRI R A ] - i EL RS R 73 B 7:2:1
HYFIISREE ~ MG SR B St e S = B0 i T B B> B — 30 B IR M R R L B B A ] -




£= 1 AI R

Bk E NTPU Additive Noise Corpus
AR 16kHz
EVAE 4TS Lin 16
BiE 1
mENE HRifbE 500 S EalE T SCEERHE
s 4]+ 5)(TCC300)
B EE Clean Multiple Additive Noise
IR MRS IR BEE(GILRER) ~ KEILRRAE) - fEEnh
Training Mode (TRt&) ~ A EHIERERAE)
SNR:0~5-~10dB
IR MR IOpcEREE: BEE(GILRER) ~ KEILARAE) - fEEnh
Testing Mode (TRt&) ~ A EHIERERAE)
SNR:0~5-~10dB
Development IR MRS IO BEE(GILRER) ~ KEILARAE) - fEEnh
Mode (HH8) ~ A HERR (TR B)
SNR:0~5-~10dB
0 - IR GERHE AR B
ReRfEE SNR f&%E | sE&4E® | B4tk | Utterance | Utterance length | fEZE&EE;
Restaurant 131 A 65 : 66 131 HJ 50:48.96 393 &
Train Station | 05~ 10 157 A 78 :79 157 4] 1:00:22.40 471 %
MRT dB 135 A 67 : 68 135 4J 52:12.54 405 &
Bus Stop 160 A 80 : 80 160 1J 1:01:08.35 480 &
Clean » dB 160 A | 98:62 | 160 A 52:45.04 160 4

4 ~ Noise Speech 7 17 /57

Noisy speech ERHEEAVEILITALE —FR » E5 TCC300 sEkHE A —EEZFHER T
BREBLA 2 SRR - TR o] LU TCC300 iy clean speech » 132 TCC300
sE e ab 7k AT LA Ry clean speech Hf LAFFEEEAYT)EIEEN (label 528) 214055 TCC300
sRHERE SR S IRRE T 2 B% » DUER G TR YR S FTaR 20T SNR &l -

=
S,

Y

N fl




[&— : Noisy speech E}HER T 174 E]

Noise speech x, 7217 7 BN N R
X, =s+g-n, (1-1)
Hrfts, B TCC300 HYsEE 47 (clean speech) n, ~ HIZFERREL /7 (noisy data) » ZAT g £

B S n, A A RS Noise speech x, FIFEE TSR | RGN FEES 4T s, « —HE7K
SRR AT TE FYEEA] > Global SNR ELE[141400(1-2)FT7s

2
GSNR =10log,, [“—2] (1-2)
Gn

Hrho? DU og o] 73 Bl RysB i sRSR AV DR DU R IE » o2 THN(1-3)51 5

T-1

7-1
0-52 = z Siz ’ é‘speech (t) Z 5speech (t) (1_3)

t= =0

Hrrs AR (TCC300 5k Z5E0]) WY ¢ {[E sample [y sample value » 7 fUFRHEE
HJLA sample B L BEATHIRIE » M0speecn ()RS ¢ [ sample B4 SeEEE9E @ EtE

1, if sample ¢ is a speech sample

é‘speech (t) = { ( 1 _4)

0, if sample 7 is a non-speech sample

R ey 7] lHE(1-5)5 T EAS 2]
O'fz—Zgz-nf:gz-é'f (1-5)

Hrpn AEFMENEIREOSHYS ¢ #Y sample 2 sample value 5 L fURILFEHE&HY
L-1

sample % ;g (UFAE S TRAVEUA (%3 (magnification) © &, =%an RFUAHENESE
t=0

HY noise power ° By T SR EHY noisy speech 2 GSNR FF& B EgAYZKAE » FAFTHH
# g EAI(1-6)F R~

GSNR
gzlo( 20 ]X Av (1-6)
o

n



& 2 ZRESEAREM T EAIREHEIANS] - BN IERREEEEL > AlE
i 2l A B R B IRy T2 > o] DURBABAMEE S SRR P & 228 L Kl H
R EEERE i g o A DB EE S AR H g A A LAY R - s A
B DU RS S T RUEAGER R E S HI A e BOR TR S AEHY —(E sample - {EIRH
& AR HARMEN FEH 0 ATAE 16bit FraeR=0AvEE N - HhfE 774 f Normalize ffrA[16]
{EHRE AR R B RAVEZ IR /N H SR A RHEAR - (i ReUR S RUAM R HAY 774

AIGEFL (clamping) » FL LA EAVE RFTRERAAVEAME » B34 M s P %
& Ry PR =i MEAT T =

MAX, x, > MAX
x, <y MIN, x, < MIN (1-7)

x,, otherwise

— ~ NN-based VAD 7%
(—) ~ Deep Neural Network (DNN)

Deep Learning HIHEE T DARE (B B 4H ok S0 aC i 4R M B FR R IV AH S 1R RE A BA
end-to-end global optimization 4 » H o iz HLACEEMEHY Deep Learning /& A4 H! Y Deep
Neural Network(DNN)[9][17][18] - %5 {¢ H Z2 s s & - DNN i {# 45 'y Multilayer
Perceptron(MLP)ZfHEIRY » {EZ 4T MLP K25t A E R =@ 2efiscoE T - 8
=B A2 AJE(input layer x) ~ —{EFZe/e (hidden layer) DA K — (R ! & (output
layery) o Z&[f) DNN HIl5Z/FH hidden layer HY%; H 3471 > hidden layer [N node % H 7.5
> EEYE 25l Neural network fRZE HART © FEILRE A ELA—f /M43 DNN H7R
BB dE —FrrRZEE A Signal flow graph &R HILERERT Z47 -

W, o) B n) e IO e P L o R[], o,0)
x[n]o » » » » hzo o O— o — — ykd
i]hl i]hz (7] ilh,( ily
b b b* b

[& — : DNN signal flow graph

Hpx Ml y 73 IR E R AR R ~ 2 fARE hidden layer Fy#rt ~ W A3
EEEIEE ~ b UR{REE (bias) [ & ~ T AUREHAL(dentity) FEfH « o ()RR FHEE R E



(Activation function) DAz i % 7 AR A B tH 2 8V ] index » I 20 Ry Holi AR
B R (A

yln]=F(x[n]) =0, (W, h*[n]+1b")
h'[n]=0,(z"[n]) = o, (W . 0" [n]+1,b), k=2~ K 4-1)
h'[n]=o,(2'[n]) = o,(W _,x[n] +1b")

(4-D)Z a8 o () 7T LU element-wise [ Sigmoid » Hyperbolic ~ Linear » Rectified
linear functions [ 3/l| 4% & DNN #{ criterion A )& Minimum mean squared error(MMSE)
5k & Maximum likelihood(ML) ; E:rft ML (/] criterion {£7E{% H 2.2 LA category {5
HLE[E]Y Minimum cross entropy(MCE)AY{FR(A: - FREZLL_EAYFRER - BT DAMIFH LA T Ay SR
A ZET: DNN AV5lI4HE e

W',b" =arg min J(W,b)

ZNI

=" (§[n])" log(F(x{n])) for MCE

4-2
Wb = y[n]- F(x[n] )|| for MMSE (4-2)

H J[n] H{F25E n MHHY input sample  x[n]FTE ESIAYIEREE 2 (Reference) » 1fiiEHEHT
sl eRAEF2Z A Gradient decent {1y 572 Integrative IGEIf(EA# - [NILE—/EHY W Al
b SR E W b 8 > FTLUA chain rule HY55HE ] BLUERLVHIZE 44 Back
propagation 5537 [ BT B3 DNN 4 i S el it — (B AG—A 3 B e 7
G AT SRIEAEL % layer HYEREEBAAAL R CUIRE K BEHOCAIEE(E DNN
HITE{LBE T THGR - 1F(4-2)=(r 2 DNN & BAY3lIIgRAERT] » %7 MMSE 2EJIARER

1 S m m
JMMSE(W9b;S):MZJMMSE(W5b|O ¥")
m=1 (4-3)

Tinsr (Wi 0,3) == [0 =y = (0" -y (0" )

M FyallgR &Ry 4a8yin m RICZRE index « 1Y category HUIE L ARER » (BiEt y & — (&%
O3~ C TSRS E T § fyH index » Al ML BRI Ky



l M m m
Joy(W,b|S) =MZJCE(W,b o™, y™)
m=1 (4_4)

C
JCE (W,b | o, Y) = _Z Yi loghiK
i=1

S5 T AR - BUEIZ3(W,b} > ATLUFIF LAkEREIH) back propagation 3 ELZACHH
B IS T DA L T AR A

8

WE, < W — AW
bk

(4-5)
k< bl —gAb!

(4-5)ZUF W, Febf Sy RIEAES ¢ ZOEEHIRE k B EIE AR & -

M,
AWF :LZVWfJ(W,bIO'",y'”)

b m=1 (4-6)
k 1 & m m
Ab' :VZVMJ(W,MO y")

b m=1

1E BT IR ¢ O R T HE B AR IS R R P (R BB - 2 o M,
714k samples ~ & By Learning rate - iyt HE EB AE AT e BT B FEE DAL
IR > 7E Category Y FHIE A CE 3SR HI(4-4) 2RI softmax it

VW,K Jex(W,blo,y) = ezK (th_l)T = (th _y)(hrK_l)T

4-7)
vbeCE(Wab lo,y)=¢ =(h; —y)
EAEE (k=2~K-1)HIE
Vi (W,blo,y) =[0,(z) e e/ 1(h; )
' (4-8)

V,J(W.blo,y)=0,(z)eeS

4-8)f1 > € VhlkJ(W,b |0,y) BALEF k JEMSEETE - © e EHE -~ o, (2) HIEH
JER B TR B o PERRERE e HIZFERAT

e =V, . J(Wblo,y)=(W) e}
e =(W)) [o,(z]) eef]
1T DNN £y back propagation Ji 502 B BB fiaR A -

(4-9)



( — ) ~ NN-based VAD EEiz% E
REBFTEAOEERIE AR 1.3 s - BTt ROR 0 IR BRI - H
FHESEEA T 12 451 MFCC Fil I 1 4[5 energy» MFCC 3 E LRI {EH T 24
[ filter bank il H £ cepstrum #EEVAT 12 {{ cosine A #lt HIf7 iR 14: - MFCC F# 28
MHZ SBEENR AR « SHEHEES RIFEE 2 label Z{# ] HTK (Hidden Markov
Model Toolkit) 3 fHAZEE0 -
1. : MFCC RS2 BdhIGEE

Config of MFCC Feature Extraction
SOURCEFORMAT Alien
HEADERSIZE 0
SOURCERATE 625.0
TARGETKIND MFCC E
TARGETRATE 100000.0
WINDOWSIZE 320000.0
USEHAMMING T
PREEMCOEF 0.97
NUMCHANS 24
CEPLIFTER 22
NUMCEPS 12
ENORMALISE F
ZMEANSOURCE T

Ry TR REE IR A Ve S b B > P DUAGR SRR B delay AU - 20
=FR » BARAERER R NAYEEE AR (Energy) BT EUE TEIAEE THUAE
h Rt RN BEEREGETRTZE % frame HCHENE MY frame FifiEiE
EREEN  aagEEsR o RS H frame n-/ % frame n+d 1Y (d-1+1){§ frame (1752 window
size of feature frame) HVEEZIFESECRTEMN frame n 1Y VAD JREE  n {3 H FiTE{E VAD
AREERY frame index > d Frr ByfiE H ATEEEES n BT delay 19 frame 875 - 17/ For BHE B AT
IRF[ERE 7 TR frame B H - NN-based RS HECENFR SR ©



,.‘n'“nhr N

pre
| I e e Bk e —————

n—1 n n+d

ddddadddd R

n—1I ﬁ n+d

B = : Windows size of feature frames ;R =[&E ° (F) :EZEIE ~ (T) SBEELEHR

Z27N - NN-based VAD FEnzs &

NN &35 DNN
i AER NTPU Additive Noise Corpus
Windows size of 1~3~-5~7~9~11
feature frames (d+/+1) -frame
BERE
Optimizer Adam
Batch_size 64
Nb_epoch 1500
Data set Train (7) : Validation (2) : Test (1)
Earlystopping patience 50
Activation function RelLU
Loss function categorical crossentropy
Node size 256
Dropout 0.3
QOutput layer function Softmax

( =) ~ NN-based VAD & bu4s SR EL 7717

A INETEFAS [E]fESE NN-based VAD 7 5 fdififjH - #[0: feature frames ~ layer #{H - matched-
condition B multi-condition F1 delay decision FY R RE#ETT EERET 5 - NN-based Y VAD Hf
FEITEBE M Tensorflow V& _E - FE4EE I A LU < B 21% - (RIS EIHY NN 2844
A TE B frame BEEHEEIFGES o Fy T ZERN[E NN JAMEEET - ABHFTHEEE HIHL



BARMEZIF AR -

1 ~ DNN | feature frames HYE &

EVUFR AR E S » DNN AY feature frames 4558 - fgiil & feature frames #7H ~ 4t
7y A2 accuracy (Acc.)PA K EER - [EDU » 2 feature frames % H iy 715 Acc.LL Kz EER
1F training set B validation set §1FYZRIH A HHEE ST AVEEES - {(HIEFE outside test 1 E. EER
HEHIEFEEE /N o B HESRER » & feature frames=8 IF » LT over-trained ©

Training Set Validation Set Test Set Clean
1 1 1 Rest. snr0
0.95 ﬁ— 0.95 ///_—_ 05| —— |
g 09 09 09
0ssf 0.85 1 e
0.8 0.8 0.8
2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
04 04 04—
03 03— 03 o
& 02 T 0.2 T B2
w — w
0.1 T 0.1 0.1
\‘k_\%
0 0 0
2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
Fea. frames (1+d+l) Fea. frames (1+d+l) Fea. frames (1+d+l)

&y« B EAAFEMEEC T DNN 2 feature frames 455

2 ~ DNN | layer 8 H Y515

[ 7175 7~ AF multi-condition H&{[E & T » DNN Y layer $5 B 45 5 - feifil 545 (@ condition~
et o7 il 2 Ace. LUK EER» H Al f-E condition (/777 il /2 : Clean Fyiiz 5 ~ BusStop
By /NEEYE - MRT BdEsE L - TrainStat B oK B - Rest. & EE - Multi. & multi-condition
HYIEN » TAE BusStop ~ MRT ~ TrainStat il Rest. iYf& & H Y144 snr=0, 5,10 (dB) 2
GEIR o e lE TR P USRIV A2 » R condition FYEDRHE (£ multi-condition
& R TEREREAVENR - FAF/C1E DNN 1Y layer £ H s 225 layer TR HLAY
Bi1% o o] LIS R4S 2 E(E layer #H Y FF > EH Acc.Bi EER fF training set ~ validation
set 1 outside test FIAVFRIR G 84T 7 it 5L > L EHEAF 21 condition § snr=0 (dB)AYHF(

B EHEERERAE hidden layer #5070 » 44 condition =] DL A AHEEE ([ condition [H]3:[H]
HYFF4E o {HIZAE 2 layers Bl 3 layers H7HY Acc.Bil EER #2008 EH#/ )N » HIFAZLT over-

trained o



Training Set Validation Set Test Set | ~""* " 1 layer

' a 1 T BussStop —+— 2layers
1 !\C/ean TramStat 1 eal:} + TrainStat e P g 3 layers
oA \ / /\/ 0.9 by i
09 09f’ £¥ p
g \ f : PO ' Clean F TrainBtat & T Multi
p 3 0.8 pd &
< o3 BusStop ¥ \/ Multiy o BusS{Dp " Muti ! &
T MRT 7 MRT ¥ 0.7 T MRT &
0.7 ¥ Regt. 07 v < Regt  Res}.
2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 g8 10 12 14
0.3 -’.‘_ Redt. 03 + < Rest. < Rest.
L MRT s & MRT 03 MRT i
02 e 3( / 0.2 BusSlop ’r\ X . ,; ‘\
& us "p A { '\.4 - J - 0.2 %
g1 - 01 \\ |\ Clean %
/\ J \/\‘\} Multi. r,’ o\j/ /\TramStat MquU 1l A “? 3 Multi.
0F Clean TrainStat 0T Clean " BusStop T Traﬁﬁlat
2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 g 10 12 14
Condition Condition Condition

& 71 : multi-condition B multi-condition H-£&{[E &2 DNN layer #7 H 455 » H. 1 BusStop
By /NEEUE ~ MRT BdEi#E L ~ TrainStat 2 OK EEL ~ Rest. & BE ~ Multi. & multi-condition »
[fi4E BusStop ~ MRT -~ TrainStat ~ Rest.[F)i % J X &H snr=0, 5, 10 (dB)AY4E5H

3 ~ matched-condition #1 multi-condition HYE &

7NFe~ matched-condition Bl multi-condition Y455 » SAEEEE N TR & HHY
layer 8 H AR a1 5 o il £ &2{E condition ~ 4t 7 A& Acc.LLj EER » H il
{E condition {XFE47 HIE * Clean fuHZ)F ~ BusStop Ay /\Elh ~ MRT B #fEiElL - TrainStat
Fo K YL ~ Rest. F%&BE ~ Multi. 5 multi-condition FY{%)5 » f{F BusStop » MRT ~ TrainStat
i Rest. YL E T LELEA snr=0, S, 10 (dB). &5 - HlEl /o] IS EILL N 2 46w - 1E
training set B validation set ZR#HZZ Acc.Bil EER HF » A ISR 2% E [N overall [y
multi-condition &5 » B HNE matched-condition | HfE 5L HY Rest. 455  {H ¢ outside
test AR #EHZL multi-condition # 2%{[& condition HY4551% > o] DLEEER H 45 5 2B matched-
condition 7 455 » JUELUEAF TrainStat snr=0 (dB)H 0 1E FE i S HHEE - B0 m] DAHEEmER

A E54F multi-condition #£[Y hidden layer SE4E233 "R [5] condition HYHF4: » A LAETHAAR
[EIFERIRER E 0 T BE% 5 058 f#(Robustness)



Training Set Validation Set Test | —*— matched-condition

14 Clean 1 10 Clean L multi-condition
~ BusStop . ]
NN AT \ 0.91%,; S
goof X 50w iy eeq 09 (% A Y ’” .
< BusSigp :Train'Stat" multi. [ Clean 5 S ringtaty” multig g TrainStat / multi
T MRT VL N W/
0.8 ¥ 0.8 MRT 07 X RT /
4« Res}. ¢ Res| ' Res|
2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 8 10 122 14

-

< Redt.
+ < Regt. 0.3 03
02 + BusStop o ‘\\ 02 2 Rest - MRT
R ."\. v’:I'raln?Stat o fb mutti \ VRT \ 0.2} | o . TrainBtat
ARy R Y . Clean Lo multi. ) 1
0 = > /\/\\/\ 0.1}/ % LR multi.

of T BusStop 7 TrainStat

2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 8 10 122 14
Condition Condition Condition

75 © matched-condition £ multi-condition AY4%5 5

IE] N \\‘:Dkg/ﬁ%

ARG SCPRE R R AR o P 5 B Dt (O o - {6 P A S 2 il s A (R R
afl o W H BTTRE R EZ SNR TSR - 12 A R AR e e (i 5 -

SCEIHTEEL T A SAEAR [F BB N A adps 4558 - n] USSP T 2 &am 2
(1)DNN #Y frames [ E & 2 layer 5 H HHE {5 Acc. B EER FYFRIA 47~ (2)DNN
(9 layer #(H fH7E - /£ matched-condition FY&EIRARFETE layer #H HY_L-F-MI{#E Ace. k&
EER H&47 7 185 iHesn IR RZER ISRV E R &R B RSk - s A SsEEfE
T AR MFCC 28V ARR2 - Bt @BE T - 7F multi-condition (Y45 R {1 A] LA
SEIRPEE layer BHMY LT > H Acc.Bd EER HYFRIAE X set tha S47HIHES > FrLlA]
DA HLF R U/ZHE hidden layer 87 H #2€H » 55{E condition ] LA AHEEE ([ condition
L [EHY4ME ~ (3)matched-condition 2 multi-condition AYRRE » £F multi-condition
performance {E7A matched-condition (MRT i Rest. condition)> Fff LA FH I AT #E5 HH A mullti-
condition f1HY hidden layer FE#9E2HER [F] condition 2 M4 - HHEAEIR T &L EHIVE
B
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RATAEP Y ah e 33 3220 F TR (o Bapeh)
e P BT EER o bldr ERFF PR
FEfp MAFRLE BYROIR LAY Lo R o SRR Ak P o AP
BAERF A g - R P FAFEFHRE > £ Convolutional Neural
Network (CNN) p & #2~7 scergificg 58 HA BT L3 g T 2 i pl&E
U BUEFEFRTANG AT R - TR G AP K TRALSD Y &
R 2 otz ap £ 14 B 5411 BEPRERE Y 60 | prang
Fh o T ke pliE CNN o i@ 2 Gaussian Mixture Model (GMM) ensin o 7 2% 4
*Epr 0 CNN E fppedicl S8 A plFf B2hgf » oy eadvytd
T FAME % E g S (equal errorrates  EER) 0 & W] 5 2.27% ~ 12.52%%7 9.51% > ¥
1>+ 18 L2 GMM #5 e Mel-Frequency Cepstral Coefficients (MFCCs ) £13.65% ~ 15.68%
2 13.25% -

B4t R4S P FTHE S FAF 2R - RN SRR -
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1. @A

G2 b (£ LTRRE) B K2 O e BRRART LS L
AL R TEMEE B R RIS R GAYFEF LA >a¢gﬁw;ﬁﬁ$
RAML TR FARAMAFE P o Fl 2300 PR HT 4~ R FE FREPREAHT
£ o R TpE (online) BE D PR F o RSl BRI o {REFR HENE D P

s (offline) *c it » 22 3 £ chR & P £ A (archive) BR%p d %
PEFIREIFED » MEBR] oKk R -

e g FBA RIS AL P L BRE AL Poria e p
PHERLORBEPLF NG RSP FAMAL 0 G BB E P )T AR D
WA (metadata) 4153 - PRI FREGARREFLE I F A E 2 F S
AHEFFRZIBRDIRIE G FENEED P PR RER DR F o

Flat ke R Re s HAGE D S R T 22 ML AT LS

PREE e PR R AERE AT R (R BR TR i R Bl g
RECE geiie- HEFRHEI P FLAL- o AR LFR IR - F

FPROE R MM SRR S L ESERE - RV RO LAY L
FOLRILRE S FEF R R A BIME D P G A LB ST R
: zazg}\d, 1g)” o
PR AR S HASEA AR LT 0 AR § (1) 22 R
FAFTLEFHE B 1 () (2) PRI AFEHT B 1 (b);(3) &FA

PR HE R § AT ik B 1 (c)e
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Human /
Data Selection el S ’ k)/

Radio Archive Radio Corpus
(a)

7 ) Featur.e CI'\H.V' » CNN
L ) Extraction Training Model

Radio Corpus

(b)

| Speech/Non-speech
Timing Code

Featur-e CNN
Extraction Model

Music/Mon-music
Timing Code

Other/Non-other
Timing Code

(c)
Bl 1 5 U E = R SRR

BYR{pEPINELFTREE 2  RAFITHT O A L AT RFR
OB NES F RS S NE E A T S PET o T AR R Bl
AL HN2Z AR FREEARAEEEE AN 2T AT 0 H
B a2 0 3 AT iAo RSP BRIETP AT R e I * 97
VIR Z AR A E R R 2 RHE D At R DA

P3P & R g U AR,

*3h < #-i¢ * Convolutional Neural Network (CNN)[4]2 #§ % = = 3% i e 3 16 )
R 5B - g E Rk S 3R @ GMM+MFCCs 2 4 % 3 50 4o
DCASE2016 Challenge[5] » #% i #-i2 * CNN 7 #££ & 4] &0 i-vector ik st Kaldi speech
recognition toolkit[6]® Bn_music_speech % & &— I GMM A # 172 ot x> 1 & §_7)
SCNNEF ™M (1) 30 é_ﬁig?] > SR Y iy o B R AR )
TR T UFLFATFE AR DR R (2) N p A R
Gt M E PSR T UL R E A A RN A R RS

#c1 #2 (feature engineering) F*4E o @ it E#i%ﬁ%l *HEZH S8 M CNN p &3 52 » K,ﬁ%
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3 % MFCCs # » 4 »

2. R#HFEP

21 B#{&P

FRTLFRL

TR 2R

A LR P

k== )

=R

N Y shT 2 (2T 2 42
J!" m-»‘é'\i‘?:':ﬂ F%’:EI-{-EI

TR e 2 Bc¥ 5 U E 2 1R BdF o

SERNE SRR S R L

22. 3R EH AL R

BALSAETE B - B kiR o Flp MR R

EANILE 4 S

2 g LR ) E

~

E]

WEEFTHRE o

24

- BE AR £ 5T ARl

aP APEIRESP 2 LZRFHBEPHFAULG EPEINTFpEHLLR o
%‘ 1 %%F%'}'E-“F F‘ﬁ'}
PEEE PE L
g A §p LA . e ) #a ) P ZH : .
s e h ¥ (minute) s s i (minute)
BIF 2 & 10 384 £13% 7 & On-Air| 10 267
BTG AR 8 157 KT B 10 261
4 SoEasy | 10 261 EXREE 5 R AAY 10 298
SR FHrw|ehE 10 | 270 28 TR 10 98
€ p e - B 10 289 < HATH 10 68
RS %5 w4 10 210 SRy Fs b F 10 540
FEEE4E |10 286 P B & 10 213
RGP RFIEN RTRBTLOEIAE S~ AT R E TS
FOEoEORE R o LT R RATE RPN BT TR A P F R £ ST Al

ATETFAPRT LA

E

o

Lp bR

(4@ 2




Input

voice

music )

Output

other ]

ocCJ

time

Bl2 §3% 24 13807 L B

i A2 R o PIE )" Praat $c48 > L2 2 = ko B0 L RRT SRR HE (1)
BRI R R 4RY ARt DRI G SR AR (b0 2
PSR AREA LCallinhaR) e (2) FHA  RREMTFE T RENG B
REEE s PR RS (B A LBRIFE AW AT E R GTS £..8)(3) 2
TIA R AT FONRLES o SR L H v A F3 LR A LR
";,‘_"‘é.' 5 m% f;l o

236176882 15221410 (0.066 / 5) 1251396292

08506 '

o WM
06903

1 speech speech speec speech speech S;;m

. MUSIC
2 music /n
lother

3 other )

s 9016971 152410 ] 5750619 |
21157911 (227 167911 Visible part 30.000000 seconds 257157911, 1262810089

Total duration 1519 968000 seconds
Bl 3Praat * 1 fics AE 2B EFED

¥ vl

25



23. %0y

2pEE A R ts o EfRRe eng U BAOER R RSP TR AT 05
FEEERS S AL 3000 A4 FEEES2 0 93 70044 HiFRES R
F 25 e PR A GARE AT G

F.2 A1 4Rzed A FEpE R & (minute)

Program speech | non-speech | music | non-music | other | non-other

£ F & On-Air | 222 45 84 180 0.86 264
KT BH 234 27 50 17 0.66 264
XA 246 52 63 6 2 294

23 ATHE 92 6 7 92 0.4 99
e 186 27 72 114 3 150
s iF F 372 168 52 342 7 354
Fru g 270 0 0 300 5 294
Rl 2 & 384 0 0 384 1 384
PATRAL 156 1 1 138 1 156
#+ & SoEasy 246 15 60 198 0.78 204

v HATHE 61 7 9 60 0.66 68
5€pe - gk 204 85 234 54 0.86 224
RS sy w5 | 210 0 0 210 0.33 210
TERE A 252 34 55 206 0.72 212
Total 3135 467 687 2301 25 3177

3. AWCNNzZFREE @R

31 FEFEEREF AR R
BT YRR RGNS > B F kY hiBcs MFCCse 2 9 43 2

FEHROMFCCs 2 AR Ehiehe L AHFHRAR T L BT 057 Pk

WM

ko

d 30 NP2 G FE R IR AR A A B A eng ME R gk > A A
RE-FRREEFAT B Sl WE B G RIR o Flt AR ¢ o B FAeR 4 T op
40 & ARl * Spectrum (Specgram) > Mel-spectrum (Mels)2 MFCCs » 4 &g

FRaaas o gRaage A a2t e g g pEal -

ml4

26



Training model

* mfcc Sgecch model y

* melspectrum
* specgram —»‘ Music model ‘

+ chroma  Other model
Bl 4 E* 3 endFicdBior 3B

32 BHWH LRBHIRE

B LA SRR o PR LA S S R R R Y e e Sl RIS E R
* 2 i 30 deep neural networks (DNNS) 2" -] o fe o 30241 2 5 FE 298 — i
SBeo i 9 BAF g A E Rk o ST AR st X 4 5 4 % (Convolutional
Neural Networks, CNNs ) FH KRG AE R A BB S 0t d 3R
ARFRT G REEEL o AT E fE A F 2 (speech ~ musicand other) - 3R F & b = 12

2 A RSB RAE TR R

FAL AR -
o
gy
! o o
o 0 h
speec!
Ot a |7 NE <Q
| ° o
|| . - Non-speech
~E ° 4
-] o
Convolution+ vee o \L ]
nonlinearity Max pooling

fully connected layers
Convolution + pooling layers

Bl 5CNN 5 2 % & i p] % 5t

Bt CNN g ZE e >3 Z Ba&atd Sk o2 (LS4 (2)# K2 (3)
Pk oH? BHE B R KT A7 HT o8 % CNN chi A8 CNN # f1* 5/ &
PEE Yo RBERE Sl B 3 k> FLPHRELAAHF = E RE o7
NPT LA FRFL A Rt A E VU SIEA SRR *&ﬁ]””ﬁ%’}
B R CNN B3] TP E Ly erd (72 50 .
321 E#Hk

ERHET e T RE T B 6 orm (- s Sles B0 2 &L
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FREMEELE- F#E o (slidingwindow) > #Frs + - ..%ksz.?]/\ e EHEE
B L Hapff 0 - L4 k5B (feature map) o Fut > - fﬁ%ﬁﬁﬁfc#m‘f

- B LAR TR E CHBELET D DR B ET o

Convolved
Image Feature

1 6 CNN % f¢ & 18 i 3¢

3.22. # vk

# it & (Pooling) [6]4% % # k& 2- 16 > HiF (¥4o@) 7 #7510 - 1 & §_#-feature map
B ERFRS T URBLEE AF - REMNFEURE SN FERL RS R
% B G N 2T R B T e g B TR T R R R ) B

BEL A » T LP TS AEH L R

Convolved Pooled
Feature Feature

BTk
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3.2.3.

%

2

4.1.

4B p (ERE

2BER
B RIEAI T 2R RLD Rt

PR o RRRK KR B s

FUBEA SR (LWF R AR ) s £ softmax o e PR P HRE 2

=%

nF

mly

PRI

S ETE

C36 el kl B

460 ]

f?‘; y 1Y

¥R R %

F P A RHES

)

e iRl LF 7

# CNN smci o 4N % #ERdcd 3+ 4 4

P AN RF AL e

]

o

P

1

TR o b

$g7F £ 4e 2 MUSAN[7]:F #L - J'J.i@g b3

Fnt

S ER

R RS

Lok 50 T ER R

B%

=

g&

I

ml4

AR SRR

P2

B

%3 K7 w3 F AT EHEFE (minute)

| o X HEE

Al g

(ER

rﬂ’f% ﬂ\ﬁiz ’

45 A i

Program speech | non-speech | music | non-music | other | non-other
£13% 7 & On-Air | 222 45 84 180 0.86 264
Ky R 234 27 50 17 0.66 264
72 AAHY 246 52 63 6 2 294
2w ATH 92 6 7 92 0.4 99
2 N 186 27 72 114 3 150
Jos b R 372 168 52 342 7 354
Fralhg 270 0 0 300 5 294
RlF 2 & 384 0 0 384 1 384
MUSAN_Data 390 816 846 0 408 0
Total 2396 1141 1174 1435 42792 | 2103
24 %7 T4 AE 2REREEmIinute)

Program speech | non-speech | music | non-music | other | non-other
PART AL 156 1 1 138 1 156
#+ & SoEasy 246 15 60 198 0.78 204

v KATH 61 7 9 60 0.66 68

€ p - BB 204 85 234 54 0.86 224
Ry i s | 210 0 0 210 0.33 210
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TR R 252 34 55 206 0.72 212
Total 1129 142 359 866 4.35 1074

4.2. CNN 3k =_

AREFRL BT S CNN R B S F R § B F o
421 BEPER T

LSBT B AP BT 2 8 S 7 o @ 35 (1) MFCCs 0 (2) Mel-spectrum
(Mels)22 (3) Raw Spectrum (Specgram) o
422,  Rpel

% batchsize * & > A PR 7 163264128 £ 4k A w f&% i > £ & ¥ batch size
KN 64 F o ANy ttxgc@?] » K 4v ~ dropout >} #EiEE B 2% ~ 5% 10%:%%3?] > S HcE
B B AL 2% X F A o dropout B E 2K 25 25% o B S Ak B G 0 AP
B1E 7 2 layers ~ 3 layers ~ 4 layers ¥2 5 layers » & s ¥ 3% = 4 layers -
423 EHECE:

F ok EEA BEC BAGRE > - B SGD - ¥ - i £ Adadelta - SGD £

3

gradient descent » E B ¥ Lehifit 22 s L H A g pBAREY I FhFERE
Adadelta P € 5 ¥ 27 F RO L @ ¥ A2 R I o Fpt B f8 A g * Adadelta

BB

43 PoREE

T A BEEZ BR & ¢ 450 (1) i GMM & CNN 3] sic » (2) v 7

U

e Sdiceng e (3) KP4 P4y g e 4 (detection error tradeoff curves » DETs) 12
3+ ¥ equal errorrate (EER) » 4 %] ZP 40
431 RE%--A* MFCCs ##k 582 GMM £ CNN %5t v #&

A L B MFCCs g st 79 end e 28> 9" CNNs &2 @ 2L GMMSs & St iz

G5 oE% 740 CNN it E 2 Rlarck i o
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25 FR/F#IAvEE G RERRE

Accuracy(%) | Speech | Music | Other
GMM 97.12 | 94.88 | 94.15
CNN 98.46 | 96.43 | 97.47

432, B -A¥F  f8c2 CNN i pl

K- BF%R AP S%E FE 25014 0 CNN 42 € v GMM 2 41
KRG pme gt APE- HRET B ST c R REF AL 6T T AE
a‘%ﬁﬁl » raw spectrum - )’j-.*'u? RN B aELESE -

6 3 PP il g E A pERR

Accuracy(%) | MFCCs | Mels | Specgram
Speech 97.96 |97.87 | 98.46
Music 95.23 |96.43 | 96.28
Other 96.53 [96.47 | 96.22
Average 96.57 |96.92 96.99

4.3.3. R%=-EER %%

B8 2R I3 AU 5o brenEs 5 8 Hu 5 nE e dpE 4 RTE
ff/?]vi“?’f'fj'ﬁ BIAE IR eSS B Y yih MRS FoXh s MR o

é%?ERﬁ%%ﬂ’?%ggiﬁMWﬁER&%’ﬁ%ﬁﬁﬂ@iﬁﬁ&ﬁﬁ&

Iy

FoET R A HRA R TR AR R AYIGERY P AR T B RS

m

DET DET

FRR (%)
FRR (%)

&
Y

5 T T T T T T T T T T T T T T T T T i
005 01 02 05 1 2 5 10 20 00501 02 05 1 2 5 U] 20 0 &0 a0
FAR (%) FAR (%)

8 353 3 T AL

i
¥

WO 3 REFHE
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DET DET

a 80
&0 60
40 a0

kS kS ER= 12.52%
a 10 o 10
as as
&£ £
54 54
24 24
1 1
05 05
02 02
01 01
005 — ——— T T T y T 0.05 — ———— T r T y T
005 01 02 05 1 2 5 10 20 40 60 80 005 01 02 05 1 2 5 10 20 40 60 80
FAR (%) FAR (%)

F110 3 #3 T As % Fl1L 3 #REEF A%

DET DET
80 80
60 60
40 a0
20 20
2 &
o == 1} EER= 9.51%
o 3
i it
5
24
14
05
02
01
05 T T T T T T T T T T 0.05 T T T T T T T T T T
05 01 02 05 1 2 5 0 o a0 60 80 005 01 02 05 1 2 5 10 20 <0 60 80
FAR (%) FAR (%)

=

* W13 HvplFaes

‘3\

Bl 12 # v E s

% TEER 2%

EER(%) | Train Test
Speech 0.91 2.27
Music 3.31 12.52
Other 1.22 9.51

44 %A FEHE
441 FHFEER
W14 L5335 2R EASLE DGR FOIR - BY 5 - K5 R ) %

EHH SR AN RN GEI TS A S B S HE o A

¥

RIEA 1 A rfhiechg A BHREE kR Y VArEsE g o S REAAE 2 R

hl

Tl ALEE VA P OMT LD AR RIE £ H 0 B R GES A .
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1
%)

#éﬁ

s f

LUl e ﬁ%m

other

1774570

8374220 seconds

|
27317610 2726574

Total duration 299 975034 seconds

Bl 14 33 R %

4.4.2.

£5 2.

T e

KRS 7 g 35 2 R BASLE NS S OB o AR T Ay 2y 30
AT PR AN > PERTIELETESNRE A B RE 14 E B 150 T ol R oehg

YRR EX R #

o

7

07789

x&¥ﬁ@

]

. |‘l soum
d ”ﬂ" q

1423 Hz

24400471 O 041 /)

500 He

. speech speech
= iusic foprs
other o
0523081 2051139
27 317610| 2726574
209 975034 seconds

&l 15

1P .



443 HU(RHE- ) TEWR
B 16 508 i F 2 Pl EASLE RS o BOIFY 7 1 F P SPmEi 590 AL

IEIES = 20

e WERT RFR A AAMM (X E B) £l W3 ERMHE BEFER R b

&
7005
0 7459
5000 Hz 500 ¥
{ 1
¥ T 307 .0 Hz
a2 R '
18 78] 7€ 649 5 4§ ,
A e e A . - s X 75 Mz
1 speech speech e
2 2y
- s
other /16
2082354 0 878058 3618021
Visible part 6 570333 seconds 373 480897| 1310 626
Total duration 1684 309250 seconds
<l o ¥ oo

B 16 H v i plE%

AmH2BBRT DG RN RGP B AT RE > B RIF e AE g
PEEREFEFH Ik A HBE T AR B 17 FFiE P F % E 5 timing code

FEfH R e

BE/ER/ECE

00:00:00.660 - 00:00:20.660 -- music
00:00:19.250 - 00:00:20.070 -- other
00:00:20.100 - 00:00:22.200 -- speech
00:00:22.900 - 00:00:24.100 -- other
00:00:21.900 - 00:00:24.600 -- music
00:00:24.300 - 00:04:42.720 -- speech
00:04:42.300 - 00:04:59.110 -- music

17 3533 28 0 25 % Har e
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B AP T ol 2R SR HRHE D P G

AHIpHEAS - FFPEOEFHOBEIMETOREL AL B E - 3
BEEDI LAY Lo BRKEBUFEFR2RE SIAME D N F o U
B A H IR o B e
6. H#

Amr A2 AR RIS P FAFEFRE 2% CNNF T35 3 p)>r
Bl ad TP BRR YA WL SRR IR IR ESET 4ok 84977
72 CNN 2 e i ol A plEf o2ty » f o s pgzbd v 3

FEE s EF EER 4 B 5 2.27% ~ 12.52%¢2 9.51% > ¥ M3t & kLt GMM 5 iz Mel-
Frequency Cepstral Coefficients (MFCCs) =13.65% ~ 15.68%2%7 13.25% - F]* ~ %< #%
Mz CNN § 37 B EHEmf v s oc %k - 37 5 T pEY S @ * ¥ - fd ivector R gt #

% € 4 ¥ ivector & %8k > 5T AlexNet, VGG, ResNet % > fif— # F %1t i o

# 8 GMM 4= CNN % 3v2_ it 7& 5 &2 EER
GMM CNN
Audio event | Accuracy(%) | EER(%) | Accuracy(%) | EER(%)
Speech 97.12 3.65 98.46 2.27
Music 94.88 15.68 96.43 12.52
Other 94.15 13.25 97.47 9.51
Average 95.38 10.86 97.45 8.1

54 %
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Scene Classification and Sound Event Detection," in In 24rd European Signal
Processing Conference 2016 (EUSIPCO 2016), 2016.
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F AR R A R AR -~ 2 v SR 5 1| B 5 B TH R R4
HEFEIE: Wei-Jung Hung? ~ k%2 Shih-An Su @ ~ B T Yuan-Fu Liao®?
B EZEIERHY R E T TR A
waylong711022@gmail.com, susan1101415057@gmail.com, yfliao@ntut.edu.tw

HE

A SO re BB R R AL N 2 EARRE B [BEZH bR 7 S AR H R i iy
T - SR ENFITHYSEEHRE S 15 o INIEASR SO S/ N7 22 R B AR
Z%(Minimum Variance Distortionless Response Beamformer : MVDR) » $5 555 E & RN B -
5 DUBIAR A A gl (Recurrent Neural Network - RNN)E2E B RRIZEERS (S - JAER
BRI [EIRE - H iR I EAERE IR 27k (Spectral Subtraction » SS)Tf&AE L > FHFEERAY I HE —
SHERRE - Bipst A FEEGRE HEA - B > NEEAEGE LR AR E
(i et - 1 LA [E4% %5 & (Echo Return Loss Enhancement » ERLE) 3kl 2 15 51254
PRESAE - BEREUT » WIHEHHV A - FEAEES T EA B AV ER BRI HbRER -
19 ERLE 455 5 11.750B » (A E4H NLMS 1y 5.78dB » H pEFH i b —fii% s RNN
15 f% > RERE A SR ER B [ A,

[BEgH A ¢ AR RNN ~ MVDR ~ B2ER[EIRE)R R  EEMEZ e - R atamis

— ~ f

IR AT ERYThEE - (BB B TeE S RN &2 2B A
HAayEl B H By s FREANZNESRE - 22 B2 RE Nk
(Acoustic Echo Cancellation » AEC)[1][2]#VREE - $t¥HiE (B - e BRI Z
JEFEL L MVDR ek o gk A (beamforming) » #R7% DL /NG )7 8 B A (Normalized least
mean squares - NLMS)[3ZEEMIE &5 - S2E IR FHEEENCE - &P AEIDEE

MR > PR AYEL ST o A0 N E—-A B
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PRI > AR BRALENNF - NG B SRR L2 B R R dUaE
ENATR - BESFERFEIEERA - 1 H - S0 H AR aRZ sl - BRaCEny R
HRAR - FHAS e Y I sk A Ay B e sk ] » 8 2 EARERR (5 - (2 {H5E NLMS
TR as AR EIR AR AR Kl A PR L SRR R SR MR (5 - AR BT RaR MR
SR o IESh > NE NLMS RIS ARN - B RS ESEREARERH - §FER
REFERRNARGSE - LI SEBGERBA - AEZHUWHL -

JLHIEE NLMS 1£ time domain Z#{F » DL raw sample Fyz 3 EA7AVENL T » 22 {ERE
AR RIELEE © BIA0AE 16 KHz BUERARR T » H ik 0.25 PiVEREE » SR —E
H 4096 ([ taps Y7 FEME R 25 ©

NI - B TREVERRE > AT AR & A BRI RE B2 FE AR A A (A 4 & (deep
recurrent neural networks, RNNs)[4] > [R5 RNN AEf i H A [l g5 ml ok 2 i A28 > (it
RELIBY DRI H > SCIRERAVIRARFE L&A - BB B e {7 0] o R A& suskim H.
RNNs #yii HH B F5_EiE—IR4R IRk B > DRI ol DURH AR S HIRIVN > 28 5 Jol beR 51/ B P ] 7 4
[EHIFRGRIERR (7 - 40 NE—-B For -

BESh - FE—RIEE T > ISR E TR RNNs S5 [ HPRIRE - AR
FERLELIE B WM A S THEAE ST - BN AR H R 28R
RS EIARI RSB IIREAK » m] LA R AR 2 BR 25 SRR S S R B B BB INAYAE SR
AR FERIE LG 22N FRRRE R T8 - AR BAPTA EEAIRF IR RNNs 256 - & i
R R L BEESEARUARREN » BTABPI SR - D IR A
S5k RNN BB RPR 28 » b o] DASH A [FEIPRTHIERSE - FERI A [RIRVEEEE 228 -

% o AELL NEHT KRR T8 R M2 LAY RNNs B [ R R A BI04 -
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T 1.1 1
MVDR
MVDR
! v
NLMS HEIERNN
i l
(ki (PR
Sout (5) S”ml(s)
[ —-A E—-B
{H%E NLMS ZE 1 [m]RE /J%B%,%Z}Eﬂ% FE5 RNN 2507 [ I 24 20 ]

T~ BRI RNN 7 28 5 Jo P 71 B 107 [T DM B 2t
ARG S (2 i i 2 ve SRR 51 B 2 8myim ALS] - By TAEUCE IS - Bedafa (i

R Sl i NE SR A LB E D AR ke (Minimum Variance Distortionless Response
Beamformer, MVDR)[5][6] - H|F z= & ET THE M MR B - B A IR M H R AL ) fese
e RIS BRI S 4Ers RNN[4] - 75 iz Lo a2 8k - i H Ry 7 5% RNN
TE[EEE PSR ERES TR 15 SE AW - PRAFIHEIHEGER R A S AR - W0RFER SR 77 B B 5
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Abstract

Speech is one of the most natural form of human communication. Recognizing emotion
from speech continues to be an important research venue to advance human-machine
interface design and human behavior understanding. In this work, we propose a novel
set of features, termed trajectory-based spatial-temporal spectral features, to recognize
emotions from speech. The core idea centers on deriving descriptors both spatially and
temporally on speech spectrograms over a sub-utterance frame (e.g., 250ms) - an
inspiration from dense trajectory-based video descriptors. We conduct categorical and
dimensional emotion recognition experiments and compare our proposed features to
both the well-established set of prosodic and spectral features and the state-of-the-art
exhaustive feature extraction. Our experiment demonstrate that our features by itself
achieves comparable accuracies in the 4-class emotion recognition and valence
detection task, and it obtains a significant improvement in the activation detection. We
additionally show that there exists complementary information in our proposed features
to the existing acoustic features set, which can be used to obtain an improved emotion

recognition accuracy.

Keywords: emotion recognition, speech processing, spatial-temporal descriptors, Mel-filter bank energy
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Abstract

This paper presents a system that could automatically extract new POIs from Web. First, we
use special queries (e.g. Taipei+New Open) to find Web pages that might contain addresses
for new stores. For web pages that contain addresses, we then apply store name recognition
model to extract possible POls. Finally, we train a model to find the most possible POI for
the address found in the page. In this paper, we focus on POl name recognition and POI
relation prediction. For POI recognition, we use store names from yellow pages as seed to
prepare the training data via distant learning. Through entity selection and data processing,
we obtain a model with 0.816 Fl-measure as opposed to 0.432 Fl-measure for a
dictionary-based baseline. As for POI relation prediction, we compare three different
strategies for negative example preparation. The best model could get 0.754 accuracy. We
combine two POI recognition models with three classification models to test the overall

performance. The best combination could extract 49 POls every day with a single IP.
[BRIgEE ¢ BERERE PSR ~ T o SRR o AR
Keywords: Address Recognition, POI Entity Recognition, POl Relation Prediction
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PReE = S AHTHE LA BB T IE S T E REBNE R EB L — - 1S5 HE I
ELIFYIRRCE ISR ~ TP - 4571 - EALIERAEET 20 - U0 LARS e B o] oy
( Hidden Markov Model, HMM ) F1{&{4-FE4ts ( Conditional Random Field, CRF) &3
FRMI[1L] - FR B B TR R ERVHIISRE R - 1 N TAESC T AH BRI A HAEE T
i o [NIEE Chou[1]8 Huang[12]5 ABHE A ERIHY B Ae 7S Bt fT H ENEaC M Ak
#I[SRERHY Distant Learning 2247 o Agm S oY BEUERRE AT R 38 s B0 E - 0L
PR » IR AR —(E £ -
AL A T RE P i B R BR (A s iR A - TR I E S Z A1 Y SR 22 e (e B i
PBUARS EES R B - RS BIIIATTE AL —JRARAVELS] » FEEbEE X
SBR[ [4] DU A% L (kernel-based) L 5] [S] AT 772 - I BB AR E AR 22
REFCER > NP EE (5 (Semi-supervised Learning)fil 5 By (bootstrapping)
S5 % - DIPRE [611 Snowball [9]53 11—/ NREZ:CAE T B BIFI T THREUS LA
BRI - 1ff KnowItAI[8]F TextRunner[7]HIIE £/ I B Falll 62 AT RH (A fHEN Z:45¢
AOCER S 2R M SOt 75 B[ 13) 5 ANHPEVE - B s i L B E SR 45 R 3 ~ R R ARAHIER
{485 (Pearson correlation coefficient) ~ &5 fH{LLfE (Cosine similarity) 2 4L 27 {[E45 2 H#E
Eraz R AL EZ ML b o NS e e H AR R & SR (A 1 S e 31188 SORIENE R, - 28
B Ltk Bl o fic 2 HIEUE R LI SR AR A FHIE - R IR S &UENE - AR
Bl skl 20 > S AT DU T T e A RE

= - BRI

SR BRI AH B & TP B EIAE DL R B ER B 1 5 BRI SR o iy v RE & & LR &
T~ HEERC ~ BRI ~ FrEEEEUA R A CRE+HHEFTRAUGNIGR » 2 —Fs -
HFIre s = _EIRAE 677,172 (g o BUERRLE A ERSEE - 28— BT e BRI A
RCERAAEE > IR S H PR A e R AR ~ BYRfE ~ R (E AT
) Bl s 2 (R T P b ~ e RS (5 R LR - B P SR R s A MR
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BERR S — D HEREE IR A BB E SRV G -

50 .luilv
=]

1 -
amed Entity, Query-based | Automatically
List crawler Labeling

| i)

[~ B R A AT

=

Feature J
i Madel
F'reprucessm%' e | CRF++ —-‘______d_

3.1 P E AT

FH B A P Y SRR FTRE B S 0~ BT SRS EAMRIRTFE8 S A A S Ay
BCRGAATE > NI OREE HH SO AR R SRR EAG  HaR 2 ERER - REFSE A R
B R e PRI ek - (R S st A A RIPT AR & oy - BRBIIEER T R (ot
JE) 5 AT =R (PIENS) ) FIBENEENER - ERYEE RS g AR FRIFTh
4T o

B BEH AR A AT ARG B RGN R W o (RE R DR+ R RER © R =S|
EREHG) - PSR RS TR K ALY EL D DA oy i REAR A - 212 EAT 1,563
E &40 LR 1,275 (s A T A A I R e A SRR A T E0) R it
16 - e SRR KRB AR A - B MR E ARV EERES - DU RETEILE A L -

> WMTEBIER R EA LR AR R A4 - IR A A RA
124 {5 AL O P - JESERR ATRE AR A AT B RS BUECRS - DU RS ILIE B SR -
DI TIA AT 73 - A5G DAKE B G (50 R P =5 R S T AT iR =45 2R A
BRI AR BL[12] > MR Ser i B A AR B R B e e A B AR
B> UNAETEILIEE SP -

HefF9RF L A SR I dE1& AU 556,036 (HEAG - 181 R H B AG HUSHEE &) T8 R
SREkt > KprBig It 928,567 4J o MAA L Al SP BREER AT 556,702 HEHS » LUk
916,383 Fll%k 4] - ifi 55t 677,172 (i H S - A 1,560,622 B&HHGHY AT -

3.2 HENER

SRFCATEIBA TS EBDITEC ) T A A0 SR\ AT A BN B 773

57



BN R T AR E ARG - (H Y& )50 il e 2 —(E s (E DA_E Ay BEcRS -

el (AE=) - 6T HEEER B ES RN & HER - BEhfcHy

FAREREHE K o ot o SRIEERC (B —(E POI #E & 55— (@ POI)EL IRt s » 3%

PR L RRCRA (R R FR R ZE /NIRRT > AR EE S IR BN O X BR TR - AL R Ay EAG - 27

P - " BIL T R AREA NIRRT ) EEE] T RII R ) Z4% o ) T4

Ak T HINFERRAREFI, ) o P BRI ERE Y EEREL LE Y - SRR A TR/ 20

A E PSR PR -

VB IL PR AEVEYV N ERVREFIZ

THREETMIVEZAETY

SERISEERGHEE, EUE, B AERE Z E xR RAN EEEE
&= - BEpEsCESE (VAIVASTREERRIIBIR LR EER)

3.3 FF{EdHHL

ERACRAAE/\FT > AR B W ~ BREAR SCEBOR AL RR YRGS B A1 R Y
AFEAHE - PRIEEEATA] F EERELH & A 75 SRR > B CRE++HETTIE AR K -
b (50 FH A5 DA R SR R i RO RO R (R E R KAV E R T - Bra)ig 5,323,009
) BT B RUR T ZR R E s DURGEI SRR Y5 & SR IR BBk R ) 5-
R RFRATA YA B E BLERL ) T-HY & & (negative example) < £ T ERTE SEFRHANAE
AT > R E R AR EHRE(E -

HfFfcE Chou[1]F2 tHEY s T-VURERH = (AR —) * 25 R ERSATH HFRAYEE(Common
Before) ~ J& & S E ARG & H HiF A5 (Common  After) ~ & 3R Y B i AT 6 5] /& (Common
Prefix) ~ ¥ LR AV E G 1% 8557 (Common Postfix) » LLE R A3 Ry Rk (A0S0 B5 ) 555t -
bR TS =AU R B B R S FREREY S G (el SRE R i - WA
TRV THREE -

& P MTFI CRE+-+EFTHIIGE - iP5 IRECER BIEO 7555 > B {URERGHIBHG - | (IR
HReH P RToT - EURERAGER - O MR EA BN EE -
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T BRI A R

ID Name Description

1 Before 1 unigram word before entity or not
2 Before_2 bigram word before entity or not
3 Before_3 trigram word before entity or not
4 Prefix_1 prefix unigram word or not

5 Prefix_2 prefix bigram word or not

6 Prefix_3 prefix trigram word or not

7 Sufffix_1 suffix unigram word or not

8 Sufffix_2 suffix bigram word or not

9 Sufffix_3 suffix trigram word or not

10 After 1 unigram word after entity or not
11 After_2 bigram word after entity or not
12 After_3 trigram word after entity or not
13 English/Number | English or number?

14 Symbol Symbol or not?

7 i L R 53

QNS - ASw LS JoHE F L RE S Y P = [ A S B mT e B ST RIS >
TR LRy St bk 4 B o Pk ) e vy ORG24 - e & MET T RO I RA A FEOHI (A — o )
AREREY HAVRIHEFIEG e bk a BLEUERES p Z FRIAVECHIRA (5 - A b ikt ida s [ %
TTREH = (EAERS - a~ p~ e atp DUSEIEESGER © T, (R ATHRiE=aER
Tp FURBERSH AT TRAEFER > Tap (UMM EBEEAV AT MR AESER - BT AN

st A AR RR S > FRFIE Ll MR — ~ e L
R kB EEREL SRR R

ID  Name Query Description
a p atp
1 C(a) ® CO # of search results for query a in normalized scale
2 C(p) [oN XNe! # of search results for query p in normalized scale
3 C(a, p) [ONeN ] # of search results for query a+p in normalized scale
4 R(a+tpla) [ NON ] the ratl:o of C(a+p) to C(a)
5 R(a+plp) cee the ratio of C(a+p) to C(p)
6 P(a+p|T,) [ NeXe) the percentage of top 10 snippets from T, that support the POI relation (a,p)
7 P(a +p\Tp) o Ne] the percentage of top 10 snippets from T, that support the POI relation (a,p)
8 P(a+p|T,.,) [oNeXN the percentage of top 10 snippets from T,,, that support the POI relation (a.p)
9 NDCG(p\Ta) [ YeRe! the rank of p Fn top 10 sn.ippets from T,
10 NDCG(a|Tp) [oN Ne) the ran'k of .a |r.1 to'p 10 smppets from T,
11 cos(T,, Tp) e the cosine snmla}'lly for snippet T, and T,
12 D(atp) [oNoN Today — D(a+p) in log scale
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R BRI A A = S SR B BT 15 - TR R ik S SBR R 18 s 4 SR
REEAFEAREGS > fEBREIR 0 Ryl e fC S (False) HUME AR g Enbls; - DUk
B G R B 1 s BRI - T s R % - (Ut BB B R R Y R e M =5 - R
FHETUE BT ERTRERAS - MR EEAEHEEE - BUEBOR AR MR -

FHEOSEIRHEY\ B co-occurrence FY R AETE - FIAHHIHE ~ ELERELSGE H b B FLER RS
VE BRI A SRS > ST R E A ELERBE[EHE HIR AR > S R E R F & —
FCFEEIIMERR > BERRME A -

s Mk IR % BRI 2 BT ORISR RGS © 25 Rk —
RAFRK - REZAHI - AR - NIEHRMIRA NDCG {F RS IR1%1
{52l - NDCG Bt E PRI Tk - A B =5 B EFAE AR -

Ft—(EFFECEERZAHE > BUEAS AR AR DU RS - BB RS - Bk
— R AN A TR > PeMIme Ryl B B AT IERE - NI > AU IEAR R A = EER
PRI RS IR GBS B EUE S EMRFREE 2 B NR
BT > IEREMEIN SR o

- EH

AREINE RS =8 > 535S BLERREHRSRE Y PR ~ sl B S R AR TH ~ DU B
LEENSRYEEE

5.1 BLERELHE
B R B AL T SR A S e - BB E SR TE IR o A

th TACEE 0 gEE] 05 73 o BT EL¥ o E - FFAER (Precision) ~ A [E[E(Recall) LUK
FLEZEEMDIT

|Overlap tokens| |Overiap tokens|

Score, = — - Score, = ————————.
|Identified entity tokens| |Real entity tokens|
L. Y Score. Score,.
Precision = ——=—2" _ pecql] = — 25
|Identified entities| |Real entities|

2PR
F — Measure = —-
P+R
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x"= WRER 2 - EEE

Labelerl
B | E o] SumL2
B 5,161 28 0 621 5,810

| 60 24,483 232 3,204 27,979

Labler2 E 0 80 4,937 793 5,810

0 583 2,025 635 367,859 | 371,102

sumLl | 5804 | 26,616 | 5804 | 372,477 | 410,701
LR AR R A N TAZEE - BL 250 {EERI-4H8 ~ 1,000 (HE&Y)&H -~ 1,000
(A aE LUKz 1,000 {3 SLBREL 5 R @ =5 BESE Y > FLIEHT 4,000 EA2=45R - SeLEEIER
AT AR IISE RHE TS =R » MR N BB I Ui S 2 - fRacl —
ELME(S R (Kappa) (B Ay 0.886 » FoRIEaCE RN RIS » R =g8R! RAZI2HKIK -
AR -

5.1.1 BHBRELEFEERIAE T

HTE e H R e A (ALL) > ELER BRI R RS L BRI B AS SR k. SP
{EREABLERELF ] B EhEECATfe Ay pEaRssse ([B0U) - 8 H ShREC Al ok th AR

(B 7~ =FEE A AY s Re Coi B ) Ebes - fEEVU T el DUE Y - (& S EE T
EHVIRE AR @ /A ETEEEAY R IntE H a5 (8 0.291 HYZAEMERR > EIRAERSEE A\ FHY4E
ffE R H] 2 0.785 &2 0.778 » [HZAHEIRAE] 0.3 ¢ Hep (] LSR JFEHYREMAE - FLH
75 0.432- [ & Al SRAIERY - BN /202 3 2 A ge (AL L)Y A7 F1 5 AE 45 0.665
AT R A 41 LSP HEsAsAY » F1 5aE Ky 0.788 » [ IEARZREE T A A8
SREVIEISAE AIZE S 0.770 -

Comparison of 3 Dictionary-based NER on testing data Comparison of 3 Statistical NER models on testing data
0.8 0.9
b
. % .
206 % % P
5 7 _ W 7
£ . £ 7 / /
S 77 £ 07 /
3 _/ : _ /
504 7 7 £ 7 7 /
& . . 1] _ . /
0.2 % 7% %7 A // ///
Precision Recall F1 0.5 ’ o
Precision Recall F1
ALL 0.291 0.368 0.325
ISR 0.785 0.297 0.431 ALL 0.553 0.832 0.665
Lsp 5.773 0‘299 0'432 LSR 0.767 0.774 0.770
- . ' . % LSP 0.799 0.777 0.788

[

PO~ S Sl BRI RO e BT~ R R A
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Caomparison of k-length entity recognition via LSP1 model
1.0 4000

o
)

3000

2000

4 | I I 1000
0.2 i I E I [ | I R e - _ 0

1345 6 7 8 9 10 11 12 13 14 15
Length of entity

Performance
o
o

o
'S

m# of entity ==Precision Recall F1

@l /N~ LSP1 58N 7 A [a]-R i B G A AE [

5.1.2 FBLERESSIBERETT

Ry BLBCRE DR RE - M0 RIS EA F RERVE R T 4T > LUTHITE RHYE
B L NUEH SP RS — =G Ran 2 Ry LSPL - AIE[7SFR o AL RIRE =AY
AT B GRS RE (B BERGANRE - INIE IR PTE ST AR IR T A B RGHREANRE « SO
RILI SR ERRE R & -

BRI R AAE L NIE R SP RS —SE = aER(LSPL) » 57 Bla/ISRiEAY -
IR EHARAE R - SRR HERRCAE R - Hh L 45 491,330 (E&E#S - 773,927
] SP 75 65,372 {EEEAG - 108,874 &) - fEE R LUEH - GHFEIU(E_LSPERE =
VOB HS DS RS IR R I — B R (LSPL) - B[ 74 [F 3R A L — A R4 - %
BB A FLEHRE > NI & G T U A A CEAE -

Ensemble vs LSP1 model on short entities with Comparison of Ensemble model vs. LSP1 model
length 3 and 4 0.85
0.8
3 8 0.80
5 06 g
E [}
g o4 3 I:l - . Eors
S 02 N D. : ™ N D 5
Precision Recall F1 a 0.70
wLSP1_3 0.427 0.353 0.387 .65 .
EE_LSP1_3 0.293 0.438 0.351 ' Precision Recall F1
LSP1_4 0.572 0.644 0.606 mLSP1 0.799 0.777 0.788
DE_LSP1_4 0.426 0.778 0.551 EE_LSP1 0.698 0.808 0.749
N L Lot — e P T WA Py -
-t~ SO E RS 2 e LL L E il J\ ~ S OF ARG 7 RRE Pl

FHMEECEAE R E R SR - E I E A2 - B LU E o B
R 3 K 4 WYERRHRERRE - WIS h0dIsE w8 v A REe Tt » FLERER
Sy 0.387 2712 0.467 » & R PUrYBLEREL IR AIE e 0.606 $271 % 0.676 -
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Learning curve for length 4
Learning curve for length 3 0.7
06 o
(¥
Q c
e ©
S 05 E 06
£ £
S g4 0000 eemmTT e . ]
E 04 e ot e
a P
0.5
0.3 Lsp1 - LSP10 LSP1 LSP5 LSP10
—Precision 0.572 0.623 0.662
—Precision 0.427 0.494 0.523 .-Recall 0.644 0.679 0.691
---Recall 0.353 0.380 0.421 F1 0.606 0.650 0.676
F1 0.387 0.430 0.467

f -~ 1 DO SRR E R Ry 4 B

fE L~ 3 D B A SR B B R Ry 3 LR
EEharlE

EEherE

TR RS RERY A SR - Y DR IEREL DR AT RS R AL 0.799 £271 22 0.855(4fE -+
—) 5 AEEREE AR - W 0.777 ZKE 0.781 ; F1 {HAIZ{E 0.788 %% 0.816 -

Learning curve for increasing training sentences

0.86
g
s 082
£
(=]
E 0.78 S R s P °
a
0.74
LSP1 LSP5 LSP10
—Precision 0.799 0.823 0.855
--- Recall 0.777 0.778 0.781
F1 0.788 0.800 0.816

Bl 5 R AR R A L
5.1.3 S4REEISE 2 FEFt

R B LR R AT A =& R 2 AT (2,426,201 A))FTlllskAVEEL - BLRFRA
5 BLERELAY 7)1-(916,383 &) ATl SRAEA - fEE-T —nlE - BbRA By
TRIUANPRE AR RE A 22 A s - BRI REIAITE 757 sy s 474 7y > HLg) 37.3%
FIRF ] » FR LG TR > KPR A 1 2 B ER B AE A R (R[] - ELSSRE S G RS Y E) -

Comparison for model with negative example Comparison for model with different negative
or not example selection
o 1 800 0.800
£ 98 600 &
£ 0.6 :5:' E 0.780
g o4 400 S @ 0.760
o 0.2 =1
0 200 = 0.740
P/N P E
Cost 757 474 0.720
~=Precision 0.882 0.799 0.700
- Recall 0.705 0777 Random Special
=y 0784 0.788 W Accuracy  0.746 0.744 0.754

[+~ RBRA B BRER ARG SRE B R ] ] fE = ~ St B B BCRA B i A T S e P
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5.2 Hirkik B ELECRA [ it TR

B El (i AIlE POI Relation FYFEMI - Fffess H FE 50 AREE 4,000 (& IR
s a1k BLELECRE O S5 50 R L (B (Positive example) > [fiiRZ fil(Negative example)iypkist o3 —
HH © {1 T s ek 88 AL RECRA X AN (O > S O AR R IR (P 2 ol 0 b Pl
B> HRINFIEE T 4,000 {E - 55 _FEAEET RS E HEFR{EH LR =& R
PP EL A B BRI B EL I RO S R S B e % U & W AR 5 7R MORy 25 = A [F]HY
A3 o BB RAIPR BRI GRE A [F]HY 2,500 {E 6 - {58 A 25— R 56— 5 =0
HAE( 1,250 S BINAETT AN TARED S &R & 2,740 I IEAILLR 2,560 {1 -

FEEH = T DU S BB R % - H A N B T A R R 3
HER B 0.744 » (ER S EERHIIRCRANSEIR Y 0.754 HeHeR - RIEAIAELE
SRZORHIE R TP » B BB PR S TE M b > AT Bt R A e s B o
it o DR P o M T (R

5.3 Z e

i PR PP P g (1 S R e sl A7 (AL, LSP10) DA e = {RIfBA I A HE 7 6 7S Y Sk
M o FHY— (AR AL R AT nTAE & A fE 29 SRS (R VUZE 2 17) - FFIPR B SRRa e K
Y 0.5 Ay EEELEREL (FRVUEE 3 1) EITHRS - BRI R SR A 88 2 (i Ry i bk Fic
FYBRLERRY > AR AN TARSCAS Rt FCRHER (FRIUZE 4 17) « Hp A ALL SERHER T
FYBLERRG AT 816 fid > LSP10 AU 340 & BHERES - [NIHLAT =40 s AV SRagHfE
EREN 2.4 5% - HEHILEENREHERE H ] DURER (1B AR RACE -

feFVU AT DU U FI A LSPLO 4 e s — e e i o SRS AU R SRE B > HEAER 22 51 0.648
SRTCHIRFE By 1,034 782 > TRAGER(E 1P B RBETREILY 49 (58 Y BLERES - 1] ALL AL
A 55 — TR 7 BT RIAY AR A 0.291 » R R] K P bt LH Ay BRUERCEE R TE AR
LUK SR -

A s P & —RHEEE =T RRI ) SRR AH & 2 RS - m]RE R A Ryalll SR
A IERERC AR R S B > B TRAIGR IEFERC AN RE T 0 38 el ARV B E
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RIRIE L - F A REis o Be 2 2 S IR BR e o SR AL BE SR I 20 1Y PO > B Ry Ath e {12
2115 - B R RAYIR IR T E R By IEBINI S IR 75 FHEOK - REHE Zh 7 IEME S 25 BB R
BT T E AEAESE =AM A T E AU B - B a A BRI S B -
BRBIAGER T B (T oLE) S BIEMES > M " 5 HEER B > BIE A RERZEE R -

F2IU ~ 24545 B Hhs 2 (Efficiency for correct POl = Accuracy * Efficiency)

# of # of Accuracy Cost Efficiency Efficiency for
POI candidate (min) correct POI
(POl/day)

(POl/day)
ALL + Random 816 277 0.291 2,307 53.70 15.63
ALL + Special 816 13 0.182 2,311 1.25 0.23
ALL + Mix 816 3 1 2,306 1.25 1.25
LSP10 + Random 340 88 0.648 1,034 75.20 48.73
LSP10 + Special 340 2 1 1,033 1.39 1.39
LSP10 + Mix 340 2 1 1,034 1.39 1.39

N \Z\\DEFFH

HA LA H i o BB R E R Aa i e S (R S (0 2 BBRG A &) > T BA
EEMERCIE R - B3Ik - AR CRE++FIIGRAVHFEREAY - it pEssH b
A BLERRL R B S A P a0 > IR EUEEE T AR - RV BRI B
BICRG > AT DARE ST T B BRCRE A B2 - DUBHUE 4rivaISR &) - IEE RS R el LUEH -
KEHBEREE IR AN GRAY AR REZICE] 0.788 > i 0.665 AMEFEST 15.6% ° [ A1 A F kY
RERFEM AR AR IR A AR LY - IE5h - RERA B a BLBRRERY A R AETA
37.3%HFISRAFR] - HAGREMIREAFTAE & TV TR AL T © AR EEEIRLUAE
e HARAIEPIEETR TR EE - FEE BRI BRI - M ERAVSEE S - B FL
Et e — (a5 IREY 0.788 f271 2 T-EfE =45 5RAY 0.816 » NILEFIH(E - HH S
ABERG S - e LLETT S ZHYERL > BRAEHR/IR A Ay

st BB R R TR AR 70 - PP =R A EE R R B 774 + BEt% oy o BLER LSS
ik ~ M HE A S AE R sEER e T BLER L DL R R SRR & HoREAEAR 51 5l B 0.746
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0.744 F10.754 » 7= B R EHE -

BAGRSOTHE BAPIEREUSHEA FIAVH &3 — B Ak RE > fess R el G
th > & Rl o A RIRE AL 7 8 L I EAEAY EC IR - FE O b iy SLBRRE S E T e St
EAEE » RV SR LR R AR AR R B BRI > [RIRF e T B Ae e -
BRI G RE N TR Tt SR ikttt - 5 i it o b B AT A BRRCR: - 1 P Bl
fok o SR AU e S bt i B BRGERCRY PR B2 stk i P RE A SRR - 22 B Bl e DA 5 B
FZHERITHRE - HASCRETIRE(E 1P BRAENCHLY 49 {EHrHY ELERES -

FEARIBIGE L > B e P MRy SRR B G st H R B TE5R  FLERRF SR DU S i s
B > 2RI R BT 2 LGRS 2 th SR MBS IO I Y ARG REFI SR LS 5 = HU P
FRAL > SLAE HF ARk B 2 BLBRCRG - TLICHE PR — e A (R BR SRR e 22 B A K - (2
FEERSCNEARFAIA RS RV E - (EE B GR T aT LUE H - Bl SRER 1o iy AE bR F[ 12
£ 0.739 - FHRETEIFEACHE ML AV R R ch I B I GRS BLBRCRS - fRERAH AL By
R B SRR Z 1R AL B (P02 SR R BB B IHNE) - BGETREFRHHAISEE - fE A&
FINRE A S ISR - $REH 2 MR EE A - E5h - FIIH] Google =5 [ &H
IEHIPRA] > R — R MTFR L ([ 1P 8O3 IP AR SR80 -

SR
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Abstract

Under the issue of gender and Natural Language Processing (NLP), most papers aim at gender-
norm language that spoken by biologically males and females with opposite-sex desires.
However, from the point of view of sexual orientation, this study presents the first work in the
task of Chinese homosexual identification. Firstly, we collect homosexual texts from social
media, and secondly examine linguistic behavior found in gay and lesbian texts. In addition,
we also provide sets of linguistic features to automatically predict homosexual language with

the adoption of 5-fold cross-validation Support Vector Machine (SVM) and Naive Bayes (NB)

models. Training procedure in the study resulted in promising f-score around 70% with the use
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of particular lexicon-based feature set.
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Keywords: homosexual identification, lavender linguistics, Chinese NLP, Support Vector

Machine, Naive Bayes

1. Introduction

Lavender Linguistics has been emerging as a linguistic sub-field which analyzes language used
by gay, lesbian, bisexual, transgender, and queer (LGBTQ) speakers [1]. It is suggested that
there is still considerable room for linguistic research based on fine-grained sexual orientation
[2]. Previous studies of gender and NLP mainly focused on dichotomous genders in biological
sense without considering the gender complexity of human beings in real world.

When it comes to gender, a general but complicated term with various dimensions involving
both biology and psychology, anthropologists have divided it into three major classes:

1) Sex refers to physical or biological differences between males and females.

2) Opposite to physical characteristics, gender is characterized by self-identity, namely,
whether one see himself/herself as male or female.

3) Sexuality is about one's sexual attraction and orientation. People who have opposite-sex
desires are regarded as heterosexuals. Conversely, people who have same-sex desires are,

therefore, regarded as homosexuals.

In the field of gender and NLP (abbreviated as GenderNLP), gender is usually considered with
the norm that subjects are biologically males and females with heterosexual desires. However,
based on the perspective towards sexuality, the present paper discusses lavender speakers and
NLP (abbreviated as LavenderNLP) with the hypothesis that previous study on gender
identification cannot correctly identify gender in a more complex dimension and that

GenderNLP has failed to consider the complexity of sexuality.
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Since GenderNLP only aims at biological gender, LavenderNLP, as a subclass of GenderNLP,
targets not only at biological gender but also at psychological gender. Therefore, referring to
Table 1, subjects in the current study are regarded as homosexual males (gays) and females
(lesbians) who have same-sex desires regardless of whether he or she self-identifies as male or
female; in other words, only sex and sexuality are taken into account in the definition of gay
and lesbian in the study.

While studies on GenderNLP abound, there are still gaps in LavenderNLP to be explored.
Accordingly, this study intends to explore lexicon-based cues of lavender speakers and applies
all the investigated linguistic behavior to automatically predict homosexual texts from Chinese
social media with the use of Support Vector Machine (SVM) and Naive Bayes (NB) models

under the 5-fold cross-validation test.

Table 1. Definition of Gay and Lesbian in the present study

Sex Gender Sexuality | Defined as
Male Male Male Gay

Male Female Male Gay
Female Male Female Lesbian
Female Female Female Lesbian

2. Related Work

If males and females do have their own in-group language, gays and lesbians will also have
their own language which is incomprehensible to outsiders [3]. Also, it had been noted that
there is a relationship between language and sexuality [4]. Although studies rarely discuss
sexualities, there is no doubt language can be classified via types of sexuality. People who have
opposite- or same-sex desires will have different language behaviors. Since the present study
discusses texting strategies of homosexual population, this section reviews previous works on

how homosexual males and females produce language differently.

2.1 Homosexual Male Language

Compared to lesbian language, linguistic behavior of gay males has been studied extensively.
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It has been claimed that gay people tend to use specialized lexicon, or argot, containing words
not normally used in mainstream society [5][6][7]. However, not only argot but also gay
language is in general characterized by the use of innuendo, categorizations, and strategic

evasions such as omitting or changing gendered pronouns [4].

In the past, the word 'gay' was (and still) associated with negative thoughts, which is believed
to be the main reason gay men shifted toward a more heterosexual masculine image [8] with
their needs to distinct themselves from appearing obviously gay [9]. The appearance of
masculine items [9] or the replacement of masculine pronouns with feminine pronouns [10] in
gay men's language is considered strategies for homosexual males to behaves more

heterosexually.

2.2 Homosexual Female Language

While linguistic features of gay language are believed to be more conspicuous, it is claimed
that there are no linguistic features unique to lesbian text [11]. However, since lesbians can
identify each other in a variety of settings but find it difficult to explain how the interaction
mechanism works [12], four linguistic styles that may help lesbians identify each other are
further proposed [2]: (a) stereotyped women’s language (hypercorrect grammar, tag questions);
(b) stereotyped nonstandard varieties of working class urban male language (cursing,
contracted forms); (c) stereotyped gay male language (specific words) and (d) stereotyped
lesbian language (flat intonation, cursing) [4]. In other words, the mix of linguistic styles is the

main reason why lesbian-specific language is less prominent than gay language.

3. Exploration of Gendered Features

In order to prove that previous studies on GenderNLP ignored homosexual language and
language behavior should be categorized not only based on sex but also on sexuality, the present
paper takes both heterosexual and homosexual linguistic features into consideration in the
forthcoming tests. Since most of the studies on GenderNLP use both SVM and NB models to
predict author's gender [13][14][15][16], this study will also adopt the same models under the

5-fold cross-validation test in predicting homosexual texts from Chinese social media.
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This paper uses and translates all the gender-norm linguistic features from English to Chinese
based on Huang, Li and Lin's study which detected author's gender with a number of linguistic
cues [16]. However, features such as articles, capitalization, long/short words, abbreviation etc.
which are absent in Chinese and statistical measures which do not fit our data are omitted. Also,

Chinese-specific enumeration comma ( ~ ) is further added in the gender-norm feature list in

our tests. It is worth noting that each type of punctuation will have two different forms due to
Chinese text having no preference between using both full- and half-width punctuations on

online social media.

Based on linguistic studies which discuss language features on homosexual texts [2][4][9][17]
introduced in related work, eight convincing count-based homosexual-specific features are
selected: (a) masculine words: words generally associated with masculine image; (b) feminine
words: words generally associated with feminine image; (c) gay argot: a set of specialized
lexicons used by gay community; (d) lesbian argot: a set of specialized lexicons used by lesbian
community; (e) masculine pronouns: pronouns refer to male referent; (f) feminine pronouns:
pronouns refer to female referent; (g) first person pronouns: pronouns refer to speaker or a
community includes speaker as well as (h) swear words: a set of lexicons that is considered

impolite or rude in mainstream society.

Table 2. Examples for types of homosexual-specific feature

Numbers of word
in each lexicon

Homosexual-
specific features

Example

Masculine word badao %5 ‘domineering’; wangzi F | 122

‘prince’
Feminine word wenrou i ZE  ‘soft’; gongzou N F | 148
‘princess’
Gay argot linghao E5% ‘bottom’; yihao —5% ‘top’ 99
Lesbian argot oulei B{ZE ‘old lady’; lala Hi1$1I ‘lesbian’ 28
Masculine pronoun ni {/i ‘you’; ta ft. ‘he’ 4
Feminine pronoun ni YF ‘you’; ta fh ‘she’ 4
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First person pronoun | wo F ‘I’; women F{] ‘we’ 3

Swear word gaisi A6 ‘damn it’; qu ni de FE{RAY ‘fuck | 166

off”

With the extraction of 24 sex-oriented gender-norm features from Huang, Li and Lin's study

[16] together with 8 sexuality-oriented homosexual-specific features, a total of 32 gendered

linguistic cues are included in our training procedures.

4. Training the Classifier

4.1 Framework

The LavenderNLP framework has five major components to automatically detect homosexual

language from unstructured data from social media.

1.

Raw data: In this study, experiments are conducted with a dataset containing 1433
homosexual male, 1481 homosexual female, 1476 heterosexual male and 1475
heterosexual female texts collected from the gay, lesbian, mentalk and womentalk boards
on PTT'. Besides, in order for the collected data to be unbiased and informative, only long
posts in specific topic associated to emotion venting are considered.

Preprocessing: Since stop words and punctuations are also regarded as important
linguistic cues for various linguistic styles, only redundant information like web links and
forum rules which appear in texts are removed during data preprocessing. Furthermore,
in word segmentation, we apply jieba library with an additional user-defined dictionary
containing all the words list in our selected heterosexual and homosexual feature sets.
Annotation: After data cleaning, the 32 types of gender-norm and homosexual-specific
features are annotated automatically post by post. Considering that the annotated values
may range from 0 to more than 5000, each value is normalized to a z-score so that all the
computed results are treated equally across different features.

Feature selection: To test the hypothesis that previous GenderNLP studies are unable to
perform expected results in detecting homosexual texts with gender-norm features and

that homosexual languages do have their own unique linguistic styles, tests with three

' As the most popular online bulletin board and social media in Taiwan, PTT has more than one hundred and

fifty thousand registrations. Due to its accessibility, PTT has been widely used in academic studies related to

Chinese social media.
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different feature sets are conducted: (a) gender-norm features; (b) homosexual-specific
features; and (c) both gender-norm and homosexual-specific features.

5. Classifier: In recent years, studies on GenderNLP in identifying author's gender generally
make use of both SVM and NB models [13][14][15][16]. Accordingly, this study follows
the same route and reports the resulted F-scores average over the 5-fold cross-validation
test. The main purpose of the current study is to automatically detect unstructured
homosexual texts from Chinese social media with a number of investigated gender-
specific linguistic features. Among the collected data, only homosexual male and
homosexual female texts will be taken into account in the training procedure.
Heterosexual male and heterosexual female texts, on the other hand, are used to evaluate
how languages are produced differently by speakers with different types of sex and

sexuality.

4.2 Feature Evaluation and Result

With the collected data from Chinese social media, tests with different feature sets and different
machine learning models introduced in framework are conducted. This subsection discusses
how homosexual-specific language are expressed and which feature set and model yield the
best result in recognizing unstructured homosexual data from the viewpoints of linguistics and

NLP, respectively.
Linguistically, there are tendencies for homosexuals and heterosexuals to use homosexual-

specific features differently in text-making. Figure 1 demonstrates how such linguistic features

are distributed in texts. The number in each bin denotes the average count of features per post.
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Gay
Lesbian
Men
Women

Feature Count/post

.062

0 Masculine Word Feminine Word Gay Argot Lesbian Argot Masculine Pron. Feminine Pron. 1st Person Pron. Swear Word

Homosexual-specific Features

Figurel. Homosexual-specific Features in Gay, Lesbian, Men and Women Texts

With regard to the findings, several observations can be drawn below:

1.  Gendered term: The saliency of masculine word counts in gay texts verifies the
assumption that gay men tend to emphasize their masculinity with words associated with
the stereotyped masculine male. Example (la-e) are the five most frequently used
masculine words in gay males’ texts. Conversely, heterosexual males have no such needs
to emphasize their masculinity through language behavior. For lesbians and heterosexual
females, the use of feminine terms is similar.

(1) a. nanyou H )z ‘boyfriend’
b. nansheng B4 ‘male’
c. nanren 5B A ‘man’

d. nanhai $B% ‘boy’

e. nanpengyou FAAK ‘boyfriend’

2.  Homosexual argot: In terms of homosexual argot, it is clear that gay males have a strong
preference in constructing texts with gay argots, see example (2-3). It is also interesting
to note that the use of lesbian argot in heterosexual male language is relatively more than
the use of lesbian argot in lesbian language. In addition, while gay-specific language is
avoided by heterosexual males, lesbian-specific language is also avoided by heterosexual

females in text-making.

(2) R R AR ~ S ARZA TR -
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chugui shi yizhong tongshi jubei jianchi miandui han chengshou de xingwei

‘Coming out is a behavior of insisting, facing and bearing.’
(3) TEIRIZRRAE - TEERERSE - AAES - AR -

cong hou chicheng xiong cong xiong shoucheng hou youren jianshen youren jieshi

‘Some people work out in order to shape into bear from the monkey; some people
go on diet in order to shape into monkey from the bear.’

(xiong FE ‘bear’ means a hairy, hefty gay male; hou f# ‘monkey’ means a
skinny gay male)

3. Pronoun: Self-awareness is reflected by the use of self-referring statements which can lead
to increased self-esteem and positive affect [18]. Compare to heterosexual male language,
the wide use of first person pronoun in gay, lesbian and heterosexual female language
indicates their refusal to be viewed negatively and to be accepted by society, especially,
for lesbians.

4. Taboo: While the occurrence of swear words in both gay and heterosexual male’s texts
are about the same, it is quite different between lesbian and heterosexual female’s texts.
Obviously, heterosexual females swear more than lesbians on online social media, which
conflicts with previous studies which claimed that lesbians are characterized by the use of
cursing, taboo words, and progressive forms [2][4]. Example (4a-e) are the five most
frequently used taboo words in heterosexual females texts.

(4) a gan ¥ ‘fuck’

b. kao 5 ‘damn’

c. giang g ‘diss’
d. biantai $EHE ‘pervert’
e. pishi JEtZ= ‘crap / (none of) one’s business’

5. Others: Besides homosexual-specific features, there is an interesting finding opposite to
the idea that homosexual language is marked by exaggerations [4][17]. Generally,
exaggerations are expressed by means of punctuations such as single or multiple
exclamation or multiple question marks; nevertheless, use of punctuations as such was not
found in our annotated data. This may indicate that Chinese homosexuals are likely to

hide emotions on social media and protect themselves from others.

When it comes to homosexual text recognition in LavenderNLP, the averaged 5-fold cross-

validation f-score performances of SVM and NB models with different linguistic feature sets
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are shown in Table 3.

Table 3. Five-fold Cross-validation SVM and NB Averaged F-score Performances

of Homosexual Texts Recognition with Sets of Linguistic Features

Gendered Feature Set SVM NB

Gender-norm Feature Set 57.11 33.18
Homosexual-specific Feature Set | 69.57 66.49
Both Feature Set 74.54 58.75

Among performances with types of feature set, it is clear that in both SVM and NB models,
the gender-norm feature set yields the lowest f-score. The low accuracy of gender-norm feature
set verifies the hypothesis that previous research on GenderNLP ignores the homosexual group
and implies that gender-norm linguistic features are not able to recognize homosexual texts as
expected. Taking the resulting f-scores of gender-norm feature set as our baseline, Table 4
demonstrates the effectiveness of homosexual-specific features in identifying gay and lesbian

texts.

Table 4. Effectiveness of Different Feature Sets in Identifying Homosexual Texts

Model Baseline | Best Result | Feature Set Taken Improvement
SVM 57.11 74.54 Both Feature Sets +17.43
NB 33.18 66.49 Homosexual-specific Feature Set | + 33.31

Based on the best results present in Table 4, one can see that the f-score in NB model is doubled
with the use of homosexual-specific feature set alone. As for SVM, the f-score reaches up to
74.54% with both gender-norm and homosexual-specific feature sets. As shown in Figure 2,
although the best result of SVM was produced by the use of both gender-norm and homosexual-
specific feature sets, the homosexual-specific feature set still contributes more than gender-
norm features to the resulted accuracy since it increases the accuracy 12.46% from the baseline

while the gender-norm feature set, only 4.97%.
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Figure2. SVM and NB F-score Comparison with Different Linguistic Feature Sets

The results reveal that gendered language can not only be divided into biological genders but
also ones' sexual orientations. Apart from people with opposite-sex desires, gays and lesbians
also have their own unique language styles. While heterosexual males and females are likely
to produce languages with gender-norm features in order to meet social expectations, gays and
lesbians' utterances are full of particular lexical items that have to do with their culture

uniqueness and self-awareness.

5. Conclusion

Though previous studies on GenderNLP deal with gender from the biological perspective only,
the present paper takes the psychological viewpoint into account as well. With the examination
of linguistic behavior of homosexuals, it has been proved that traditional GenderNLP models
are unable to detect gender in more complex dimensions. Also, with the adoption of
homosexual-specific features, our NLP models resulted in promising accuracy in detecting

unstructured homosexual texts automatically.

LavenderNLP has one important application in homosexual e-commerce. That is, while several
online businesses are able to automatically recognize potential customers from biological
genders, homosexual market is a segment that has often been ignored in the marketing
strategies of businesses [19] and only few marketing departments pay attention to homosexual
customers or do not even know how to find their potential customers. With its rapid growth,
the homosexual community has attracted a great deal of attention and LavenderNLP should be

able to keep up with the changes caused by this aforementioned growth.
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As the very first work on Chinese LavenderNLP, there are more points to be considered under
the lavender issue. For example, speakers of lavender language contain not only gay and
lesbian, but also no-sex, bi-sex and transgender groups that further studies should also examine

such linguistic behavior in order to enhance the field of LavenderNLP.

Although research on Chinese LavenderNLP lags far behind GenderNLP and is still at a nascent
phase, it is believed that the fast-growing homosexual community is a sign that this issue will

be regarded as important in the near future.
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Abstract

The proposal scheme called Hakka pinyin input method is based on Android (IMF) Input
Method Framework. Users can input Hakka texts in any APP of mobile cell. When user inputs
a Hakka character or Hakka vocabulary phonetic abbreviation, the input method will refer to
the input of user and search for a single character phonetic transcription font stored in the
SQLite database. The data will send to database Single Word Pinyin the Based Word Library,
Acronym, and Previous and Successive the Based Word Library. According to the results of
the search produce a candidate word or vocabulary, and provide the user to select the output.

The Single Word Pinyin and Abbreviation in our systems contain 9361 words and 32453
vocabularies. In addition to the basic message Pinyin input, the input method self provides
several functions: (1) User preference input: Record the frequency of the words normally
entered by the user in pref. the purpose to allow users follow their own preferences more
quickly, that will commonly used words or vocabulary for output. (2) Hakka fast input word:
User can search for letters by acronyms, or APP quickly guest the Hakka word, and save the
number of typing. (3) Previous and Successive Word Prediction Output: This feature has the
ability to let the user quickly generate the Hakka sentence, let the Hakka words or sentences to
achieve faster output efficiency, and training the Bi-gram probability. (4) Hakka Language
pronunciation: The purpose is to let the beginner to hear the correct Hakka pronunciation, to
achieve the purpose of language learning.
Keywords: Pinyin Input Method for Hakka; Hao Ke Pinyin Input Method; Text To Speech;

Pinyin Input Method.
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Abstract

Speech enhancement (SE) that reduces the noise effect plays an important role in the
current widespread audio applications such as speech recognition, speech-based
information retrieval and voice control. Among the various speech enhancement
techniques, denoising auto-encoder (DAE) employs the well-known deep learning
process to learn the transformation from noisy data to the respective clean noise-free
counterpart, and it has been shown to be very effective in reducing the noise component
as well as introducing little speech distortion. In this paper, we primarily investigate the
influence of the training data with different signal-to-noise ratios (SNRs) for DAE in

the corresponding SE capability.

The major finding from our evaluation experiment is that the DAE trained via high-
SNR data provides significantly better improvement in speech quality for the noisy
testing data over a wide range of noise levels, when compared with the DAE trained
via either of multi-SNR data and matched-SNR data. This result somewhat disagrees
with the common and instinctive sense that the model created with multi-SNR training
data behaves well on average for the testing data at an arbitrary noise level, and the
matched-condition model should give the optimal performance. However, we give the
possible explanations about the above finding, and explore some advantages of using
simply high-SNR training data to prepare the DAE for speech enhancement. These
advantages include a smaller amount of training data being required, a simpler DAE
structure with fewer hidden layers and higher adaptability to other noisy situations.

BASEE - sEEoR(E ~ IR - [RIRE BheRhEES o

Keywords: speech enhancement, spectrogram, denoising auto-encoder.
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ZEEHE TR > BHSERE SR A R LLAVEI SEE R B4R DAE HysZ 28 -

Fo TaFAE T MV E R &R > B EME T m'E ZEAIEMNE  (Perceptual
Estimation of Speech Quality, PESQ) [8]{E Rya¥{h5R L& a5 Z sHItHY M E E T -

PESQ {if FH s RV NGE & B30T EGTRR A LIS RIS e MR GE H AT
Rz FRE R VIR s 2 HEsE T A - PR HEE RN G = U s e,

26 AR TR EL 3 B 4T 9 2. DAE e - BDBEIE S 38 L
AT HEEEI o PEEES DA JEIRAT (AT SIS LI PESQ (8 » Fly %2
HBAGT(S DAE I -

- R EEh4REESS (denoising auto-encoder, DAE)

EE4RtE# (Autoencoder, AE) s 4dEE Ay —THZLE - HIJREr LB FZIRLR
MR il 57 53 B34 (Principal Component Analysis, PCA) » {H—fSi=HEALL
PCA SHFAVRIEE @ BE A4 E BRI EAVEEERHE9] - Vincent FELELE AE
HZERE_ EE SR SRE RS AGERR[11] > EhasRisd - EIFREAEEwI
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S5 AFERATS 2 AE - HHERNEAES AR AE TS » e g A EERR
= 0 G Bl SR PRAY AE KA iR (denoising) AYREST » PRIELEHAE Ry R
7 AE (denoising AE, fi&§f# DAE) - [fij Xugang S5E24F 2013 45| A DAE Z2fE(E
s oRfb B[] - eS0T DAE AP R e S LT h B - B —5

& — ~ DAE 286 - y B2 x o3 IR NGE & B 205+ aE 2 I A E] (spectrogram) 1 .2
HIETTRE - W R DAE (VRAIZH > & RiTRE y CEREREFAMGE 21T
AR - X WEESEESE W VS EE R FE SRR TR E x

TSSO I DAE 22542775 R AT - FRIE R A1 - it

iy GEFBRE R A R G R R A FR(DEQFT
oo (W, by YEL(W,, by} 43 B B 55— TG B — O S > o () BB K
(activation function) » B EERA S B4 (sigmoid function) » FEFI| SR - T
i R BEEAR(E x H97E(E IR A (backward propagation) EfEERERE
(gradient) B AT 7 DAE 2~ f S5 (W, by }EL(W;, by} -

HEmt c h(y) = oWy +by). (1
F g X = W,h(y) +b,. (2)

Ryt a9k DAE KAl (overfitting) AUIRIIEEAE - FEERATRVIRA L
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% (loss function)iis » #HH G5 AILAITH (regulation) - 41=((3) 1y g (©)1H - {2 {HHE
TR FI LIRS s B BN S B ROy > JREIEARIE - —f%IfT S » 12
SIAIEAPR - $iEZ DAE KR & &5l SRR BOE I izE - ZFtae
ARt ELECA[F] DAE ZRAHC B U RE T AR HY S22

BB J©) = ) Ix— R+ g(e). )

A5 | ATERITER R e - Fralll$ffs- Y DAE fRAVEA TR ERYRE » HEM{E
A EZRFEECERY DAE g A HEERYAEE A (35 (MIRE ERE A RELEEA[E DAE
HEREEMEEREER -

= YR R B BT T

Fy 15Tl DAE fEsf 298 b ERVREE - IRMMEIISERE e E 7 SEEN - /&
A EERFEEE Z FIISREE T - DAE th fiet i B S oy T E8s ~ LU el 2 B & -

(—) ~ A EEFEEEZ FISREE R
HAHE E—FF2E] > fRIZ Vincent FEEEZHVEERGER[10] > /EFISK AE K5 [ A%k
afl » Arie AV HEC AR A DUMERN AU SRE - 0 H SRR 2 RE A E AR
T o NG - 25 PP BE A A [RIERAELC(signal-to-noise ratio, SNR) Z SE2f¢ql| 9k DAE »
Hill Rk
1~ 5eR 7 2L all-SNR) ZF/I[fERft © SNR GEE Ry-12 dB £ 12 dB - [A]
f%3dB > B -12dB,-9dB,-6dB,-3dB,0dB,3dB,6dB,9dB, 12dB - &
9 FeHERFELE -
2~ fEaEEE(high-SNR) Z 5/l 6fEE R - SNR HEE Fy 6 dB 2 12dB - [HfE 3dB>
Bl 6dB,9dB, 12 dB » 3 3 fEzHEELCE -
3~ J1EHAELE(median-SNR) Z 5/l $RE5F - SNR GEE Ry -3 dB % 3 dB » [HfE 3
dB - H[] -3dB,0dB, 3dB > 3t 3 fEEHFELL -
4 ~ {EEFEEE(low-SNR) ZFl[%REE R © SNR #E[# Fy -12 dB £ -6 dB - fill% 3
dB - B[l -12dB,-9dB, -6 dB > 3t 3 fEEHHELL -
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EAEREERE  HFMERIEREECR BRI AR - Fr DA sREEL (s FHRYRI oRE
BIEEHM =3 (5 > o REEED) JISEERERY 3 15 -

() ~ P H B4R TS a5 (AT R R S e g R
DAE fREEIHYAINATEE FH Bk i =~ s e B S PE i R S (% - M5 T
Xugang FEFHNERICE1] > K5 EERRPTHAY DAE R85 E ST ¢

1~ ZIS5EE Haas8oTEE 100 ~ 300 ~ 500 ~ 1000 ~ 3000

2~ [ERERE D 1 £ 6JE

(=)~ F#fE (Features)

A1[F] Vincent FEEZHYEER[10] > FTHf DAE 18R AR B (5 F R HY
HERRGE & e H2)5+ 55 & (noisy-clean pair) - [ 5 48 A HY R LB (L N2 (E A
(frame) 1y £ 8 (logarithmic spectrum) - H BAGKIL Ryahi s 2 Jahs I S HEEHST
TEMII IR HRIR - RS EIRYIAGE 2 58 fE (magnitude) HURT R - —Beahiar ZIpA3E
(spectrogram)4[I[E —Fr7 - Hh&E—1TREN RS HIEZ BBIREE - PR
a0 HATE 2 f s ah Y S O F R B B B2 o
FEE AR i (desired output)fyfef -

8000 8000

().

7000 7000

6000 6000

5000 5000

4000 ;-4000

Freq. (Hz)
Freq. (Hz)

3000 3000

2000 2000

1000 1000

Time (s)

T~ BRSO R EE T BRSO HUE BR PSR AR E] (spectrogram) » (1) fiF
FOAEEE () RMERNGE S - HPhadh Ry Rr - Hedh R B B2 HH K (acoustic
frequency) °
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(P9) ~ Perceptual Estimation of Speech Quality (PESQ)

BAPIHERTAA FE A ERRELEI SREERH SR PTG 2 DAE $8Y  SHIEEERAET THI

s o HIEEERIALE DAE EERFTS 2 i bafs - B L EliiT B 2 v 9aE
° By T & DAE 58{EaBEEHIRAE - FAMIEH PESQ USRS BERIEHE - 1K

s H—5HE 2 PESQ » Bl DAE — R E H A ERVRZ Fah5 - PESQ {E/1MR-0.5 &

4.5 2] s E R EE T MR L E S HyeZ5 s  JRRIEE S B -

9~ EEaE KL

1EEE s+ > A T Mandarin hearing in noise test (MHINT) BRI
F(subset) [13] > 73 BIHUE 360 4] K 120 F1F R aasll SREDHIEEERE - H 00
B [FRF - B IR S [ - R R LL (SNR) AR ERHGE
H o dREERITEREELL Y -12 & 12dB 2R - 6% 3 dB ~ 3 9 il i HIEEER
AYERAEEET MY -10 dB 2 15 dB Zfif ~ [EfE 5 dB ~ 3t 6 1 - IR EDHEERRHE
HEEE B AAERUCHD © 5940 FAMIPTE RAEER} » HEURAER Ky 16 kHz o (i FA0
PRI B A AU R TS Fy 512 4 » IRIMFF BRI Ry 257 4 -

FEE T REUREE R ZUETT DAE BUSISRET - T HEISREVF AR E R H 5 8 &
& - NIE > BEZRPTECE A A RIRISR B A N — - (I AT LU R A
AR AL FRE LAY EC B AT 2R AT 2 -

PE N ZRPATRFE RN RELE Z B SRR ~ haon s R R E 2 DAE
R EFFRE ATV E BRES R

(—) ~ SRR L F SREE R LR

T FIH TR EE R DU [E R ELAE & 3 SREERH 4R Y DAE BEEE Fi{%HY
PESQ 438 - W16 = fifrif - B A VU A FERVERAELLAE G > 43 2aHaELE o
RETGELE S~ T A ERAEEE ) DR T EEtELL | - IS EERPIEE Y DAE > EEH
—{ElFS5E e - BItFEEEA 300 {EakTT - AAE(E (baseline) o HIEaE R A AL
DAE JEH Y PESQ 438 °
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e —HVEER > I LA LU RS

1~ BEERAE(E - 4608 DAE feBHYHIEEER) > 2 PESQ /8 —E g LIt Rl
£ FREEHEEL I SREE R AT SHY DAE » ISR RET & — i i B (mapping)
HEAYEE » JRRIEAE B ER R H YR P D S A SR B R ST A
TEAHEIIRERRY © St T DAER (o AR R (T EEEEE (25 17-12 dB, -9 dB -
-6 dB EFELEAVHIISREETR ) Z DAE % afikEL -10 dB ZHIEAEERIHYRE S 58
{EEEFARE AR - BIEEHATE Y HAL DAE 5 - SEfELE-10 dB Z IR
e pa AEAE T ULHC (match) Y& -

2 ~ HAEHAELE 0 dB B2 5 dB AVMIEAEER] - 2EfFEERY DAE (B ERaRELRY
DAE » $7A5HaEEL -10dB 82 -5dB AT HEREER} - 2 3R5EEERT DAE HEHME
AR DAE - 2RI - SR EREEEE 10 dB B 15 dB HHIEREER - 2 ERgEL
9 DAE AR REFRTHHEE S S ~ 15501 PESQ LEEL#E({H (baseline)E1K - AT,
b FSREE R A RE (a8 DAE —EREFE HMETa gL 2 5B & Y
%f o

3 ~ g EEI SR TS DAE {E(KEREEER(-10 dB, -5 dB)AHIERSER! A &R
rn B RIS IR o [FIF - S ALY DAE 8P AE A sEEEL A HIEAEERE L& AR
F27F PESQ 4780 (B T 5RAELEL 15 dB BYsBRIN) - i fE fHRs E sl LEE ISR Y
DAE - o] A8 LA i R bE 2 RaE gy &2 - BAE2SE Minje Kim
HOURRL2) P 2RV E ST, - e —EERAER - IRMTALUT R

(1) IR HAEFEEE BRI S > Sl EE B R R S 2 2 Y PR R
/I IR - e EEEE Y DAE EEEMEHEELHY DAE FE3/lI6R B8 R 5 ELAS
fife -

(2) B TRALIERRE S WAT i SR 1 B R R B R 57 05456 = 1Y+ # (speech
distortion)f£% > S EHFECLHY DAE FFY S E AR S st L bR 2 iR 2
Rz > AR A A SR EMEEE S TP RN - 2 aE 2 1y T8
TR ELLH A DAE 2RAV(E -

(3) TEteErEE BN AEARE BB A S E R AGEA ZE A WE ¢ (2= (H (bias)E15E
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Sifi(variance) - ¥ S HEEELLAVHIEESE > S FTEHAYSTE DAE K
HHEAYE R TR REUHAT - (Him AL DAE BB R 2= ERRAER]
MERZELEAD DAE ZREV/N » BN Ryl fEle DAE B2y 2 Sl RErEsE
HREZ R EERE (% - PEZZRE S AR -

T IR SREE R DAE fE S8 SR AELE 2GR RE ERysa e R

(PESQ 7380
SafEbt | (RERGELE | heRdEbh | mERELh
FAEE DAE DAE DAE DAE
(-12t0 12 dB)|(-12 to -6 dB) | (-3t0o 3dB) | (6 to 12 dB)

-10dB 1.27 1.36 1.28 1.40 1.30

| -5dB 1.54 1.69 1.48* 1.74 1.73
=t | 0dB 1.86 1.98 1.55* 1.97 2.31
& | 5dB 2.20 2.22 1.57* 2.11* 2.59
| 10dB 2.56 2.33* 1.57* 2.14* 2.76
15dB 2.90 2.38* 1.55* 2.16* 2.82*%

()~ R T

{f DAE 2f8ACE I T A bR BRC E 1y #a T E 7 100,300,500, 1000, 3000
FiFE  MANATATIL - SsRaEELERSREERHY DAE W 2 54 RHse - RIbiEi
PRA B B e S LR BRI E . DAE - T FE sy B iy — -

[ = B P 53 1) B S [Elh4E T e . DAE {33 EE 10 dB B2 0 dB JIAERIATRE
HIR(LASR - WATREIECE B SR Ot E ¥ DAE SRErY & - (ERRE 1 &
HAE TR Ry 500 B > HIE 2 PESQ fHRvfes » JREIA S EATRE T 58 R
AE o B IIHCOTBER ARSI PESQ (H > EHETTEE S ZE 3000 B -
DAE aE & 2 GREE - Hp RN ERIKHER A e BEGEER G
(overfitting) AURILHE -
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SNR=10dB

v

baseline 100 300 500 1000 3000

number of neurons in hidden layer

B = ~ = ENVHECLI SR SR B — e g e 500 {1 TRCE . DAE {EA [FI L
TLEEROE MHEEEE 10 dB HEAGERIEVRE S s baE R - BUE R PESQ 778 -

SNR=0dB

baseline 100 300 500 1000 3000

number of neurons in hidden layer

[0 ~ e EtUREEERN [ REE e — [ ek B 500 (1 TRCE 2 DAE FEA [ ik
TLEERCE N EERELE 0 dB EAEERIYEEZ R (baE R - BUE R PESQ 41EL -

(=) ~ FEE

HAHE S AT & A S B DAE SEERTRE  [B/g R E R 1 £ 6 -

W[E B TR AACE  FAMEIE (8 A = LR ReB e A A [F]
el <[ DAE s/l SREEkl > [ERF T Ay B R EE Fy 500 - HATERAEEL 10 dB il
5 dB AV IR B BRas S ] T B SRR o

E T T U ZE ] S EREEEE 10 dB AHIERGER] - SRayss R 2 IR IS
JE e E Ry 1R > [F]IF DAE YA RE & e & 2 el B i e - A=
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FERE7N - BIFREGREEE 5 dB BYREAGER! > PR @ % 1 £ 3 7Y DAE - HAUHEHD
TR > AERS R G B IIE] 4 £ 6 B A R - IERAVER FTRE AR B IR
{1 DAE {2 FHRVERENKE (activation function) fy sigmoid ~ Foffgy et — P& h
4 o N ECPERER I E - (8 % By B A S R = i Eh e AE

H e bE & bt iy s - e 245 -

FEEARER - TV EERGE RIS - —(EHENEE (shallow) HY DAE #EALLAE
DAE B4FHVRTAE - I — &R AT e S EBasi R 1215 EHERES - B
ANEAM o] ASE PG T AR . DAE ZE 8 5T 4P AYaE & R LARRE -

SNR=10dB
2.66
2.63 2.63
2.61
2.59
2.56
2.48
baseline 1 2 3 4 5 6

number of hidden layers

BT~ EEfREEEEI SRR 500 (B O ThCE Z DAE fEA[FIFRE A ERE ~
HIRHELE 10 dB HEAGERIVRE SR baE R - BUE R PESQ 778 -

SNR=0dB
2.25 2.26 2.27 2.24 2.24 2.16
1.86
baseline 1 2 3 4 5 6

number of hidden layers

E
>

» EaEEEFISREE R 500 (E i TTRCE 2 DAE fEA [FIRE5R A ERE T
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HIERFEEL 0 dB EEERIAVRE S SR BEER  BUE R PESQ 704 -

i~ S

fEER S o FFIBRET T TR B Bi4RtSes(DAEMER FECEMHAA T » HifE
s LHYSRE - P38 St UREEE )| SR EE s B A T URE LR SREE SR EL > P ERY
DAE fe¥#e DA S R ENREERERIR - HIh FlS iR ISREE 225 2 DAE
A BA/ VRN BRSO EEET ] Rt EE R K -
FEARRIN TAE L B TR E RN EE S A 0 L3 MR AR - B
EAUCHCHS - SRRy DAE BB IRE A 4RI [FIRHESET H AL DAE 2068
FCE SR R LRI & > PN FEIRVREIR L ~ A FERVREEREEE -
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FI R B SRS et < 8k 5 BB 245
A Replay Spoofing Detection System Based on

Discriminative Autoencoders

OB Yu-Ding Lu 5 Yu Tsao
rh LS e & R AT RHR A 9T 0
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Academia Sinica
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i

FEREESC > Fefiett T — R B Gribits s oy s -0 - Bi5E
PSR 3 (B B AT T B EH N st 2 e s S P R SR I B &
WA BN E TN B BBk E PR AR HY A - FERE & Pl T - DA
N BRI IS RARE B R R THI I R 2 R I % ( Spoofing Attack ) ©
AN AR A AT A ) = ME ISR 5 e B AH A TR - TR IS RS
FARREAE AR FE A RTRE . - fERTie b AV A\ B SRt RRas e A op > BefIA RIS
RUH ] g AR 22 SR Ui E Y H 7Y > 6 H A2 HRr VIR e &L - (15 T R AR
RHIR BRI BESCAE IR B INIEHr R Bk B el i 1 N HTERR -

& A A A ERpZ AU AR T BT I A R L S B 0y AR B 15 B A4

B o FAfIERFH 2017 Automatic Speaker Verification Spoofing and Countermeasures
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Challenge (ASVspoof-2017) A (I ERIEAET TR - FrizHiiy SsnfefEse 8
B LSS TARGFAYRIE > BB TR MR TAIGU AL - HAEMEEATR 42 %

AUAHST DR -

5

BRI T - sEE PR SEEVREE - [N > SR B GRbB SRS - S
FEHAL 4R
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PRI EFBO 2 R M AT

Exploring Readability Analysis on Multi-Domain Texts

MEqs  Hou-Chiang Tseng, [HfH#t Berlin Chen
BRIV -GN LS
Department of Computer Science and Information Engineering
National Taiwan Normal University

ouartz99@agmail.com, berlin@ntnu.edu.tw

KHEEZE  Yao-Ting Sung
BRI 17 =B R R B B B R 2Py
Department of Educational Psychology and Counseling
National Taiwan Normal University
sungtc@ntnu.edu.tw

RS

AT 584 (Readability) 245 RSB R RE S 38 2 PTERAEAVAZ E[1],[2).[31.[4] - EsEE RS
FTRE MY SRR - i AR PR AR S ERAR DR B UR[2],[3] © HA SCARHY mT S I A T
BRy B Ry E Y A RIEPE TRV AR M A S R HIFRE 5], [6] - 28T IS Lo fdas
YRS MERHFE R 22 (i R B YRE S RO S FEA MEAY TEE E A 2 BB A e AR
AFEES - Graesser ~ Singer {1 Trabasso {45 » {F47E S FrE A A S B AT H
HRER » XOREERREE NS UERREE S RE A5 8B IELT -
Collins-Thompson 75 HiE4T rT B ME A U Z B E SRV FRIBE R » 1 RIS S R B
PRIEFHE - B MR A AT A S TSR R MRV A SR 2 P 5E8] - HFISH »
ATEEMEABZEA R E R BT - BFC AN B R T e AR F 4R TR M A CAY BREL - B oI A SE A
M e 22 B A AR S R I AR MR TR MR » WA A BT 2 e v B M HE A A L (IR
BOURRYATREME - DURT T TR AR A TREE9],[101,[11] - ZAT AT TEHYE - iR N B3R
PR — el = R AT R M A BT e F AR B IO - — A sE S R Il A H ol 52
TEAREEIEHCOARR B 1% T AR AVE TR - NI FMG A 228 L8R E RIS AR S 1S
T2 Y BB IS % U R EORHUA L — A EE SR 12][13] - (o8 T sl A Y A DLIE R P
i B SEIBCCORRT AT » H_EARAVRAZE AT AL Rl 5 —ReE SR EE RS R e
SOUORHY RIS FTa s THY L% R (Document Representation) sz it » £ A LAZCHR 75 2]
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FEER AT BT I M - AT A FTRE 852 (Representation Learning)
AR DL E B A E R A HUE AR LU IO R BN BEA B R
RIS SRAITEN[14] - EEREBIFr AR AR BT LB A TR MBS 2 > BhBERL 7 55—
(ERFFEHY T A o R > ASBIFFEES 2 4T AF AR BT HY G A 1 4L 48 % (Convolutional Neural
Network, CNN)[15]=HRE A (festText) [16] A [BIAY R RSB EAK H Bl AR
sl R HH —(ERES I TS SRS R AT RE MR A » B Badt RN AR A B (B A RE
AR RS IR W AR A A PSS SRR [ EIE A R 22 B - FEARZRHIITE S - Ab et
RFRE A AT $E S A [ A AR A G pR A AL Y (BB AR (e (58 m] BB P AL TRORI B e
st B A A ARV IS AR B -

it - EEME - SRR SRR - RoREER > PRECOR

W
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REAGEGRCER - MEMEHERERE NNIME - NNIME 2R TR R
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HEERSE > E(EEEEN TR CU AT E R » IR IR e RS - S
FLASE R RITE -

Abstract

This paper tried to amplify a sense of emotion toward drama. Using Long Short-Term
Memory Recurrent Neural Network to model and predict dynamic emotion(Arousal and
Valence) recognition. After building model, we transplant whole framework and take
results from it on visualizing. We have two demo version: RGB version and Vignette
version. RGB version isto modulate the RGB value of frame in video. The Vignette one is to
add the vignette effect. Both version all are to amplify a sense of emotion toward drama.
Let people have more fun during watching videos. The database we used is NNIME (The
NTHU-NTUA Chinese Interactive Multimodal Emotion Corpus) [1]. NNIME is a newly-
collected multimodal corpus. This database includes recordings of 44 subjects engaged in
spontaneous dyadic spoken interaction. The length of data is about 11 hours containing
audio, video and electrocardiogram. The database is also completed with a rich set of
emotion annotations on continuous-in-time annotation by four annotators. This carefully-
engineered data collection and annotation processes provide us to create amplify
framework.

Keywords: Affective computing, emotion recognition, Long Short-Term Memory, Recurrent
Neural Network

1. Introduction

Emotion is a core fundamental internal attribute of humans that governs our behaviors and
decision-makings. There has already been a tremendous research effort in modeling humans
using a variety of measurable signals, which aims at enabling machines to sense emotional
states automatically [2, 3].
One key components in advancing such research is the availability of databases for researchers

to develop robust recognition algorithms and carry out meaningful analyses. Human interaction
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often involves complex processes of communicative goals and emotional behaviors, which not
only are expressed verbally and nonverbally but also are reflected in the inner responses of
humans [4].

We want to use the NNIME database to study the emotion behavior (such as arousal and
valence state) in small duration (like in real time), and to augment a sense of emotional feeling
with visual demonstration.

After all of this, we just wonder how the emotion application can be. Therefore, we think of
the amplification of the emotion in video. There are a lot of video that you would feel awkward
watching it because of its boring and no effect. Moreover, we want to amplify the context in

the video to make the video better.
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2. Dataset Description
2.1 NNIME-Emotion Corpus

The increasing availability of large-scale emotion corpus with advancement in emotion
recognition algorithms have enabled the emergence of next-generation human-machine
interfaces. The database is a result of the collaborative work between engineers and drama
experts. This database includes recordings of 44 subjects engaged in spontaneous dyadic
spoken interactions.
The multimodal data includes approximately 11-hour worth of audio, video, and
electrocardiogram data recorded continuously and synchronously. The database is also
completed with a rich set of emotion annotations of discrete and continuous-in-time annotation
from a total of 49 annotators per subject.
The emotion annotation further includes a diverse perspectives: peer-report, director-report,
self-report, and observer-report. This carefully-engineered data collection and annotation
processes provide an additional valuable resource to quantify and investigate various aspects
of affective phenomenon and human communication. To our best knowledge, the NNIME is
one of the few large-scale Chinese affective dyadic inter-action database that have been

systematic-ally collected, organized, and to be publicly released to the research community.

Figure 1. It depicts an actual snapshot of two different recording sessions extracted from the stage front-

facing video camcorder (left and right). The middle depicts the camera setup in relation to the stage
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2.1 Post-Processing

Each audio file corresponds to data collected from one of the micro-phones for each
session. We manually segmented all audio files (two in every session with each lasted
approximately 3 minutes long) into utterances. This resulted in a total of 6701 utterances.
Further, we marked each utterance as speech, laugh, sigh, sobbing, or dience background noise
in order to enable further studies in understanding the role of non-verbal vocalization in

affective interactions. We also manually completed the transcripts for all of the sessions.

3. Methodology &Experiment setup
To increase more visual effect on video, we train audio and lexical LSTM model together.
Hope that higher accuracy improved through text feature if we can get video transcript in the

future.

Learning
from
sentence

) s
Al b 4 144"'2

‘ Integrate to session prediction(mean)
p’
Figure 2. Sample Caption of Audio Frame Work

3.1 Audio

We use OpenSmile [5] to extract 45 LLDs(pitch ~ intensity ~ Mfcc(s) and their delta and
delta delta) in the audio feature. Due to the difference of each sentence length, splitting sentence
to the same step size is essential, so we first need to select a good step size to get more better
emotion expression. Accordingly, a complete sentence may be split into a lot of frames, each
frame representing a chunk of voice with the same step size. By this way, machine can see

more detail in audio, also learn more large of amount of data. And we take sentence label being
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frame ground truth.

B fasiText
3 4 2 b Facebook

—= Word2Vec m
| DOC | Ex. T, B, B, 0K, 13 0 LinearSVR

e LSTM

Inanity

Figure 3. Sample Caption of Text Frame Work

3.2 Text

In Chinese, if we want to make machine understand the meaning in the context, a good
word segmentation is necessary. In our project, we use CKIP[6] developed by Sinica to do that.
For the first step of sentence segmentation, two algorithms are adopted.
The first one is “jieba”, which we have used in the course. We simply change its dictionary to
traditional Chinese and call its API for segmentation. The second one is the segmenter from
the Lab of the instructor; for the convenience, we call it JJ here. Since we call this segmenter
with requests function and it need to implement through Internet, it runs a little lower than jieba.
In addition, according to the results, jieba runs better than JJ. To my observation, it may due to
the fact that JJ sometimes segments a Chinese vocabulary into several individual characters. In
this segmentation approach, it might not be able to show the meanings in this sentence as a
character may have different meanings when it meets other characters. As a consequence, jieba
is eventually chosen to perform for segmentation before feature
transformation.
Word representation is a difficult issue in Al field, because it has the more complicate structure
compared to that more intuitive and lower level behavior signal like audio, and it needs more
higher level Cognit-ive ability to learn text for machine, this field

is often called semantic analysis. For past few years, rapid development in Deep learning has
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a major breakthrough in word embedding.

Word2vec is a word embedding method developed by Tomas Mikolov Google[7], it can maps
words into high dimension semantic space so that form more compact relation between word
and word. After using Facebook FastText[8] to train Word2vec, we generate size 300 word

vector and adopt the same method in the audio to split word to the same step size.

3.3 Model
3.3.1 SVR

Support vector regression is used to predict the final results. We can get approximately
30 to 40 percentage of correlation or sometimes even 70 percentage of correlation in the better
situation without fine-tuning. Furthermore, for the purpose of making the result better, we have
once performed feature selection. Nevertheless, perhaps the feature are tuned the best in fast-
text, we found that using all features can perform better than simply using merely some part.
Eventually, we have consider to use other data mining algorithms such as binary tree... etc. in

the future works to show the advantage of our main purpose of LSTM-RNN.

3.3.2 LSTM-RNN
By RNNLM[8], we train two LSTM model for audio and text re spectively, the structure
showed in figure 2, and parameter showed below, integrate the prediction of activation and

valence of each frame to sentence by mean.
LSTM model

L

LSTM dropout 0.2
""" Fully
layer

Figure 4. Sample Caption of LSTM Model

LSTM dropout 0.2 > RNN layer
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Audio parameter Text parameter

Node:453525101 Node : 300 200 100 50 1

Epoch : 20 Epoch : 30
Optimizer : Adam Optimizer : Adam
Learning rate : 0.001 Learning rate : 0.001
Batch size : 200 Batch size : 50

Cost func. : MSE Cost func. : MSE

Table 1. LSTM Model Parameters

3.4 The processing of the visualized effect
Our purpose is to enhance the feeling while the audience are watching the video, including
audio, video and some other feelings. So we make some visualizing effect onto the video for

example. In the future, we could make some more audio effects onto it.

3.4.1 RGM Version

Here we make two versions of the effect. One is RGB version, and the other is Vignette
version. RGB version is to change the RGB value according to the value of VValence and Arousal.
As the Valence and Arousal increase, the Red and blue elements would enhance in the video
accordingly. Two bars are placed at the left-most position of the video. The upper bar shows
the value of arousal, and the lower one shows the value of valence. The two bars can make
people more convenient to observe the two values.
Moreover, we make the observation much simpler and we also filter the video through a color
filter. The higher the arousal is, the higher the red value of RGB will be given. As to the valence,
but it operates on the blue value. The green value does not change for maintain the original
image. As a consequently, theoretically, when the arousal gets higher, the tone of the frame
color tends to be orange. In additions, the frame tone tends to be blue, when the valence gets
higher.
However, in practical, with the mutual influence of the three colors, it tends to be green when

red is higher than blue, and be blue when blue is higher than red. Besides, it is predictable,
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when the two values are both high, the lightness will become higher. Considering that it is not
obvious of the color change, we decide to modify the influence of the two values. Fortunately,
for the analysis of the value distribution, almost values are distributed at the range between 0.4
to 0.8. We raise the impact on the values between 0.4 to 0.8, and reduce the influence on the
values out of this range. The adjustment makes it more apparent on visualization that people

can observe the change of the two values simply.

IRRAR A RIS S R M A 3

Figure 5. Sad atmosphere

Figure 6. Angry atmosphere

3.4.2. Vignette Version

Vignette version is to change the parameter of the Vignette filter. As the Valence
increases, the bright area of the Vignette would expand to make the frame look brighter. As for
the value of Arousal is more than 5, we make a twinkling effect, which would make the video
switching between the black-and-white frame and the colorful frame. The implement of
Vignette filter is making two dimensional Gaussian distribution. By adjusting the mean and
variance of x-axis and y-axis we could make the central spot light effect with different size of
bright area. While the value of valence is higher, we let the variance of the distribution increase

to make the bright area larger. Which is as shown below



Figure 7. Example of Vignette

Figure 8. Example of Vignette

4. Result and analysis

The final result is showed in below audio result is better than baseline about 0.11 in
activation and 0.04 in valence, but text is much worse. We think that maybe when training
Word2vec which need to join more emotion corpus to improve model performance or this
database is not appropriate for text LSTM model. Therefore, in the future, we may do some
improvement in our algorithm or collect more corpus. First of all, we can combine word feature
with audio feature generated from LSTM middle layer by more advanced algorithm. Secondly,
by using python crawler to collect a large amount of corpus about psychology or drama. Finally,
we can introduce more complicated algorithm like bidirectional RNN to try to capture more

time series information in text and audio.
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Activation | Valence
Baseline(Audio) | 0.32 0.09
Audio 0.43 0.13
Baseline(Text) | 0.43 0.32
Text 0.1 0.04

Table 2. Result of LSTM Model

5. Conclusion

We probably know that it’s almost impossible to manifest without emotions. Emotions
give passion to your thoughts, making them “loud” enough to leave an impression. Some
people however have trouble adding emotion — it either isn’t very strong, or there’s no emotion
at all. Therefore, we want to amplify emotions on movie scenes by “Fisheye effect” or “color
filters”. Not only enhancing emotion experience but also providing directly emotional clues for
people who have trouble sensing emotions. However, our model doesn’t perform well. Audio
LSTM-RNN model only increases 11% (0.32 to 0.43) on activation evaluation and 4 % (0.09
to 0.13) on valence evaluation than SVR model. Text is not better than SVR model, and it
might be caused by too small Chinese sentence data. We will do more effort on Chinese
emotion recognition, and hoping we can do the robust model and finding interesting knowledge

about emotions in the future.
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Abstract

In recent years, community-based question and answer (CQA) sites have grown rapidly in num-
ber and size. These sites represent a valuable source of online knowledge; however, they often
suffer from the problem of duplicate questions. The task of question retrieval (QR) aims to find
previously answered semantically similar questions in CQA archives. Nevertheless, synony-
mous lexical variations pose a big challenge for question retrieval. Some QR approaches ad-
dress this issue by calculating the probability of correlation between new questions and archived
questions. Much recent research has also focused on surface string similarity among questions.
In this paper, we propose a method that first builds a continuous bag-of-words (CBoW) model
with data from Asus’s Republic of Gamers (ROG) forum and then determines the similarity
between a given new question and the Q&As in our database. Unlike most other methods, we
calculate the similarity between the given question and the archived questions and descriptions
separately with two different features. In addition, we factor user reputation into our ranking
model. Our experimental results on the ROG forum dataset show that our CBoW model with

reputation features outperforms other top methods.

Keywords: question retrieval, QR, community-based question and answer, CQA
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Abstract. Valence shifters are complex linguistic structures that can modify the sentiment orientations of
texts. In this paper, the authors concentrate on the study of shifters in Vietnamese texts and a discussion on
the distribution of different types of shifters in the hotel reviews is presented. Finally, an approach for

extracting the contextual valance shifters is proposed.

Keywords: valance shifters, polarity shifters, sentiment shifter, Vietnamese shifters, sentiment analysis

for Vietnamese, valance shifters of Vietnamese

1. Introduction

Sentiment analysis assumes the task of identifying positive, negative, and neutral thoughts as well as
emotional and subjective attitudes of the holder to the target audience, such as products, persons, or topics.
Sentiment analysis is emerging as a research field attracting the scientific community. This includes the
construction of emotional lexicons as a basis for other sentiment analysis problems at the document level,
sentence level, and aspect level. This work can be done in many ways, with the simplest approach being to
manually decide the polarities of sentiment words, and then to have a way of identifying the sentiment for
each sentence or for the whole document based on the sentiment values of the words. However, this approach
is not appropriate for subjectivity analysis because the sentiment values may be changed in context by the
so-called valence shifters [1]. Valence shifters (or “polarity shifters”, “sentiment shifter””) are words (or
phrases) that can change the sentiment orientations of texts. They are complex linguistic structures that may

include explicit negations, contrasts, intensifiers, and diminishers, etc. [2].

In this paper, the authors present some approaches for contextual valence shifting detection of a Vietnamese
sentiment analysis problem. We focus on rule-based methods that may be suitable for the complexity of the

linguistic characteristics of Vietnamese.
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With this paper, the authors describe the research contributions:

- Identifying many situations that cause valence shifters in Vietnamese texts.

- Proposing an approach to deal with the problem of valence shifters of Vietnamese texts.

To the best of our knowledge, this is the first work to investigate valence shifters in Vietnamese texts.

The authors have organized the rest of this paper as follows: in Section 2 the related work is presented. In
Section 3 the valence shifters for Vietnamese are introduced. In Section 4 the authors conclude the paper and

discuss possibilities for future work.

2. Related Work

The rise of the “contextual valence shifters” phenomenon has made traditional methods become ineffective
when used to extract individual terms that indicate prior positive or negative polarity and build a set of
emotional words. The fact that the valence of a word/phrase may be modified by one or more words founds
the basis of the so-called “contextual valence shifters”. These shifters were categorized into several types
by the authors in [1], some of them are Negators, Intensifiers, Modals and conditional words,

Presuppositional items, and Connectors.

Rule-based methods

SO-CAL [2], an early publication, deals with valence shifters by pattern rules. The authors created a set of
emotional words annotated with their semantic orientation and then used the Mechanical Turk to check the

consistence and reliability of the method.

The authors in [3,4] adopted dependency grammar to develop some syntastic rules for determining the

scope of each negator as well as other shifters.

Machine learning, data mining, and deep learning approaches

Early sentiment classification work did not pay attention enough to the effect of negators and other shifters,
as the authors only used a bag-of-words and n-grams. This meant that two reviews such as “I like this hotel”

and “T don’t like this hotel” would be classify to the same emotional category since both contain one
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sentiment word “like”, although the first one shows a positive sentiment while the second shows a negative

sentiment.

Recently, some remarkable works have adopted machine learning, data mining, or deep learning to
successfully consider these problems. In [5], a semi-automatic approach based on sequence mining was
proposed to extract valence shifter patterns that inverted, attenuated, or canceled polarity. This approach

covered many valence shifter patterns and reduced the cost of human annotating.

The authors in [6] used a hybrid approach to deal with the valence shifting problem. At first, a rule-based
method was designed to detect shifters. These shifters were then used to train a component classifier of an
ensemble method. Along with this, another component classifier was trained on the processed reviews,
where the negators were removed and an antonym dictionary (which was built by adopting a weighted log-

likelihood ratio algorithm took place of the negators.
3. VALENCE SHIFTERS OF VIETNAMESE TEXTS

Tien et al. [7] developed VietSentiWordNet, which contains approximately 1,000 lexicons. Hong et al. [8]
built Vietnamese sentiment lexicons for product domains. Son et al. [9] built a Vietnamese emotional
dictionary with five sub-dictionaries (noun, verb, adjective, adverb, and proposed features). In those, each
lexicon is inherently carrying a sentiment polarity that is positive, negative, or neutral. As mentioned in the
above section, these polarities may be shifted by the context of the texts. In this section, the authors identify

many valence shifter situations in Vietnamese texts and propose some approaches to settle these problems.

Based on Vietnamese language characteristics, the authors realized five kinds of shifters, and these were

Modifier (or Negator), Intensifier, Booster, Diminisher, and Minimizer [10,11].

For the corpus, 14,460 hotel reviews were extracted from mytour.vn. There were 3,829,253 words. The
“AntConc” software [12] was destined to perform the corpus linguistics research and produced a model of

the distribution of different types of valance shifters.
3.1 Valence shifting situations in Vietnamese texts
Modifier

A Modifier (or Negator) is the most common kind of valence shifter. For example, in the sentence “C6 ay

khong thich cai laptop nay” (“She doesn 't like this laptop. ), the negator “khong” joesn’t FeVerses the valance
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of the sentiment word “thich” jike. We can list some other forms of Modifiers, such as “khéng” gon't, “chd”
not, “ching” no, and “ching bao gio™ never, etc. Table | presents the Modifiers that occurred in the corpus very
often, the maximum number of occurrences was for the word “khong” with 9,778 from a total of 3,829,253
words in the corpus.

TABLE I. STATISTICS OVER THE MODIFIER FREQUENCY IN THE HOTEL REVIEWS CORPUS.

Shifters Occurrences in the corpus
khong Na. of Hits = 9778
don’t/doesn’t File Length (in chars) = 3829253
chang no No. of Hits = 260
Ll | File Length (in chars) = 3829253

cha not No. of Hits = 7
File Length {in chars) = 3829253

Diminisher and Minimizer

The sentiment words (or phrases) will decrease their sentiment strength when occurring with a Diminisher
or Minimizer. For example, the valence of the sentence “Cd 4y hoc kha cham chi” (“She studies rather
hard.”) is lesser than the valence of the sentence “C6 4y hoc cham chi” (“She studies hard.”). Some
Diminisher/Minimizer words are “kha” rather, “h0i” quite, and “phan ndo” somewtat, €tC. Table 11 presents the
Diminishers or Minimizers that occurred in the corpus, the maximum is reached by the word “kha” rather

with 5,977 occurrences from a total of 3,829,253 words in the corpus.

TABLE Il. STATISTICS OVER THE DIMINISHER OR MINIMIZER FREQUENCY IN THE HOTEL
REVIEWS CORPUS.

Shifters Occurrences in the corpus

kha rather Mo. of Hits = 3877

File Length (in chars) = 3829253
hoi quite No. of Hits = 2464

File Length (in chars) = 3829253

phan nao No. of Hits = &
somewhat File Length (in chars) = 3825253

Intensifier and Booster



The sentiment words (or phrases) will increase their sentiment strength when they occur with an Intensifier
or Booster. For example, the valence of the sentence “C6 4y hoc rit cham chi” (“She studies very hard.”)
is greater than valence of the sentence “C6 ay hoc chdm chi” (“She studies hard.”). Some Intensifiers/
Boosters are “rat” very, “cuC Ky extremely, and “vd ciing” exceedingly, €tc. Table 111 presents the Intensifiers or
Boosters that occur in the corpus, the maximum is reached by the word “rat” very With 8,373 occurrences

from a total of 3,829,253 words in the corpus.

TABLE Ill. STATISTICS OVER THE INTENSIFIER AND BOOSTER FREQUENCY IN THE HOTEL
REVIEWS CORPUS.

Shifters Occurrences in the corpus
rat very Mo, of Hits = 8373

File Length (in chars) = 3829253
cucC k}" extremely Mo. of Hits = 40

File Length (in chars) = 3829253
vb cung Mo. of Hits = 145
exceedingly File Length (in chars) = 3829253

Connectors

Connectors, such as “mac du” aihough, “tuy nhi€n” nhowever, and “nhung” ny, etc., can both modify information
and work on information elsewhere in the sentence to decrease the force of that information. For example,
the valence of the phrase “C6 ta thi xinh nhung khong t6t” (“She is pretty but is not kind.”) is equal to the
valence of the phrase “nhung khong tot” (“is not kind ). Table IV presents the Connectors that occur in the
corpus, the maximum is reached by the word “nhung” nu With 3,728 occurrences from a total of 3,829,253

words in the corpus.

TABLE IV. STATISTICS OVER THE CONNECTOR FREQUENCY IN THE HOTEL REVIEWS
CORPUS.

Shifters Occurrences in the corpus

mac du aithough No. of Hits = 193

File Length (in chars) = 3829253
tuy nhién Mo. of Hits = 1450
however File Length (in chars) = 3829253
nhung put Mo. of Hits = 3728

File Length (in chars) = 3828253
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Cause-Effect sentences

The valance of a cause-effect sentence is the valance of the effect clause. For example, in the sentence “Vi
c0 4y cham chi nén c0 Ay thi dau.” (“She passed the exam because she studied hard.”), the valence of this
sentence is equal the valence of the clause “she studied hard”. Some cause-effect words are “vi...nén" pecause

... that, “vi...ma” because .. that, and “béi vi...ma” pecause ... that, €tC.
Conditional sentences

Conditional sentences often do not contain emotion. We cannot determine the valance of these sentences
because of the “if-then” statement. For example, in the sentence “Néu laptop d6 ré thi ti s& mua mot cai”
(“If that laptop is cheap then I will buy it.”’), we do not know whether the laptop is “cheap” or not. Some

conditional words are “néu ... thi” it men, “h& ... thi” it then, and “gid Su ... thi” it then, €IC.
Questions

Questions also do not contain emotion because we cannot determine the polarities of the words in the texts.
For example, in the question “Laptop d6 cé ok khong?” (“Is that laptop ok?”’), we do not know whether
the laptop is “ok” or not.

3.2 Approach to deal with contextual valance shifters in Vietnamese texts

We can capture the above situations by using some rule-based methods built on the presence of many
predefined patterns. In [13], we proposed an approach for mining features and opinion words based on an
upgraded double propagation algorithm [14], some regular expression rules and ontologies. However, as
mentioned in [10,11], there are several exceptions based on the linguistics characteristics of Vietnamese.
For example, the kind of adjective that goes along with negators or the position between the shifters and

adjectives (or verbs), etc.

Moreover, we also pay attention to some special words/phases that can modify the valence of Vietnamese

texts, as follows:
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e Example 1: “Khach san ay da timg duoc ua chudng” (“This hotel used to be popular.”). In this
review, the word “ua chudng” popular ShOWS a positive emotion, but the whole sentence shows a
negative emotion because of the word “da tirng” used to be-

e Example 2: “Hotel 4y méi nhin c6 vé t6t” (“At first glance, this hotel seems to be good.”). In this
example, the word “t5t” goa ShOWs a positive emotion but the whole sentence does not show a

positive emotion because of the phrase “mdi nhin” at first glance-

After capturing the words/phrases that are the valence shifters in texts, we can identify their sentiment
scores in the same way as the authors in [10,11] have done.

4. Conclusions

This paper presented valence shifters in the Vietnamese language and proposed some approaches to deal
with this problem. In the paper, a discussion of the distribution of different types of shifters was conducted
using hotel reviews. Based on this, and via investigating the linguistic characteristics of Vietnamese, the
authors intend to build effective rules for extracting reliable shifters. In future work, the proposed rules will
be actualized and machine learning or deep learning methods will be adopted. This will help the system
become more flexible and robust.
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Kernel number 5 10 15
Recall 91.42% 90.38% 92.09%
False alarm 11.55% 9.78% 10.95%
Raw pitch 87.31% 86.48% 87.64%
Raw chroma 88.05% 87.42% 88.36%
Overall accuracy| 88.60% 88.68% 89.05%
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Without Viterbi With Viterbi
Recall 84.78% 85.44%
False alarm 15.11% 15.51%
Raw pitch 75.43% 76.40%
Raw chroma 77.03% 78.22%
Overall accuracy 78.55% 79.07%
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All pass HPF(1375Hz)
Recall 78.12% 75.82%
False alarm 29.14% 28.52%
Raw pitch 69.94% 62.12%
Raw chroma 73.32% 65.31%
Overall accuracy 70.25% 63.56%
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iKala Spectal | Temporal | Hybrid MIR-1K Spectral | Temporal | Hybird
Recall 84.78% | 75.82% |89.26% Recall 83.63% | 81.57% | 82.73%
False alarm |15.11% | 28.52% |18.94% False alarm | 21.31% | 26.76% | 16.14%
Raw pitch |75.43%| 62.12% |80.11% Raw pitch 68.81% | 67.87% | 72.23%
Raw chroma |77.03%| 65.31% |81.60% Raw chroma [ 72.16% | 71.71% | 75.38%
Overall Overall

78.55% | 63.56% |80.42% 71.70% | 69.44% | 75.64%

accuracy accuracy
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Algorithm|Proposed| HPSS |MCDNN|Melodia Algorithm|Proposed| HPSS |MCDNN|Melodia
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False False
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Raw Raw
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80.42% |78.28%|80.22% | 72.80% 75.64% [71.12%|71.22% | 69.61%
accuracy accuracy
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Abstract

To eliminate acoustic echo, the convergence rate and low residual echo are very important to
adaptive echo cancelers. Meanwhile, an affordable computational complexity has to be
considered as well. In this paper, we proposed the improved vector space adaptive filter
(IVAF)and Improved Vector-space Affine Projection Sign Algorithm (IVAPSA). The
proposed can be divided into two phases: offline and online. In the offline phase, IVAF
constructs a vector space to incorporate the prior knowledge of adaptive filter coefficients
from a wide range of different channel characteristics. Then, in the online phase, the [IVAF
combines the conventional APSA and IVAPSA algorithms, where IVAPSA computes the
filter coefficients based on the vector space obtained in the offline phase. By leveraging the
constructed vector space, the proposed IVAF is able to fast converge and achieve a better
echo return loss enhancement performance. Moreover, the computational complexity is less

than a comparable work.

[BASEGE ¢ BRI PR 24, n] MR o5, [ B 22 ) v MR v T a2 HELDE N
SR LA
Keywords: Acoustic echo cancellation, Adaptive Filter, Vector-space Adaptive Filter,

Machine Learning, Combined Algorithm, Affine Projection Sign Algorithm.
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W & & R LA PR g B Y PR SR > e B 8B = THREELAT FE & EHL (Information
Extraction ) #7ffgth ARBHEE 32 » AW 5T S 61 B i K HY R 1 {ffi 5 1 %2458 (BBS,
Bulletin Board System) "PTT , 1y " Food , hf#é et —& B B LREHC R & BEAHRE
EHETE BRI 775 R R AR AHUS S Ot 2R HEA] - A £ =
(&R ST - S8l 5T Ry B BERH R &N - 7248 PTT Crawler fifH{ PTT Food Hi FHYSCE

TR AR ER » S HH BR #8 5~ B B Ay 05 SRR AR & S R > DR IER R E R
(Regular Expression) $EEVA ST ELSHEEEZTE ~ BEah ~ bl & URL & - 55 349 R1
B SCEAEEE Ry B BRI (B ok ~ RS ~ SEURE)EIIERCIOR - FEiPkEE 10,000
FIEEER RS HTERERET AT mgHEER WIDM Bisifsis
L T FE%E (Conditional Random Field, CRF) Fird#sny WIDM NER TOOL 47
B TR B A B B B B SR Y B e WAE B BsS SRAS A I LA A B B
HU AT SR A SRR ©

Abstract

In this study, we hope to develop a system to automatically extract restaurant type from the
FOOD board of PTT, the largest BBS web site in Taiwan. This paper is divided into three
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parts. The first part is pre-processing, where we crawl articles from the PTT FOOD board and
extract title -~ restaurant name - telephone - address and URL information via regular
expressions. The second part is restaurant type labeling from title data. We used WIDM NER
TOOL to train a model for restaurant type extraction. The last part of the article is experiment.
We randomly selected 10,000 titles for manual labeling and testing. We used the labeled data
for supervised learning and included unlabeled data for Semi-Supervised learning. Finally we

got a good result using this method in restaurant type extraction.
GeElfisE © f%23E8E > Tri-Training - Distant Learning @ @534 B He Mk
Keywords: Machine Learning, Tri-Training, Distant Learning, Named Entity Recognition

v S

TEE Sl R 4 4 o sy < H > 48ik% 8 E H KERNE R AT &
AR HEaBBEEHEE R AE A s ey E oy - R RS Y E aatam
Auh - EEAS . ERE A A AR IS SRR RVAR R 2 Sy M4 BE R B S B e »

RS SN B ENRE SRS VS - 1 B2 R 2 g o i e =EE
Fat A ES B PUEEZRBEIAZ  FHANZRAE0E & S AR A RO E
BRI PR EE B ST AY B MR EOM B SO R - B Rils &
AT LIS T &85 KB TS 24 (Bulletin Board System, BBS) " PTT &4 |
TERAFTHTE R @ FEatat i —EJ77ARE HENEH PTT FOOD ki AN 58
HISCENES - B R B PR A A B I T A IR BE A R & R AR
HYE RIS R ELA AR BRI 72 Y BLER S (Point of Interest, PO 24 & -

-~ HHBEAIWTTE

B T SR S AE R LB RS R LAY S - 2 U R E BT &R 1 an 4 B A
(Named Entity Recognition, NER)HIE N EHAZE= = (Natural Language Processing
NLP) f4EIS - FHALL Rule Based Extraction Methods 2 3= B2 /5 [a){H £ EER 1 5 A B
= o MHEsE%E (Machine Learning Based Method ) [1,2] 2 A T2 ER Y — (I 7 4B
HEEEEEHIBEZ I - HRTRZ 8 NER BYAHRAT ST )7 17 DL E U2 R AR
Z B FrIERC (Sequence Labeling) iy 7 sAREE TAIAAY » ESEA 7y Fy =R ¢ 55 —Md Ry
[ S F] AR (Hidden Markov Model, HMM) [3] 55 i g KA LM IS o] AR
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(Maximum-Entropy Markov Model, MEMM) [4] - B R {420 E v] 452 (Conditional
Markov Model, CMM) [5] - £ 1% —f& Rl & 6 f4F = fE 141k (Conditional Random Field,
CRF) -

RS (Semi-Supervised Learning) Ff BAVE BRI » H IR ZORIACER
2B EER - F BAYEE AR Self-Learning [6] - Semi-Supervised- Support -Vector
Machine (S*VM) [7] ~ Co-Training [8] ~ Tri-Training[9] %5 - BEiA FESE A EHNIRE T
W - WAA I B RS R E R B 2T BN EEREE [10] -

Co-Training F1 Tri-Training 7£/D &L E R RIS LR ESHE R - SR RN
Co-Training FYAHREAHT 222 Blum and Mitchell [8]F7F2H @ 10 Zhou[9] % A #& H
Tri-Training 7]%% & Co-Training HYIZ E > RIEIAV G FER Tri-Training {8 FH =& 1828
I H PSR (Moting) AR g L 4 (] i & o SRR TS sc i Y B ZE n (S FE T - 42
e RSB, SRS BRI ER U eSO R ERLUR
B R - ELEFBR AT 12 (B R EREA(T Tri-Training HYECE: » 25 /651
ORI 25%0T 0 B I - TRIGRZDRITRTER 20% - 40% ~ 60% - 80%EDRIE By
EFEECE R L ARG = [ RE R =AY /3 H8 s - FFER Tri-Training H FIER &R AR
B U BUSHIVER: - EEiVE RS L SR E sl aifial - milt 7= &
BRI (T E RN SRS 2 RE R IR -

Distant Supervision Learning =& #EE=E0FHAN (Heuristics Rule) FriEzscay/ Na&ERIE
/N RIEREE A SRR - 22431111 = - Chou S A[11FI I EAIHY 7,053 {E A 4452 ]
qEEE 67,104 (BT - @RI FIELEE A A RS DR BB TS
SO A% Pattern $ETHIIISRE R E - EEB4SR F-Measure m]7Z%] 0.8689 -

1]

s T EREE

ASH I E RN L R EER 7 - S5 —(EE S B B ~ itk ~ 5% ~ URL ~ 12
A EBE SR EAVER - nEE IR R UL 58 T E o Ry g BERAHEHL - Blanun
HE ~ FEAFIAE -

ACEHFEREDKE 1,000 S5 PTT RESC(A0fE 1) 48 N AR 4R e BRI & 7 S i S
fE ~ BEELTRAVEL G A E FERU TR & SR AN - 48333 - BEARAED 0 B SUAF
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FyE R > 15 H A2 R R PRAERRAY SCE - 55 = B0y B BEAH B & w L
BEER oy T E R H - LGN AR E R AT HUHRE R A - FEAORATER
IERF R UE THE AR RS 7o TR - T ik TS, T URL
DURe T SCEAERE | - PR/ VIR N SRR U IEMESRAE Dz &R - RERHY
HHEA = IR 2 L8

3.2 BEEHIHEL

HMestt "B ) IPUESE - ASOR T BB, ER R EAEIIE R H AN
T PR BRIy > A R T AT R BT I B B L BB
TR ~ SRR B0 TRy EEARE R S o Bk - FORAAE -

{BAE N TARRC A S A AR B R B RRT AR R rT R 5L - Pl S &
I = = 2 N S WY S35 2 ) = = w1 - R - = Sl e N
f Rt — R FRAFBER CKIP [12]% R & S Al sa IS sa 1 - DABTEal 45 SR E
A 3a A LA o Ry S ATH YRR - 1 ELAL B s M & S R R o3 i g B ] AR
(B ok~ A~ HE) ~ RSB ¢ 8l 2 KR BUETI S R (RS RE R Y
Al) Brdlak > Hopifg SR 2 e R 2 (A) 2itsm (N) AT Ak > i< e AL #AE (N)
FoE o HHEAERGILT -

® pikkss, + "EILERE ) HE(A) + SEEHE(N)
o THIER, + TEIER ) PINA) + SEEME(N)
o THIER, + &G EEN) + MEEEN)
o H—THIER, RN

RIEEAE N TAEEC B I 3R FTiE 48 CKIP B Eraass RELEEME(F i N TR Z 275 -
RS AR Ry T SRR — 0 0 SRR | > R T H U | TR - A A
A{E R BB 2% CKIP Eraagayss i " a0B(N) rRE(N) —(DET) #(Vt) H=
(A) ArAEEE(N) LA R RSB RRC R B B fy © H A ChIAERE -

3.3 RPN LAY

LLUNER BYAEARE - BFIAERRCCE TR SR a1 E e (Named Entity) - ££
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3.2 fjith - iR CKIP By ME SRIGRISCEREE A — eI > TRRIE RS ATRAYEE
EHAIRY > FERFREAS R AREEE - NEERMER WIDM NER Tool frigst 14
(ERF O EREE T ERG A ERATRAEE(RE 1-3) - DIRERRAS RIS - 1%
e (RIE 1-3) > HI LIS DURFTR - difiE2ER 1 -

LIE RERGHYAISREE R - A EREE AL - A RIsREa st & A (BT - B -
#R) - B REE ] B ARER RS (B B55) - (BRI 5 R g B
S - BT A e R A PR A - PR Rettn(Feature Mining) B 2434731 ekt
FHRFEEE S HI SR &R T ERSRTR T HE R B RGHIATTR SE » DATE Ry B B
HYRE #IE H (Dictionary Terms) o

7 1 FrduERE
ID S =5EH ~=E #ifol

1 Common Before_1 & RS RSRT T AVEE 1 M=K

2 Common Before_2 R E#GHI T HYEHA 2 FIL-AlIE- &8

3 Common Before_3 & RN E /AT THYEE 3 HHZAY -t R

4  Entity Prefix_1 % RERSIIFISG 1 AKX B 5

5 Entity Prefix_2 & HEARHIAISEE 2 H&- B #=H - B
6 Entity Prefix 3 & REMEIIAISR:S 3 FAF - MRS

7 Entity Suffix_1 7 RERNERE: 1 g5 -3 AK

8 Entity Suffix 2 ¥ HERRAYESE 2 R BRES KR

9 Entity Suffix_3 & RLEREAVESEE 3 HEE - 1ZEE

10 Common After_1 % RIAE % ITHIGE 1 E-BE-BE-=- 8

11 Common After 2 & RNE R4 7Y 2 KFE - BE

12 Common After_3 7 RINEREE TG 3 HEH|E - HFYE

13 English/ Number (7Bl SRR & 1 TA, ~ TF-15;

14 Symbol P25 i R L

HAFT o3 Bt E LI H HHERAY TR (Support) 5 BLR T E{EE (Confidence) ; /R H
SR E R P RINCE HAY J77% < LA Common Before R - Firal " Support , Ef5#IHA
Hirallgi& s B s Entity (CEEEXEAT)ATITHYZCEL - i Confidence EF My " HIFLR
Entity 71 770 E/e%TE B 7SI SR &R 48 3R -

RS T t—IH H R BRI R EE 65 K o (HR ARG AR R
7130 K - JREMEEIA H 1% 8% —(E Entity FYFER A5 50% ; B T kb IETH H #E2AIRAE
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BRI RRE A 15 K EAEJISRER 2 3R T 15 20 ERIEIE H R #E—
i) Entity HyBAEE 100% - FRELIHE H HIRAREEE D - BRI PR TH S
LEERAR R Entity - BT DUE 8 FIREUE RPREERR(T > B RIS EERERERASE
ERIIIRE -

R B trallsfEkt - (g2 1 iVt » Sist A A EHREEHLIE H (Dictionary
Terms)iy 3 T > DURGZIE HAISRED R BV A REL - iR S R (iR R mT et &
& H E 19 Support 2 Confidence {g - 7 HgrHIH H -

® By Support : /& Support FHARE/ NI » Fath Top n JHH
® By Confidence : /& Confidence (i AZ|/NIEFE » #iH Top n JEH

AHTZE(E ] BISEO ERCiA T HIMHR TR LRV L BAESE T B © BA4G B (Beginning) ~ 1
[ 1 (Intermediate) ~ 45/ E (End) ~ #818051 S (Single) DUS A& BEAIRIRTSE O -

AbHZE(E ) CRE 85 Y IEEECAVIEAL » Wik Taku Kudo ¢ CRF++ [14] T BRi& 52
FAFEH ) RE A B P 5 AR ST RE ( Sequence Labeling Problem ) » AR Ay E— {55
HEHENREC ( Label ) - HELFMIERA BISEO £Ea0iA 7 AR FFE TR AL B ATE
4y Byt BAgA B (Beginning) ~ tHfE | (Intermediate) ~ 455 E (End) ~ #& 17885 S (Single) DL
KAJEREREERIAVRSE O (Other) FIFEMR > #HFH25 NE 3 -

AT RARE T 5 WIDM EFEREF54) WIDM NER TOOL [13] ACEfE »
GEET RHBGERN ~ [BEOAF] - (IS0 - (S St]. SFO0ht - T R BP0
CRF++f BRI TA -
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o
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0~ BRI RE

AT A TAERCE R 10,000 &R (L) BoRIFaCHY 87,282 &k} (V) F Rk
BEETER 0 TEO R EEEY » FHEdRE)(Features Mining) ~ BEE =052 - FEIE
B = ([ 24y 0 DA 5-fold cross validation 5 58T A B ks -

BT BB 7S HD 10,000 TR B0l T TR IR F LU 2 38R EY
BEHTE B AV B2 - 55 Sy R TR SN E AR A (Basic Model) 25
K% PREEAEETERE > EE Q)L Basic Model FEHE - #EEcRFECER U
(Un-Labeled Data) #17 Tri-Training &% » FHDUHEIIA S U ZERUWYHTHII SR RHE 2578
ROREFEFHRZRE - DUR(FIF L o A TARRCHY B BEE AITE K C. A1 A% (Known Entities
a.k.a. Seeds) i f{cH H IR E H = T RHERF & # 1T Distant Learning &5 -

41 FHEERED

E4ELL 10,000 EEEECHVE R (L) 4k A HdLH 8,000 FEA1E Milllaki& ikt - 2000
E(ERMENER (5-Fold CV) - 1 By Confidence i By Support ®afe 5 7 AFTiEAYRL
BE 4BRLEIF (AT 4) - By Confidence £ HY Top 500 HYIEE HEFT{5HY F-Measure
#F(fyE 0.8645 » #75EE DL By Confidence Top 500 {F fy 5 HU g IE H (1Y 77 AE TR 4E

HhR -

The Performance with Different Dictionary Mining Methods

.98 12,808
10,800
0.85
w 8,000
5
a
m 0.80 6,800
[}
=
w 4,000
.75
2,ee0
o0 | limE _ | |
Top 5@ Top 100 Top 200 Top 300 Top 400 Top 500
==iConf. (Dict.) 1,694 1,815 1,952 2,258 2,632 2,729
E=mSupp. (Dict.) 718 1,415 4,627 6,228 8,614 18,183
—#—Conf.(F-Measure)  ©.8439 @.8409 ©.8496 9.8573 ©.8637 9.8645
~#@-Supp.(F-Measure)  ©.8469 @.8480 @.8130 0.8108 0.7918 0.7529

4 The Performance with Different Dictionary Mining Methods
42 EHTREH

SEREFHILERENE BRT% - LL By Confidence Top 500 5 10,000 ECAECER: (L)EHUEE
AYRFHIE H 1% - DL 5-Fold CV HyJ5 A ETE2E Hh 4 (Learning Curve) B » &5 RANNE 5 o

190



o Bl SR E R =22 8,000 =EHF F-Measure 1] 7 0.8645 -

Learning Curve of Basic Model

F-Measure
@
00
[ X3

0.72
2,000 4,000 6,000 8,000

~i-F-Measure 0.7542 9.8082 0.8262 0.8645
|Sentences |

5 Learning Curve of Basic Model
4.3.1 Tri-Training

il 4.2 iRV ESR - FRME PTT FOOD hRRUEERYARIERLERHU)IL 87,282 & » Al
Tri-Training &—[al& H U HEERES > B BATH EII4R5E RET NER BIRIEEEIE 2K
EEHEREZE A EMEEVE S Noise) » BEEREIGIIAE ZHIHHEIREREE %
AL o Roit p EEREIE 2 U TEEEE(E (Outliers) 2% » [NIH{ERF—ZKHY 5-Fold-CV 1
PEFMEST 5 RN Tri-Training M7 EVESEYS » $L8(T 5*5 = 25 2¢ Tri-Training » S F2400E 6

EAlaL 2ok (L)
10,000
Y Ti
5-Fold-CV l | ]
Testing Data Training Data
2,000 8,000

7y
| h‘
|

|

| )
| Tri-Training * 5 FELLER ()

| 82,437

| [

e ———

6 Tri-Training & &5 2 E

Tri-Training AYEE&ERAE 7 - (e EEREIEF 283 > Tri-Training ~FE {8 A BYEI14R
Bl 17,684 2 Basic Model Fl|gR &R &HY 2.2 % [ E 3215 F-Measure £y 0.8685 #; Basic
Model 1 0.8645 fl#2F} 0.0040 » &% FLEETHESA Tri-Training Sis: (ERIEREF - (Hizth
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ZF] Tri-Training {EREARY U ORGSR E AR S EEFF NER ZUBERY H Y

The Performance of Basic Model & Tri-Training

e.9% 20,000
e.88
2 = . 15,000
>
w
3] e.85
7]
s
w 10,000
©.83
9.80 _ . — 5,000
Basic Model Tri-Training
| Training Data| 8,000 17,684
={i=F-Measure ©.8645 @.8685

7 The Performance of Basic Model & Tri-Training

4.3.2 Distant Learning

FefPi1L Basic Model 553 > DL L Fif &1y 1,563 ([ Entities f 7 (Seeds) #Ef7pEsE
= Distant Learning 275 » #LUNIGALL Seeds HBIEETEORIE A TELLAYEIBREE R -
HhomiEa NE 8 Fw -

CUERECEDR (L) 10,000
FFRCEHE (U) 87,282

1,563 Seeds ffﬁﬁ;ﬁﬁﬁt? Distance Learning
__________________ g
5. r
5-fold CV : SR P 1 Bl §oe =t Ml
| 8,000 2,000 1 87.282 10,000
F
|
! I
! ]
1
I
: Hihig | LeliE
I

8 Distant Learning & k@i 12 &l

BLdtat e Seed HYHIEIKBOIL AR TR AR T RARAY 5 U AT T E] 9 - [
HUR 1,563 {[5 Seeds Ji> L &t T X8Ry 7,961 2K - (Ml 500 { Seed Y RFs IR KEL
ELEE 6,738 X > JREIAT 31.9% #Y Seed HHFRIE L 1 HHIFH I 84.6% > HILETUR
MR &S (AT REEAT) ATRT(E Seed HIRISERAH E REEHIRYERHFC -
IR EE AV ETTRHREFTEESRFRHY Seed HIRRBURAHIE - (RIFFFH S 2R
TEHBIE - R ERERMREEE RGN TSR - REBZEEHIAE Seed
HRGURERVZ - R PR B s R BB B 5281y Basic Model K Tri-Training

R TANRELLHL -

LI il
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Accumulated Occurrence with different |Seeds|
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HERE—(EE 8 L HL 8,000 FERRIISERE Z & DL Seeds FEECILAE Roalll SR &K} -
B 2,000 EERMEHAGUERHETT 5-Fold-CV Bl » HE4SRHL F-Measure 1Y F-51{H
RN A 10 - fesS R ] ARG ATAEY Seeds By a]fr 8,000 SEER G 5,958 S
B/ E&—{E Entity Y&k} (positive example) » A% ARAEED (7] Entity (9} (negative
example)7% > F-Measure % 0.8387 » Eil A T fZ20#E{T Basic Model EE#f455E 0.8645 7=
#5 0.0258; =] A Distant Learning iY77 =0HE( T H BEEC Y 4E 5 H R HE ARSI
A TS HAT] KIS & A TREESC AT R AR B IR R B A -

BEERHyEE EE oy BRI 4H A Seeds E¥f 87,282 AR E R (V) ETHBIES
&% LA positive examples {F SalllSRE ] > BEhaai R0 MEl 11 > H F-Measure 7£(E AT A
Seeds i A]ZE %] F-Measure 0.8702 » #H# \ TARZCAVEE R » SBEIS (IS0 - FHILE R A]
753 Distant Learning FEE0 A S5/l SREIRHIF - & 28 A S AT AYREE

Distance Learning Curve with different |Seeds| (|X|=8,000)
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10 Distance Learning Curve with different |Seeds| (]X|=8,000)

193



Distance Learning Curve with different |Seeds| (|X|=U)
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11 Distance Learning Curve with different |Seeds| (|X|=U)
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HEUSETRECAATEECHY Noise » #TFRZH RN EN AR EFILLR Seeds A& Noise iy
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iz Distant Learning Ry » &CA[ (AT P AVE R EGEIAEEZ R A RAYEEL - HREVE
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% & (Confidence Measure ) > j& Rk 7 G » & Atk ERFFFY > PER EI R
FRIRLEOEE B F L DR BEEAR S RS BB AR SRS F gt o
F Y - 7 385 &0 NER-setl 22— i % NER-set2 2. B 4% & b RI3RE AL & Bl
FREIIRLEESLERSAVRE ATTF I IRLER R F R EF RO T RS
Bom G BRI AT S FRLE T 14 NER-setl &2 NER-set2 ch3 & yinss
F (CER) R 448+ #7360 25%7 14.24% > B K 5 23.61% 13.24% - ¢k > FiE -
Fre® efFE TR 0 { 7% CERE %4 1 23.25%% 12.63% o

MU D L ERSEY BT RE RO RER  FAIHLL R
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1 @A

RIS EI TARRIE > LFAL S FTREFE S BES Uirr s

FEGETERSEHNEF NG R RS REARY S Bk TR FE AR

T (metadata) o 3R & P 3018 RIEHREHRZE D N F o N E A f._f%\iﬁ‘f'“* o ]
PAPFERERAGT D ALFRET 0 NTERIHS D BES ¥ oRipk
< E

GRE R FALT UG L S e EiER o T P £ RN C I I PR - s
2P BMaEIEERN IS A H I LA RS Y IR aRE B2 LA TR R
S E A EFHFRRHED OFIHESF RN RS SRR R T
WY BRBE PPN F AR R FTEY Y ORE 0

RRENRARKE D PFRAERIFIETHEBP LY FR AT - B A
WA AP F S ok @R E S Fia(Llarge Vocabulary Continuous Speech Recognition,
LVCSR)E » R A FIZ ABOE P &AM A ¥ 2 gL kol £ 8 A4E
BRedp R EZBARAT A FH TN RSP P a3 O 5 RER T T
£ 5w Zlenp #E S (spontaneous speech) 444 o

R PR LR i H A R E - LT :

ETIS
A
<
T
a5
&
1\
™
oy
yy

MBS R RERNA BN FEE T FEEC E Y 3R RV YIELEY S
B 2557 B0 o i i AL K T o £ L LR R S e F S
GRS R RN AT LS EE L RN S R ) Y
FRFRESC, PR ERAFTEAN OFAF TRk A FREZLANFEREY
R RS ””Arﬁﬁw*ﬁ%%i’ﬁ#%£&ﬁ+%’é{$4wﬁ%aﬁ%
PABERA RES T e BT RSt e p FHELTER B w kg Rk
— X R AE o
GH N R RE ) — SR enRgE '%ﬂ—\ £ 3 [10[2]7 3 frik o bl4cR] 1 o0 il 4o

FEE A A B G otk f5F 4 (reading speech) s 22z - fAFE 5%

REOET AT IIRLE A RH A BAL AR BT LS P F R
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FEFfRER- BER p#AL TRFT AL VYGERRE £ 3TVRITOE  FELEA]

Decoding

Unlabeled ) Automatic Speech 1 . Decode

. —» Retrain ASR
Data Recognition Labeled Data

Bl L1 A% AReid o 9GE 5 SRR B iR
He DB p @RI B R o d N I HF RER2TE T BRG]
PI* 4B 2 cn%EdE > H 4o - B &% (Confidence Measure) [3] 0 3-8 & BLiE 3 45

PR G 0 8 PR BT i

B b DGR -

. Selector
Decoding

Unlabeled Automatic Speech Confidence

Semi-supervised »  Retrain ASE
Data Recognition Measure

Training Data

B2 @ 4N F Y F5rRe g suriE
EF R oo By o AR A FRLE G J o R F A AT SRR -
BE AR B FEES €7 iEhY (speakingstyle) 7 7 fehRt 35 > F]
BEOkrBE o BERE A AET R T ARG P Bt BT S EES ETR

RRE L L RN T SHES AR IS T T SRS FUT RS

WM

RESH 22 - 33 5 EE (Quality Estimation » QE) » & 4B AHRisE L p
B B R G AR S AT (CER) - 37 R E SRS RS RSER S % - b

*OVHET AL R o SN e A ez f#ﬁr@ 3 51 o

Decoding Predict
Unlabeled Automatic .Speech Feame wlity
Data Recognition Extraction Estimator

> Speech Signal

Retrain ASR. <+ Semi-supervised
Training Data

Selector

B3 MARPIEEIIELE ,Jg»;t B39 20 2Tl A *#



2. BNRARTRELZLFNFH MM

TR R N ed AR RRE Y i e ¢ 48 (1) B R
BAlE (2) XEFSAEY DR

2.1 %33 S

~% < f1* Kaldi speech recognition toolkit[4]3 5 » & = &+ F F FRL h b ¢ 3
B RSB s R ROV F 2 R e B A i 3 15 [5] 2 &

B HET RAEREED L T RES o R AR 4 9 o

4

T wE P L e o

Acoustic Model (LSTM) Language Model

uuuuu LSTMs LSTHMs

N-gram/RNNLM

0
000000

v Phone Probabilities v

Speech
Features

——| Acoustic Modelling » WFST Decoding [— Text

Bl 4 f8+3F 5 7R 6 SLE R

211 BEH3

LSTM e 5% 8 — fE4#7% e RNN S 45[6] > 7 r2ze ik cnp s o #9905 § B
L B e (7R 0 U (gates) 0 @ B at gates ARl Bl R E e s R &
AR L L E B A A f o LSTM enB il 53 % Kb ok & BE4E 7 B AT > ﬁ*w
MR RP AR A He P > AP R AP I BERE 7Y 2
B~ P mAREAH > E 5400 ) PF o RITBER VA SRR R ) o
212, #37#3

FIHAUERLEPPRIBHPAEIN? An DRI RIFPIR E G T A ¥ Iep
oo K ALR * gE T Al A n i S ficd](n-gram language model) o H Fut 2 385 2t

Fi e Bl B PET i g e e BB erF e Bl E @ % ihie SR
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5 e 135 2 #073) (Recurrent Neural Network Language Model, RNNLM) [7] » A& #
A g * RNNLM & i‘a v T A R v o 1Y Ei%’ eI % BRI o
22, LLRAREVVR

Rimdamzd TR R Liileamiil gz £ 2 SRR R 7l 8

=
a
P
ey

|
She
g
=
9
=

Ed
o
4
=%

A
P
fet.
(ﬂd\

He 3 QE WAl BB A 1A M E e
Bl 5 LB 6 “rF o
1B AR BT S RN BER AR R 4R R R Y D
QE #3535 0l » TRl H FRads i > PEBFFRISHERE TX TR E Y VHGE
Ho e r B A PGER EATVREE R A PPLE RNV 2B RS 2 E L7
g 3 o Bt 4 - BATHIQE A NP BRSO CM FALPE S 2 > B9 QE
A ARG R 5 T R AN ERNEYIRA A - 3G I B F AR
ARG R aE sl AR EB BT R DY ¢ G 1R PR MRS
RS o - G KA BB R F AR F AR M B Sl WMELARBE Sl 0 E
PR FR IR ASA L S FREE 0 R DR ARUEL ) PR & Rl B R
MR L PR RS - B QE & IR

Calculate

Text —
= Error Rate

-

{* Hybrid Parameters
I

| | , |
—— |
Seed I

|
QE Model —» | Automatic Speech —r* Textual Parameters -:——I- QE

DNN Regression tramning

Training Data iti ! I
g Recognition : ! l
I
'I| » Signal Parameters '—_"—
N o—— P QE Error Rate
feature Predict Model

Ml 5 QF #2131
QB BRI gt 5 0 37 2L ik B 6 917 s AR > 1% QEHCA] - SR SGE A b
FEOAEEE o USRI 8 o 2 #\ﬁ}.;‘a g1k g )% FHEap ¢ i’“é’zﬁ & ;,lli;%;a PRI E ih

AL Y D R
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- -

7 A
: » Hybrid Parameters |
I — :
Seed ' |
| QE Error Rate
Unlabeled Data —* | Automatic Speech —I—F Textual Parameters — > Predict Model
Recognition :
I
I
I

I
I
I :
 Signal Parameters
\

- ————— =

Enhanced |
Acoustic Model Selector

Semi-supervised
Training Data

B6fl* QE r 7 EL EENF VI IGEHEH
221,  QE 'R $iifs-
A o AR fIF O3 B Fd kDR QE #-3I[8] 4ok 1TT 0 @ 7 = Mk
e B0 16 BREP-P ES AT S E 57 BRPP F 3 03 S 20 BAEPA GRS R
LA FRLE R R & Sl e

% 1 QE #3133 S 4

Signal(16) | Total segment duration (sec), Mean/Min/Max raw energy (dB), mean
MFCC(12).

Hybrid(20) | SNR, Mean/Min/Max word energy, Mean/Min/Max noise energy,
max word - min noise energy, No. of silences, ratio of silences and
words, words per second, silences per second, total duration of words,
total duration of silences, mean duration of words, mean duration of
silences, ratio of total duration silences and total duration words, Std
of word duration, Std of silence duration, total duration words - total
duration silences.

Textual(57) | Mean of the probability of each word, Sum of log probability of each
word, Perplexity in a sentence, probability of each phoneme.

222. QEHIAI»:
AR B I ER A SRR 2 R AR QE R R A LR Y- AERF T
Lo R R SRR o BT U R R R A o 4 0 $ I AR SR enZb AU R iy

4o Flm e 2B A e 4 o
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R SRR A R OERe F I BEBSN GRS K E B T w2
EHA T AT AR F BA G Relu o slicr v kR ATEE @
SRR A R B RPER T h Sl L RdE A 1R B denE 04 & QF
TRl ess 5 B ehis= Z (Mean Squared Error, MSE) -

Signal

features

(16)
Speech quality
Estimation (WER)

>

Hybrid
features
(20)

Textual

features
(57)

] 7 DNN-based QE 7

3. FHEKT

3L FHENL

bk d o APLRE S B G Y v EY R EARPEEE VRET
ALY R LOE EE SRV S £ 8 S hit LA S S R
Fheo I A B BE B D iR F fp RIE RIS RS & 5 B % (Confidence Measure )
PUGEE A ER o b 0 BT S PGE R E ATV REF WA 0 1t R QE B 2 CM
kR o
311 I FHLBVIGERZ RBEH

B FH IR B SGE e A 2997 0 ¢ § 5 BEAE > £ 5 400 o] B o IR
Aok 397 0 & 7 T EPIEFEA o X B F A PREFZAINL B 4 ERTRET L
00 P ErE SR PR R 4 i NER-setl (3 Bk 4) 0 11 2 g3 SR
Frand dr e NER-set2 (R v w4 ) > WplREET %;,;\; SR R M P i

BATAy o

203



%02 B A HGER

2R A Pl | B Bk
TCC300 (all) 26.4 | 300 | 27,375
MATBN (train) 127.3 | 5,207 | 29,549
OC16-CES80 (train) 63.8 | 1,163 | 58,132
SEAME 95.1 138 94,034
Librispeech (train-clean100hr) | 100.6 | 251 28,539
Total 413.2 | 7,059 | 237,629

%3 X ER Ak AREE

R Pri | 5 |
NER-setl 1.75 35 438
NER-set2 3.23 23 640
MATBN (test) 3.06 273 729
OC16-CEB80 (test) 7.93 142 7,099
SEAME 13.70 18 12,104
Librispeech (test-other) | 5.10 33 2,939
Librispeech (test-clean) | 5.40 40 2,620
Total 40.17 | 564 | 26,569

312, QEHAYHAFH

gt F AL AR KT L AEAFRAE > KRBT QEAFF IR R -2 P

Gy NBARED BT > 83K 65 ] P 10526 3 S B o s Eplhod 4 sh g o
# 4 QE & 355 3 R 212" SE AL

PR Pl | 3F e dic
£]z%# & On-Air | 10.73| 3,000
€ pe - B | 677 | 720

2% 3TH 0.86 | 166

Rescy b8 | 323 | 640
B A 1.75 | 438
#4 So Easy 1.84 | 208

i 34.49 | 4,042
v RKATH 5.46 | 1,312

Total 65.13 | 10,526
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EEFRRY THRREET R AR SRR TEY AR E TR - LR 3
MEHFTFRIELRENAREZL RS ARG F I TR B FET G

RIFLE G A B AR A B REGEF I AR P A s I X-

SAMPA £ 2 %R A2 3 2 T I R * F2£3 87 B RAFAI kKR AR Pend &

Y
N
?

3

)
{

LB EFARER PR RAL DG I FRFLZFS AR
2 SRR TR 3 S Rl ek SR E R R R E R R

* X-SAMPA > ¥ % 5 224 131 (¢ s30) F2 52251 69B(2 5E5) 27

S
a1
mly
e

|+
ke
S

3.2.2. PRRE T
Ak ) X-SAMPA 5 190 B 2 SR 2R A > FRELS- B ®
MEFE > HRE A Pediiry 2 EAFNE R T R X-SAMPA e 15 £ o

Afpend FIR S 30 A% G 455715 B 3 30 o

3.2.3. ¢ EREFT A
2OR5AF LAFTHAUNIVR 2 AP FHRAPREREH I FRES 2B

P L 5T WA Inside teSt A 4 0 AP R R B E GIRGERZ 2 ARG PR

14

7o 2@ % 4-gram ¥ RNNLM k&35 5 #3] »
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6 fAF FRFE T RANR R A

PR A welic | Fik
TCC300 (all) 27,375 | 186,369

MATBN (train) 29,549 | 1,264,625
OC16-CES0 (train) | 58,132 | 509,657

SEAME 94,034 | 1,200,121
Librispeech (train-960) | 28,539 | 9,403,555
Giga Word 500,000 | 9,899,664

Total 737,629 | 22,463,991

4, BHEEBLH

4.1, R - 5T 3FF PR BN

SPL BRSPS SRR £ 1 AT AT L W 0 g
e d g £ - NER-setl (;ﬁ:}%ﬂﬁx'@ )02k fdF O NER-set2 (R % 7 < 41)>
A W] RAGRIEE 0 12t fa L Baseline [k sttty %% @ o

%65 ﬁ—:" ?’%’é&%?’%’é&éié‘é 7 Gl S o G T ¥ 1Y —fﬁ 3] o B AR s]grg T %kp %Y Fé: ¥7
R G R S R AT R Ok R e Tt
Byt 50 BRIEER USRS LR+ (P L9 10%) -

=+ EE 4 P Y
27 B3 S FEL R SFRELY

RIFAFE R o+ Al
NER-setl 25.00
NER-set2 14.24
MATBN (test) 13.18
OC16-CEB80 (test) 16.30
SEAME 36.32
Librispeech (test-other) 18.17
Librispeech (test-clean) 5.00

42. %= -QE H A R %
PR Y RPN 03 B AR fIT 2 FREFVRER F 7 (D) AE

£ v jF (Support Vector Regression, SVR)[9] ~ (2) &=L #$#+ (Extremely randomized
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trees, Extra-Tree) [10]22 (3) DNN > & W23 = 48 QE 455 F R RIHCE] » B 74 FF
FRprcig v o B¢ DNN et S8k 25 learning rate= 0.001 ~ epochs=100 ~
batch size=500 ~ dropout=0.1 » DNN &k #cp| ¥ 31 * 1~3 & "5 & o

Tl EE AR 0 A T g = fE 2 5N > A 4] Cross-validation 3R E Rl R
B BE - AR Y - B E R EREATR R BEPF FYRTR B R
AN VRE RS B M RRES % AT B SO MAE » MSE 4r T o o

% 2L > d 3t SVR & Extra-Trees £ 0% & 445 » & DNN 84 £ 7 i * — &5
% 22 SVR fr Extra-Trees ' §i o # S % 4od 8 577 » ¥ 15 3] * DNN % 43" 5 )
R eIERIEEE] 0 B RS EA ] o

% 8 QE 45 -5 TR R = A g % v R

R 1 layer DNN SVR Extra-Trees

LA MAE MSE MAE MSE MAE MSE
% p e - BB 0.0819 | 0.0101 | 0.0769 | 0.0110 | 0.0893 | 0.0194
£ & On-Air 0.1134 | 0.0201 | 0.1057 | 0.0230 | 0.0991 | 0.0196
23 ATH 0.0938 | 0.0141 | 0.1006 | 0.0157 | 0.0979 | 0.0147
RSy u B AR 0.0742 | 0.0100 | 0.0875 | 0.0129 | 0.0930 | 0.0138
2 N 0.0898 | 0.0128 | 0.0878 | 0.0138 | 0.0944 | 0.0153
% So Easy 0.0676 | 0.0069 | 0.0793 | 0.0098 | 0.0688 | 0.0096
EEATH 0.0989 | 0.0163 | 0.1103 | 0.0220 | 0.1078 | 0.0219

~ KATH 0.0966 | 0.0133 | 0.0932 | 0.0141 | 0.0965 | 0.0146
Average 0.0895 | 0.0129 | 0.0927 | 0.0153 | 0.0934 | 0.0161

FRis > NP R IR S é] DNN > 'ﬁ 4 }@1 DNN & % # it — # 3% 2L 3ppre %k o K7
itk 6% 2layer DNN ¢ F i endg P4 > Bg4e™ £ 9977 o Fpb > u™
G E RSB Y R 0 A n DNN HE L QE AR -

# 9 QE 45 255 TR IR 5 5

R %5 1 layer DNN 2 layer DNN 3 layer DNN
MAE | MSE MAE MSE MAE MSE
Average 0.0894 | 0.0164 | 0.0855 | 0.0130 | 0.0865 | 0.0134

43. F%=Z-A*» CM 2 QE2Z L EF NPk v ik

*REFFQELZCM A A7 i PE > 2 AP KT LA HFRY - L5016
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BARED W3R 7T p AR - BB G0 RIEE CM 2 £ 6 E QE
A % QEL> QE2+ CML ## CM2 m fE.44:E 4] « CML $+ 41 g 210 /| p (- 384 FI35 4L P
B3 ko %47 ) A QELY QE2 1 CM2 & 34 9 95 38 | phens £ R 4 ¥ 3
PEFA > Ao 10«

410 L -E\.\ B9 2 GO AL P E

(A=Y N5 Total | CM1 | CM2 | QE1 | QE2
R A% e p E4(hour) | 377.58 | 209.25 | 38.28 | 38.44 | 38.21

He s CML E = - 2HDECRITR > RRIRE #8542 R (score = 0.9) >

MR H g c CM2 RIE AR R - 9P 3 IR CRTRE LS G H B
T ia(score = 0.9) > B FPE o QEL @ % 93 B AL TRR BT 0 PELEEF
(wer < 0.3)# i e3F 1 o $fs » QE2 £ CM @& 4 » B § 93 B4 Sl > W 50D
#reh QE & 355 TR RICD] 0 - U T i (wer < 0.3)575F o B 4 PriE o

RPE LS AP L P RPN A e » RAGRIYGER £ 3T e B EE
B LREER e APE E EE S F Y GRS 2 gk o

BRER R drd 11977 > ¥ U Y QE & & CM EHFE TR » a0l k ende
FHA > &7 P RIEEF A GE S PR RiE MM g 0 £ 2 % QEL & _CM2
PHEPIHGEA - DR N DB R > AT IOF G SRS L 30 RUF AR o

UL ARZERSEY REEAUT RS

RIGAFE A &+ #3] | CM1(610h) | CM2(438h) | QE1(438h) | QE2(438h)
NER-setl 25.00 24.66 23.88 24.04 23.88
NER-set2 14.24 13.85 13.26 13.11 13.35
MATBN (test) 13.18 13.19 13.00 13.00 13.24
OC16-CEB80 (test) 16.30 15.96 16.10 16.08 15.95
SEAME 36.32 36.70 35.85 35.96 36.13
Librispeech (test-other) 18.17 18.00 17.83 17.87 18.15

Librispeech (test-clean) 5.00 5.18 5.02 4.96 5.2

Averagel (with SEAME) 20.53 20.57 20.19 20.22 20.39
Average2 (without SEAME) 13.21 13.08 12.93 12.92 13.09
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fOE R AR T T A RRER 'ﬁ ERSEV v RERE e A2 25

PRI Faod 12 5 o 2

.mly

Fe A o NER-setl  (FEB &0 ) B i3 4p
$hecd & k7] 4.48% (QE2 22 CM2) > &3 & it s NER-set2 (R &7 < $4) h
EApecd k7] 7.94% (QEL) -

%12 RBARFARIRE S _p i 3
CER in% tptec L &

NER-setl | NER-set2 | NER-setl | NER-set2
fa+ 3 25.00 14.24 - -
CM1(610h) | 24.66 13.85 1.36% 2.74%
CM2(438h) | 23.88 13.26 4.48% 6.88%
QE1(438h) 24.04 13.11 3.84% 7.94%
QE2(438h) 23.88 13.35 4.48% 6.25%

44 RBE -PEFP LR VR

D i S ]
FFaa -

PR B g4 QEL A5 SRS ERIBCA AT Ak o R en S N X RS
VGER EATYIREE HCR] 0 RREPE TR R B oni o TR PE R R SRR
RIB LT F o e e £ 38 ) BF > 50 ] B~ 50 ] 2 60 ] B o Tt 2R
TR A PEECAS A L 438 ) pF 488 0] BF - 538 /) pF ~ 598 /] FF e

PEFRE L TSRt 1357 o ¥ b B8 L R KT T A REER
KL EAE Y Ak sed F S P 5% S BT 3 NER-setl s S ¥ 4o » i BUE R D
PRt S o ATV R R FRRE 0 g { AF LT o

#1373 FEAEHEEFALY UPRE L PP

RIFAE fa+ 13 QE(438h) QE(488h) QE(538h) QE(598h)
NER-setl 25.00 24.04 24.00 23.86 23.61
NER-set2 14.24 13.11 13.23 12.96 13.24
MATBN (test) 13.18 13.00 13.04 13.12 13.28
OC16-CEB8O0 (test) 16.30 16.08 16.08 16.11 16.40
SEAME 36.32 35.96 36.15 36.45 36.84
Librispeech (test-other) 18.17 17.87 18.01 18.59 18.51
Librispeech (test-clean) 5.00 4.96 5.22 5.19 531
Average 18.32 17.86 17.96 18.04 18.17
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QE Select data

700 26
600 24
500 22

20 —

¥ 400 3

3 18 =

T 300 I 6
200 u

100 . . . "
0 . 10
echo model training

m GLAEGREER e QR SREER) NER-setl NER-set2

B8 LEHNEY EFHARRE % (g @)
45. R B3I -F3 WAy
b - HP %Y o AR R KR A R 2 BGE R 400 ) PR 4
198 |- e £AE N Y D HGE AL E AT L ARR ¢ SABIT I raohk B o A B F
T A s LR AR R RPRA P AT R R A S ST
A A¢ o 4T L RS & GigaWord2 o H st Fkldod 14 477 o

3014 3 AR A

PR A EAES F
TCC300 (all) 27,375 186,369
MATBN (train) 29,549 1,264,625
OC16-CES80 (train) 58,132 509,657
SEAME 94,034 1,200,121
Librispeech (train-960) 28,539 9,403,555
Giga Word 500,000 9,899,664
Giga Word2 16,500,000 441,889,701
Total 17,237,629 464,353,692

Fohiy % drd 15 977 0 T IET RSN 4 R s R - T
S RIRLE A i NER-setL( b 3 SO 4p #1504 5 % 5] 7% > Fiin s ks o

NER-set2(F's % 7w f s Ap $ec 4 5 £ 5] 11.3% -
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%\'154\:%

55 Giga Word 3542 18 2. B #5338 AL psnss sfAp e § &

FH AT LR
23.25% > NER-set2 g i

(CER) % 3] 23.61%> 705

gRE S AP R < & Giga Word2 o it 3B NER-setl ki

D W &
i?"ﬁzz}—t 5 Q

N CER in % e )
T NER-setl | NER-set2 | NER-setl | NER-set2
j8.F 41 2500 | 14.24 i i
5 #3+LM2 | 2454 | 1327 | 184% | 6.81%
QE1(598h) 2361 | 1324 | 556% | 7.02%
QE1(598h)+LM2 | 2325 | 12.63 7% 11.3%
Afpr QE FCAME LSS F YR SRR ROL D NERSetl 3

fdF eI NER-set2 3 ~ 45 3% 5 (CER)H F43u5 &

31 12.63% o

B fs 0 ffﬁﬁ LR hti BEAeB 9 oy 0 B Bai* QE B R PeiE L

AR

3] 13.24%-

'+ =

= 7?\1:\.};’ j\ EIJ

% P Al

BGEHL TYVREE BA] > R a7 o BE A2 v o
25 23.61 23.25
20
14.24
15 . 1324 15 63
0 ]
NER-setl NER-set2
B fETYEEEE  mQE1(598h) QE1(598h)+LM2

glg}%'ﬁ% ’}“/Ppé"‘%E %ﬁ_‘?
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Abstract

Negative life event is an important reason of causing depression, such as the death of family

members, quarreled with the spouse, fired by the boss or blamed by the teacher. The
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combination of a subject and a negative life event is called a language pattern of negative life
events. Therefore, whether it can understand those web texts with depression trend by
identifying these negative life event language patterns automatically and accurately, which is
important to establish effective and practical psychiatric network services. Such as the
question (parent: divorce:: boyfriend:?), this study applied the distributional word
embeddings to mine the language patterns of negative life events. The experimental results
showed that the MRR index reached 0.71.

BRI« HARE S I 0 FEE > Ak AEAIESEMT

Keywords: Natural Language Processing, Word Emdeddings, Language Patterns, Negative
Life Events.
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Abstract

We improved sentiment classifier for predicting document-level sentiments from Twitter by
using multi-channel lexicon embedidngs. The core of the architecture is based on CNN-
BiLSTM that can capture high level features and long term dependency in documents. We
also applied multi-channel method on lexicon to improve lexicon features. The macro-
averaged F1 score of our model outperformed other classifiers in this paper by 1-4%. Our
model achieved F1 score of 64% in SemEval Task 4 (2013-2016) datasets when multi-

channel lexicon embedding was applied with 100 dimensions of word embedding.

Keywords: Deep Learning, Lexicon, Multi-Channel, CNN-BiLSTM, Sentiment analysis

1. Introduction

Sentiment analysis, known as opinion mining is a task of natural language processing (NLP)
aimed to identify sentiment polarities expressed in documents. Numerous amounts of
opinioned texts are created on social media every day. For instance, Twitter users generate over
500 million tweets daily. It is important to analyze these opinioned texts because they give

useful information such as response for specific product, opinion for candidates and etc.

However, in sentiment analysis, sarcasm is difficult to distinguish. Usually, sentiment
classifier can identify polarity better in the case of clear expression than in the case of sarcasm.
Contextualization and informal language in social media are additional complicating factors to

sentiment classifier (Deriu et al, 2017).

To solve this problem, our approach focuses on high level features of document extracted by
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CNN and the context considered by BiILSTM that capture long term dependency which helps
to understand the context. Therefore, we propose a Multi-Channel Lexicon Integrated CNN-

BiLSTM (MCLICB) model for sentiment analysis.
Our contributions are:
(1) To improve performance of sentiment classifier

(i1)) To introduce multi-channel lexicon embeddings and analyze influence for sentiment

analysis.

2. Related Works

The first success of sentiment analysis based on convolutional neural networks (CNN) was
triggered by text classification (Kim, 2014). This work provided simple and effective
architecture for text classification. Convolutional layer can extract local n-gram features. After

this research, various modified models based on CNN have been proposed.

One of the modified models is lexicon integrated CNN model with attention (Shin and Lee
and Choi, 2016). In the traditional setting, where statistical models are based on hand-crafted
features, lexicon is a useful feature, consisting of words and their sentiment scores. CNN
architecture of Shin showed that lexicon embedding still can be a useful feature for sentiment

analysis.

CNN based methods have been successful in many NLP tasks. However, it has limitations in
respect of long term dependency. In contrast, Long Short-Term Memory (LSTM) (Hochreiter

et al., 1997; Tai et al., 2015) can capture semantic information with long term dependency.

In order to consider local n-gram features and long term dependency, various models which
combined both CNN and LSTM were proposed (Zhang, 2017). Our model improves this
approach.

245



m e
| )

Ny —
/

<
L
X
|

| A 4,
[T] —— &

\
\
: h ) \ﬁr —

Multi-cha.nncl DOC}lmenl, ) Convo.lutiona.\l layer Ma)_(-ovcr ) BiLSTM layer
Lexicon matrix with multiple width filters  channel/time pooling

Aggregation layer
Figure 1: The architecture of our model

3. MCLICB

The architecture of MCLICB consists of a multi-channel embedding layer, a CNN-BiLSTM

layer, an aggregation layer, and softmax layer.

3.1 Multi-channel embedding layer

The input of our model (document, lexicon matrix) are based on two multi-channels:
(i) Multi-channel word embedding,

(i1)) Multi-channel lexicon embedding.

Multi-channel word embedding is the same as the architecture of Kim (2014) which is both
static and non-static. We used word2vec (w2v) trained by skip-gram (Mikolov, 2013). In the
similar manner, we applied multi-channel method on lexicon to improve lexicon feature for
sentiment analysis. As the coverage of lexicon is low, multi-channel method is more useful
because it resolves sparseness in lexicon embedding. The word document matrix is s € R™"*¢,
where 7 is the number of words in a document and d is the dimension of word embedding. The
lexicon document corresponding to each word in a document is s; € R™*¢, where e is the

dimension of lexicon embedding determined by the number of lexicon corpus in section 4.2.

3.2 CNN-BiLSTM layer

To combine advantages of CNN and LSTM, the input local n-gram features were extracted by
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CNN. We added padding to the output of CNN because different size of filters produced
different size of feature map. Then, max pooling over channels was applied to the padded

output of CNN.

To consider long term dependency, bidirectional LSTM were applied to the output of max
pooling layer. We set the hidden size h as 150 for all BILSTM layers. In the case of lexicon
embedding, when multi-channel lexicon embedding was convolved by filters, separate

convolution approach of Shin (2016) was used.

3.3 Aggregation layer

While LSTMs are advantageous for capturing long term dependency, CNNs generally

outperformed in capturing high level features in short text.

To consider various document lengths, we concatenated the outputs of CNN which were
produced by max pooling over time and the outputs of CNN-BiLSTM which were generated
from last hidden states at aggregation layer. We used different filters between CNN and CNN-

BiLSTM to capture improved representations.

3.4 Softmax layer
In softmax layer, the outputs of aggregation layer were converted into classification
probabilities. In order to compute the classification probabilities, softmax function was used.

The output dimension is 3 (positive, negative and neutral classes).

4. Experiments

In this section, we evaluated our model on sentiment analysis task. We first introduced the
implementation of our model in section 4.1. Then, we demonstrated data, preprocessing,

training and hyperparameters in section 4.2 and 4.3.

4.1 Implementation

To conduct experiments, we used PyTorch which can fully utilize the GPU computing resource

to train our model. We trained our model on a single GTX 1080 8GB GPU with CUDA
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(Nickolls et al., 2008) and cuDNN (Chetlur and Woolley, 2014).

4.2 Data and Preprocessing

Tweets which were provided by the SemEval-2017 competition were used for training and as
test datasets. The training datasets were from Twitter 2013 to 2016 train/dev and the rest were
the test datasets in Table 1.

Table 1. Overview of datasets

Corpus Total Positive | Negative | Neutral

Train 2013 9,684 3,640 1,458 4,586
Dev 2013 1,654 575 340 739
Train 2015 489 170 6 253
Train 2016 6,000 3,094 863 2,043
Dev 2016 1,999 843 391 765
DevTest 2016 2,000 994 325 681
Test 2013 3,547 1,475 559 1,513
Test 2014 1,853 982 202 669
Test 2015 2,390 1,038 365 987
Test 2016 20,632 7,059 3,231 10,342
TwtSarc 2014 86 33 40 13
SMS 2013 2,094 492 394 1,208
LiveJournal 2014 1,142 427 304 411

Lexicons used in the proposed model consist of eight types of sentiment lexicons which
include sentiment score. Some lexicons were preprocessed to normalize sentiment score to
the range from -1 to +1. If words are not in the lexicon vocabulary, neutral sentiment score of

0 were assigned. The following lexicons are used in our model:

*  SemkEval-2015 English Twitter Sentiment Lexicon (2015).

*  National Research Council Canada (NRC) Hashtag Affirmative and Negated Context
Sentiment Lexicon (2014).

*  NRC Sentiment140 Lexicon (2014).

*  Yelp Restaurant Sentiment Lexicons (2014).

*  NRC Hashtag Sentiment Lexicon (2013).

*  Bing Liu Opinion Lexicon (2004).

¢ Macquarie Semantic Orientation Lexicon (2009).
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*  NRC Word-Emotion Association Lexicon (2010).

Preprocessing were applied to tweets and lexicon datasets before extracting features using the

following procedures:

*  Lowercase: characters in tweets and lexicons were converted to lowercase.

»  Tokenization: all tweets were tokenized by using NLTK twitter tokenizer.

*  Cleaning: URLs and ‘#’ token in hashtags were removed.

*  Replacement: for the out-of-vocabulary (OOV) words, they were replaced by <UNK>

token.

4.3. Training and Hyperparameters

The parameters were trained by Adam optimizer (Diederik et al. 2014). The following

configuration is our hyperparameters:

*  Word embedding dimension d = (50, 100, 200, 400) for pre-trained word2vec.
*  Lexicon embedding dimension e = (8) for considering lexicon features.

*  Hidden size h = (150) for hidden states of BILSTM.

»  Filter size = (2, 3, 4, 5) for capturing n-gram features.

*  Number of filters = (200) for convolving the document and lexicon matrix.

*  Number of layers = (2) for number of BiLSTM layers.

»  Batch size = (100) for calculating losses.
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Figure 2: The performances of models change across various dimensions of word embedding.
In general, as the dimensions of word embedding increase, the performances of multi-channel
lexicon models are better than that of multi-channel word embedding (w2v) and lexicon

embedding (lex).
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*  Learning rate = (0.0005) for updating the parameters.

*  Number of epochs = (15) for training models.

*  Dropout rate = (0.5, 0.65) for avoiding overfitting (Hinton et al., 2012).
*  Regularization lambda = (0.0001) for avoiding overfitting.

5. Evaluation

To evaluate the performances of our models in comparison to other classification models, we
used the evaluation metric as macro-averaged F1 score across the positive, negative and neutral
classes. In our experiment, baseline is 1 layer CNN which is the architecture of Kim (2014) in

Table 2.

Table 2. Overall macro-averaged F1 scores of models.

Best (second-best) results of models are highlighted in bold (underlined) face.

Method Test Test Test Test Twt SMS LiveJ
2013 2014 2015 2016 Sarc 2013 | ournal
2014 2014

This Paper | 1 layer CNN (baseline) 63.22 | 60.43 | 61.04 | 60.41 | 43.46 | 65.05 | 65.18

1 layer CNN + lex 62.70 | 6137 | 61.76 | 62.19 | 46.39 | 67.07 | 68.04
2 layer CNN 61.71 | 61.84 | 61.17 | 60.16 | 5120 | 6435 | 66.96
2 layer CNN + lex 62.63 | 63.75 | 61.65 | 61.91 | 49.82 | 67.17 | 67.99
Our model 66.59 | 64.92 | 62.50 | 62.53 | 51.97 | 69.55 | 70.08
Deriu, et | FS (state-of-the-art) 70.01 | 71.55 | 67.05 | 63.30 | 56.63 - 69.51
al., 2016
5. Results

Our model outperformed other classification models all as shown in Table 2. In the case of
sarcasm, modifying embedding dimension and using multi-channel lexicon embedding alone

improved our model about 3% which are shown in Figure 2 (b).

F1 score of our model based on multi-channel lexicon embedding was higher than that of our

model based on 1 channel word embedding by about 4-7% as shown in Figure 2 (a). In our
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experiments, our model achieved the highest F1 score when multi-channel lexicon embedding

was applied with 100 dimensions of word embedding in Figure 2 (a).

5. Conclusion

In this paper, we improved our model based on CNN-BiLSTM architecture for predicting
document-level sentiments with multi-channel embeddings. Our model outperformed other
classifiers in this paper by 1-4%, confirming multi-channel lexicon embedding’s effectiveness
in improving the performance.

For future work, the application of attention mechanism (Xu, et al., 2015; Yang, et al., 2016),
other word embedding method such as fastText (Joulin et al., 2016) and ensemble methods

(Deriu, et al., 2016) can be applied to improve our model.
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ERIRRHEED » HRAREEEFNBESAER > HICARE RS A
FHIEHARI T VEAIE BRI 22 B0 » I AR R R o 3B R &% 2 BB
HEH— R EEEE - W — 2RI RES 15 2 — (H R A& B E R A > 3 T2
5 A1 B B 5 2 AP R 4 R B RE A RO 0 AT > IE RN 7% 2% BT B 45 4572 (Histogram
Equalization, HE)[12] ° & IEF LR A0 E — -

& T RIS E RSP RE » BN E R AR 2E 1315 A—E8E
BIREE ry AGHBES B - Hb o ry BB Z HIBRE BB RS R B AR
HIEIR > BLRZ R A R 2 AR E RN EL(9) = A JE I BT B SR EUMLPAR
7 B[ £ Skewness-robust MLP ©

N 1

r"":ﬁk“ﬁk 9)

FRBIHREE IR — PR -
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Histogram Histogram
ex (%) er(y)
X ————————— Histogram equalization —'—- Y

T EEE BRI

*— HHE

Angry | Emphatic | Neutral | Positive | Rest

Weight | 1.1 0.5 0.2 1.5 1.4

FAU-Aibo'F 44 78 K} B A 15 Bl iff 57 B Stefan SteidIiR$% 51 4% 10-13 #%E B Sony AU
ae i) Aibo H.B) 9 /NFF P EE AR HUEE S > BT IR S B Z T M E R E BT
it EE AR W TE 48 508k T 2K - F N5 T B RO 7 1A 5 sTVRE V) 1 sl e /Ny B » H Bl
BRI S E [F— (A AR 26 ZEZE > MHEERN 25 2 ZELEKER 7 —E
o sBRHERIG R LIEH 5 B HEEE S 2F KRR - o & 11EERE > 25l
By 1 B Joyful) ~ 77 (Surprised) ~ 78 #f(Emphatic) ~ & 7= (Helpless) ~ & (Touchy)
18 7% (Angry) ~ 51555 (Motherese) ~ & (Bored) ~ #E & (Reprimanding) ~ H 1 (Neutral )&
1E 7] (Positive) ° A~ E B#{K R Interspeech 2009 Emotion Challenge )15 B&qak 7 Pk &L » 12 H
%% (Angry) ~ 5838 (Emphatic) ~ FF M (Neutral) ~ IF [ (Positive) ~ EAf(Rest) LAHE 44 © It
TIEERIBEWEER R o

ARE BRI T B 2 i) B 1 B AR B0 {F A openSMILE T E#HE » B2 7% 16
i I PE 2 8 (Low-Level descriptors, LLDs) } 12 {EZ B (Functionals) © 16 i {KF& 2845 5l
7= ¢ M PHZREIEE R8I (Mel-Frequency Cepstral Coefficients * MFCCs)(1-124) ~ ¥ 51R
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% T~ FAU-Aibo 5 4% 5k &=

Angry | Emphatic | Neutral | Positive | Rest

Train | 881 2093 5590 674 721

Test | 611 1508 5377 215 546

oy = NN

B2 2 (RMS energy) ~ i1 % % (Zero Crossing Rate, ZCR) ~ & & " & [t.(Harmonics-to-Noise
Ratio, HNR) ~ & /5 38 (Pitch Frequency) * I _E &K FE 22 B — PR BZE (Delta) © 12
{7z B¥ (Functionals) Ay : “F3J{H ~ 12 % 2 (standard deviation) ~ & & (Kurtosis)F {i 5
f&(Skewness) ~ Fx K&/ ME ~ #H% i B (Relative Position) ~ #i[& (Range) A & 575 7h W {E 4%
P40 BF (R 2L (Linear Regression Coefficients) & H45 75 72 (Mean Square Error, MSE) © K[}, »
HnE— A2 SR — RS EREHREZ R ER - &EE2TE
BEAET 16X2X12=384 HEFFHS B -

TEFNSRAA RS Z 7 » & ST A ARG R E R 2] [0,1] LARRAR R 45 BRI A 22 224 -
EErh A (E HEY MLP 2888 5 — g 30 E AR g wiE = - RERE s
{8 F teacher-student training f 75 22 » 55 —ZH EH B3 L FAU-Aibo 3l 58 & K e &) 58 (1%
FEMAS A BEFIAR 600 {[E epoch » {F FFUSELANZR = » 1} FAU-Aibo I E RHG 2] 44.6%
HI PR R o 55 4H B B 00 P [R1 A 0 2 B DA R A 460 Rk S (i 2 e R o A e A8 A4 IR 1L
teacher-student training * £ DLt 2 ¥ FAU-Aibo I3 & B -8 H 152 46% HHE
R BRRARNZEN - FEHEPBEHRNERT ~ RIS o R EH teacher-student
model FIT 15 2l 17 38K (46%) Lt 2 HEFE 35 K (38.2%) =1 HH 498% » LA » FR ¥ Interspeech
2009 Emotion Challenge S EEIEEIN 2 HE BSR4 o s EE R BsMarcel
Kockmann 55 A\[15]FT#1519041.65% °

PO~ %558

MRIE R T 15 2 B9 B Bn il R B/R » (£ teacher-student modelZ 1% > H¥ ik K AE4
1E44.6% 12 T+ £146% ° K AT A3 A0 A F N B iR B0 0 05 sUGE A — LR - mIBE & & Al
MLP 7EE 8 i - BEILSHE BRI RF BT 228 > ML A teacher label PAU% JR /R HY
TE R - ABIINRTT MLP ¥ FAU-Aibo TE#EEERHEUFEER o A EHH BRI S
B RESIR TR > AR T+ > HATEE — B B0 B RHE SRS
FiE » FEeLAH A 5 45 & teacher-student training ° BYFFEETE B A RIRFRI A H K&/
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Input neurons:
384 Hidden layer
neurons : 30

Qutput neurons :
5

= ~ MLPZEREH]

Hyperparameter Value
Mini-batch 100
Learning rate 0.4

Learning rate decay 0.0005
Momentum 0.5

Optimizer Stochastic gradient descent
Loss function Cross-entropy

Epoch 600

Z% /U ~ MLP ~ Teacher-Student Model E 5545 5

Recall

Skewness-robust MLP | 44.6%

Teacher-student model | 46.0%

ERMIIERL e Z 2 - FIREE BB R ke SRS R 26 B R AR AT etk - IR
{6 F AR B EAT NGRS - S A B F SOR IR R o M EREAAS S B B RHE
RO 122 MLP 372 TLH FAU-Aibo 15 4 55 R E 1R 12 7
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Z% 7. ~ Skewness-robust MLP 432845 518 /& #0 P

Angry | Emphatic | Neutral | Positive | Rest | Recall

Angry 300 131 70 30 80 |49.1%
Emphatic | 218 778 281 52 179 | 51.6%
Neutral 528 900 2209 666 1074 | 41.1%
Positive 11 10 29 116 49 | 54.0%
Rest 300 79 121 104 150 | 27.5%
Avg.recall | 44.6%

2% 75 ~ Teacher-student model 472845 1R VG50 FH

Angry | Emphatic | Neutral | Positive | Rest | Recall

Angry 329 110 72 37 63 | 53.8%
Emphatic | 265 776 278 92 97 | 51.5%
Neutral 630 948 2085 1073 | 641 | 38.8%
Positive 8 7 32 141 27 | 65.6%
Rest 80 86 117 151 112 | 20.5%
Avg.recall | 46.0%
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Abstract
Reliability of Automatic Speaker Verification (ASV) systems has always been a concern in
dealing with spoofing attacks. Among these attacks, replay attack is the simplest and the
easiest accessible method. This paper describes a replay spoofing detection system applied
to ASVspoof2017 corpus. To reach this goal, features such as Constant-Q Cepstral Coeffi-
cients (CQCC), Modified Group Delay (MGD), Mel Frequency Cepstral Coefficients (MFCC),
Relative Spectral Perceptual Linear Predictive (RASTA-PLP) and Linear Prediction Cepstral
Coefficients (LPCC), and different classifiers including Gaussian Mixture Models (GMM), Multi-
Layer Perceptron (MLP), Support Vector Machine (SVM) and Linear Gaussian (LG) classifier
have been employed. We also used identity vector (i-vector) based utterance representation.
Finally, scores of different subsystems have been fused to construct the proposed system. The

results show that the best performance is attained using this score level fusion.

Keywords: Spoofing Attack, Automatic Speaker Verification, Replay, ASVspoof2017

1. Introduction

In recent years, there has been growing interest to develop Automatic Speaker Verification sys-
tems. ASV systems aim to verify the speaker’s identity using his/her speech. There are many
mass-market applications of ASV systems, such as phone banking and trading, password reset-
ting, access control in smart phones, credit card activation etc. [1, 2]. Due to the development
of ASV systems, concerns about spoofing attacks and security of these systems are increas-
ing. To study spoofing approaches and their threats, the ASVspoof2015 [3] and ASVspoof2017
[4] challenges are introduced. Spoofing attacks include four main approaches: impersonation,
speech synthesis, voice conversion and replay [3, 5].

Among them, replay attack is the most easily accessible approach available with low technology
recording devices, such as voice recorder, laptop, smartphone etc. [5]. These devices may incur
different noises during spoofing attacks such as channel or convolutional noise and quantization
noise. The channel noise could be originated from the different recording devices, different
recording environment and changes in the distance to the microphone. Therefore, in spoofing

attacks context, this noise occurs owing to the fact that replayed speech is recorded by two
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devices and one loudspeaker [2, 6]. Quantization noise is due to analog-to-digital conversion.
These distortions cause a mismatch between the genuine and replayed speech pattern. This
mismatch can be detected by training a classifier using cepstral-based or spectral-based fea-
tures. According to the replayed speech threats, the ASVspoof2017 challenge is introduced
concentrating on the replay spoofing attacks. This challenge aims to analyze vulnerability of
ASV systems and its countermeasures in the face of replay attack [4]. In this study, we focus

on the replay spoofing attacks and countermeasures based on the ASVspoof2017 dataset.

In this work, we utilized six different features, Comprising Constant QQ Cepstral Coeflicient
(CQCC), Modified Group Delay (MGD), Mel-Frequency Cepstral Coefficient (MFCC), Relative
Spectral Perceptual Prediction (RASTA-PLP), Linear Prediction Cepstral Coefficient (LPCC)
and identity vector (i-vector) [7]. We used four types of classifiers: Gaussian Mixture Model
(GMM), Multi-Layer Perceptron (MLP), Support Vector Machine (SVM), and Linear Gaussian
(LG) Model. Within this framework, we investigated fusion of these different subsystems. The
rest of this paper is organized as follows: in Section 2 ASVspoof2017 dataset and metrics
are introduced. An overview of the above mentioned features is provided in Section 3 and
the classifiers are described in Section 4. Eventually, the experimental results are reported in

Section 5 and the conclusion is presented in Section 6.

2. Dataset and Metrics

The ASVspoof2017 challenge is introduced to provide a standard database containing genuine
and spoofed speech by replay attack [4, 8]. Spoofed speech is created in 179 sessions with
125 different configurations by applying different replay techniques to a given utterance as
described in [9]. This corpus is based on the RedDots [10] corpus and consists three subsets:
training, development and evaluation. The training subset is generated from 10 male speakers
and contains 1508 genuine utterances and 1508 spoofed speech trials by replay attack. Spoofed
speech is created in six sessions with three different configurations. The development subset is
comprised of 760 genuine and 950 spoofed utterances and generated by 8 speakers. Furthermore,
the spoofed utterances are generated from 10 different replay sessions with different playback
and recording devices. The evaluation data includes 13306 utterances generated from 1298
genuine and 12008 spoofed trials. The statistics of each subset are summarized and illustrated
in Table 1. It should be noted that the number of spoofed trials was 14420 originally and it
was decreased to 12008 after modification by organizer. There are six evaluation conditions in
this corpus. For each there is a disjoint set of replay trials. Replay trials in condition C1 have
a remarkable amount of background noise or channel distortion so that they are almost easily
detectable, whereas replay trials in condition C6 are of high quality thus they are relatively
more difficult to detect. More details about the corpus and the ASVspoof2017 challenge can be
found in [4, 11].
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Table 1: Statistic of the ASVspoof 2017 database.

#spk | #Replay | #Replay #Utterance
Subset .
sessions config | Non-replay Replay
Training | 10 6 3 1508 1508
Devel. 8 10 10 760 950
Eval. 24 163 112 1298 12008
Total 42 179 125 3566 14466

2.1. Evaluation Metrics

In this task the metric of evaluation is based on Equal Error Rate (EER). Therefore, we assign
a score to each trial, then let define P, (6) as the false alarm and Pp,;s5(f) as the miss rates at

threshold 6:
#{replay — trials > 0}
Ppo(0) = — ——
#{Total — replay — trials}

(1)

#{non — replay — trials < 0}

Pmiss(e) (2)

- #{Total — non — replay — trials}
Now EER is computed [4]:

EER = Po(0gER) = Priss(0p5r) (3)

where Oggpg is the value of the parameter 6 when Py, equals Ppss.

3. Features

3.1. Constant Q Cepstral Coefficients

We first used the Constant Q Cepstral Coefficients (CQCC) feature [12]. This feature is based
upon the Constant @ Transform (CQT), initially proposed in the field of music processing [13].
In the recent years the CQT has been widely used to analyze, classification and separation of
audio signals, and has achieved significant results [14, 15, 15]. The CQT uses geometrically
spaced frequency bins [12]. Considering Fourier-based approaches, using regular spaced fre-
quency, makes them variable in the shape and width (the Q-factor) of the filter in the frequency
domain [16], while CQT engages a constant Q factor along the entire spectrum. One advantage
of CQT over Fourier-transform is related to their frequency and temporal resolution. In other
word, Fourier-transform yields low frequency resolution in lower frequency and low temporal
resolution in higher frequency while CQT has high resolution in both cases [17]. More details
about CQT are given in [12]. For extracting CQCC, first we compute the CQT for the discrete
time domain signal x(n). Then in the case of speech signals, the spectrum is usually obtained
using the discrete Fourier transform (DFT). In the next step the cepstrum in a time sequence
x(n) is obtained using the inverse transformation in the spectrum logarithm whereas the inverse
transformation is normally implemented with the discrete cosine transform (DCT). The steps

for extracting the CQCC are depicted in Fig. 1.
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Figure 1: Block diagram of CQCC feature extraction [12].
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3.2. Modified Group Delay

The Modified Group Delay (MGD) [18] has been used in phoneme recognition for many years
[19]. MGD contains both magnitude and phase information [20] and can be used as an infor-
mative cue for replay speech detection. Phase information is vital factor in speech coding. Its
role is contributed to keeping the balance between redundant information reduction and quality
of the received speech. Accordingly, perceptual threshold value is fixed and we try to keep
phase quantization error below the mentioned value. This value is experimentally determined
by listener(s) given signals with noticeable difference in their face but not perceptually recog-
nizable. Several methods of spoofing countermeasures based on features using magnitude and
phase information are introduced in [21]. Modified group delay is originated from the group

delay (GD) which is the derivative of phase spectrum with respect to frequency:
GD(t,w) = princ{0(t,w) — 0(t,w — 1)} (4)

where princ is the mapping function and adds integer numbers of 2w to map the input onto
[—7; 7] interval. The robustness of the group delay in the face of transmission channel and
ambient noise has been studied in [22, 23, 24]. Considering GD, the modified group delay can

be computed according to:

_Tw) | e
MGD_7|T(W)’| (t,w)] (5)
o XR(ta W)YR(ta w) + X[(t,W)Y}(t7w)
T St 0

here, X (t;w) is the fast Fourier transform (FFT) of speech signal z(n) and Y (t;w) is the
fast Fourier transform of the nz(n) where z(n) is re-scaled form of z(n), R is the real part
of spectrum, and I is the imaginary part of spectrum. Furthermore, S(¢;w) is a smoothed

configuration of X (¢;w).

3.3. Mel Frequency Cepstral Coeflicients

Commonly, phase information remains in the original utterance in replayed speech [5]. There-
fore, amplitude-based features such as MFCC provides the important information and a reli-
able means of detecting replay spoofing attack. Experimental result on ASVspoof2017 as are
described in Section 5 shows fusion of MFCC and phase-based features like MGD achieves

significant performance to spoofing detection.
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3.4. Relative Spectral Perceptual Linear Predictive

The Perceptual Linear Predictive (PLP) [25] is a feature extraction method based on short-
term spectrum. As less sensitivity of human perception to the speech spectral factors [25],
such features are very informative on spectral analysis domain. RASTA-PLP is the modified
version of PLP making it more robust to linear spectral distortions [26]. It should be noted
that there is almost no preference regarding the performance in applying RASTA-processing in
PLP comparing with applying PLP for the clean data, however, the recognizer would be much
robust respect to the factors such as microphone quality or its position to the mouth in the case
of employing RASTA-PLP. Therefore, the efficiency of RASTA-PLP in the face of convolutional

noise is clear [26].

3.5. Linear Prediction Cepstral Coefficient

Linear Prediction Coding (LPC) is one of the most popular and powerful methods that gives us
the basic parameters of the speech signals and is widely used in speaker recognition [27]. LPCC
coefficients can be obtained from LPC using autocorrelation method. One of the properties
of LPCC is its high sensitivity to quantization noise. Speech processing systems using LPCC
feature have achieved high performance dealing with speech recorded in the noise-free conditions

[27]. This feature can be useful for replay spoofed speech detection especially when it is fused
with MFCC and RASTAPLP.

3.6. Identity Vector(i-vector)

As mentioned before, in this work we have also used i-vector as a representation for each ut-
terance. For i-vector extraction, firstly, a large GMM (e.g. with 2048 components), called
Universal Background Model (UBM), is trained on the sufficient data. Using UBM, each utter-
ance is modeled by a super vector which is produced by concatenating mean vectors of Gaussian
components in the UBM. In the factor analysis viewpoint, this super vector, M, can be modeled
as:

M=m+Ty (7)

where T is a low rank matrix representing speaker and channel variability jointly, m is the
speaker and channel independent super vector defined by the means of UBM components and
y is a latent variable with standard normal distribution. In this model, 7" is denoted as i-vector
extractor or total variability space, and y is representing i-vector. The next stage is training the
i-vector extractor, and then, using i-vector extractor, the super vector corresponding to each

utterance will be mapped to a vector with lower dimension (e.g. 100 or 200), the i-vector.
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4. Classifiers

4.1. Gaussian Mixture Models

In this work, Gaussian mixture model (GMM) is used as classifier. We trained two GMMs by
EM iterations, one for the genuine speech and the other for the spoofed speech. In the next

step, the score for each trial is obtained by computing log likelihood ratio:

LLR(S) = lOQP(S‘egenuine) - lOgP(SwSPOOf) <8)

where S is a feature vector corresponding to the test utterance and 0yenuine and Ospoor denote

the GMMs for genuine and spoof speech, respectively.

4.2. Multi-Layer Perceptron

We also used Multi-Layer Perceptron (MLP) as a discriminative classifier to compute the pos-
terior probability of each genuine and spoof class for the given input feature vector as named
before. We trained the networks with mini-batch stochastic gradient descent (MSGD) optimiza-
tion algorithm for minimizing cross entropy objective function. The output layer consists of two
neurons with softmax activation function that represent posterior probabilities of the genuine
and spoof classes. In the following, the output score for each given speech signal sequence is

obtained by computing log likelihood ratio (LLR):
LLR(S) = logP(genuine|S) — logP(spoof|S) 9)

Where S is the input sequence and P(genuine|S) and P(spoof|S) are posteriors of genuine and

spoofed trials, respectively.

4.3. Support Vector Machine

In this paper, Gaussian Support Vector Machine (SVM) is applied to the problem of spoofed /non-
spoofed classification. In this manner, a binary SVM is trained using i-vector features to discrim-
inate genuine from replayed speech. Accordingly, we obtain a binary function that determines

the posterior probability of spoofed and genuine trials based on Logistic regression.

4.4. Linear Gaussian

A linear Gaussian model [28] is a Bayes net model. The popularity of linear Gaussian models
comes from analytical properties of Gaussian processes [9]. In this model all the variables are
Gaussian and the output of the linear system obtained by Gaussian distributed input is also
Gaussian distributed. In this work we have used a linear Gaussian model for classification of
genuine and spoofed speech. For the linear Gaussian, we used system identification methods
based on Expectation Maximization (EM) algorithm to maximize the likelihood of the observed

data, and we have used i-vector as the input to the linear Gaussian.
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Figure 2: Proposed SUT system structure

5.  Experimental Results

5.1. Baseline System

ASVspoof2017 challenge has introduced a baseline system to detect replay/non-replay trials
[11]. This system is used as our baseline in this paper. This system uses a common GMM back-
end classifier and CQCC features. The attained EER of the baseline was reported 24.65%. It is
worth mentioning that 20 participants from all 49 participants could achieve better performance
in terms of EER compared to the baseline system, in this challenge. Obviously, the reported

performance shows the difficulty level of the challenge.

5.2. SUT System Structure

In this work, we have applied 90-dimensional CQCC, 427-dimensional MGD (with two tuning
parameters v and « set to 0.9 and 0.4, respectively), 24-dimensional MFCC, 13-dimensional
RASTA-PLP and 12-dimensional LPCC for each GMM and MLP. The GMM components were
set to be 512 (except for the GMM used in the i-vector based system). Furthermore, each
MLP (except for the MLP used in the i-vector based system) was trained with 2 hidden layers
each containing 256 neurons with rectified linear unit (ReLU) activation function. In i-vector
based part the number of UBM components are 2048, and the dimensionality of the i-vetor
extractor was set to 200. In addition, for training the classifiers in i-vector based system, we
used 4-components GMM, one layer MLP with 30 neurons and applied one Gaussian in linear

Gaussian.
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Table 2: EER (%) for different systems in development set.

Systems | EER% |
GMM1 (CQCC + PCA) 6.12
GMM2 (MGD + PCA) 31.33
GMM3 (MFCC + PCA) 20.45
GMM4 (RASTA-PLP + PCA) 17.69
GMMS5 (LPCC + PCA) 29.87
FUSION (GMM-all features) 4.23
MLP1 (CQCC + PCA) 21.36
MLP2 (MGD + PCA) 41.70
MLP3 (MFCC + PCA) 28.15
MLP4 (RASTA-PLP + PCA) 95.48
MLP5 (LPCC + PCA) 39.17
FUSION (MLP-all features) 19.02
[ i-vector | 5.38
FUSION (GMM + i-vector) 3.81
FUSION (MLP + i-vector) 5.96
FUSION (GMM -+ MLP) 4.66
FUSION (GMM + MLP + i-vector) | 3.10

5.3. Development Set

Table 2 represents the EER obtained by our different countermeasure systems and their fusion
of the development set. Consequently, we trained 5 GMMs and 5 MLPs as classifiers, then the
obtained scores by each classifier were fused. As the input of each classifier we used one feature
vector and its Principal Component Analysis (PCA) vector. Experimental results show that
applying feature PCA transformation, especially for CQCC, significantly improves the results.
Fig. 2 illustrates our proposed system. We used all features and their PCA transformation
for training GMMs and MLPs. The results obtained from GMM classifiers and their fusion
are presented in the first part of the Table 2. It shows CQCC and its PCA performs better
than others. As shown in Table 2, the best EER is achieved by fusion of CQCC-based GMM
classifier with the others features and it is about 4.23%. The second part of the Table 2 denotes
the results of MLP classifiers. It is observed that the EER values of MLP are not as good as
of GMM values are, however, MLP improves the EER when it is fused with GMM classifiers.
Like GMM, MLP can get lower EER in the fusion condition.

The third part of Table 2 presents i-vectors result. In this step, after i-vector extraction,
PCA without dimension reduction is applied to them and they are centered by their mean and
length normalized. Then, i-vectors are directly used to train four different classifiers separately.
The classifiers are two-class classifier and include GMM, SVM, Linear Gaussian Classifier and
MLP. Finally, we used BOSARIS toolkit [29] to train logistic regression for fusion. It is obvious
that the identity vector shows significantly better results respect to the neural network and
GMM except in the case of fusing the GMMs trained with all the features. The last part of

Table 2 shows results with different systems fusion. It shows that i-vector performs better when
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it is fused whether with only GMM or with both GMM and MLP. However, fusing with MLP
alone cannot improve the performance. Also, it is observed that fusion of the systems reduces
the EER significantly and the lowest EER is obtained when all systems are fused. It should be

noted that this score is attained by linear fusion of subsystems scores.

5.4. Evaluation Set

Table 3 shows the EER values of the evaluation set obtained by the different fusion systems.
In the evaluation phase, we have used the same system as for the development data. The
first part of Table 3 denotes the results of GMM classifiers. As same as the results in the
development part, between the different types of features the lowest EER has been obtained by
CQCC and it is about 16.21% while fusing CQCC with other features considerably reduces EER
by approximately 3 percent. In the second trying, in contrast with the DEV results, an EER
of 27.23% is obtained in MLP-based system using MFCC feature. Unexpectedly, using CQCC
feature was not resulted in the best EER, however, the fusion of features improved the results
like prior system. We speculate that the low amount of training data causes low performance
of MLP. However, as shown in the Table 3, the fusion of the MLP with other systems improves
EER. Furthermore, an EER of 16.69% has been measured when i-vector has been applied to
the system. Although i-vector feature can help us to reach a considerable EER, the results
would be more attractive in the case that i-vector have been fused with other system scores.

The fusion sets are mentioned in the fourth part of Table 3.

Table 3: EER (%) for different systems in evaluation set.

’ Systems ‘ EER% ‘

[ Baseline | 26.65% |
GMM1 (CQCC + PCA) 16.21
GMM2 (MGD + PCA) 30.24
GMM3 (MFCC + PCA) 26.41
GMM4 (RASTA-PLP + PCA) 29.13
GMMS5 (LPCC + PCA) 35.60
FUSION (GMM-all features) 13.36
MLP1 (CQCC + PCA) 37.76
MLP2 (MGD + PCA) 39.53
MLP3 (MFCC + PCA) 27.23
MLP4 (RASTA-PLP + PCA) 36.34
MLP5 (LPCC + PCA) 31.44
FUSION (MLP-all features) 26.12

’ i-vector ‘ 16.69
FUSION (GMM + i-vector) 10.88

FUSION
FUSION
FUSION

MLP + i-vector) 13.75
GMM + MLP) 13.24
GMM + MLP + i-vector) | 10.31

e e e
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Like previous results achieved in the development set, the lowest ERR for evaluation data
belongs to the fusion of all the three systems (GMM + MLP + i-vector). The final score is
obtained by linear fusion of sub-systems scores. The coefficients of this linear fusion are deter-
mined by tuning parameters on development data. An overview of SUT system is graphically

illustrated in Fig. 2.

6. Conclusion

Replayed speech can be used as a spoofing speech attack and provides wide threats for the
automatic speaker verification (ASV) systems. To study these threats and countermeasures
ASVspoof2017 corpus is presented by NIST. In this work, we described an anti-replay spoof
system based on ASVspoof2017. Our proposed system used various types of classifiers and
features. Since the replayed speech may be distorted, these distortions cause a mismatch be-
tween the genuine and the replay speech pattern. This mismatch can be detected by training a
classifier using cepstral-based features such as CQCC and MFCC or spectral based features like
PLP and RASTA-PLP. To obtain final scores, each classifier computes the posterior probability
of each genuine and spoof class for the given input utterance. To achieve better results, we
fused the scores computed by systems. Experimental results show that the best result in terms

of EER is attained by fusion of all systems (GMM + MLP + i-vector).
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Abstract
In this paper, the most recent Sharif University of Technology (SUT) speaker recognition system devel-
oped for NIST 2016 Speaker Recognition Evaluation (SRE) is described. The major challenge in this
evaluation is the language mismatch between training and evaluation data. The submission is related to
the fixed condition of NIST SRE 2016 and features a full description of the database and the systems
which were used during the evaluation. Most of the systems are developed in the context of the i-vector
framework. Preconditioning the i-vectors, score normalization methods and the classifier used are dis-
cussed. The performance of the systems on the development and evaluation parts of the NIST 2016
SRE16 dataset are reported and analyzed. The best obtained minimum and actual DCF are 0.666 and
0.740, respectively. This is achieved by score fusion of several systems and using different methods for

mismatch compensation.

Keywords: Speaker verification, NIST SRE 2016, SUT, i-vector, PLDA
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1. Introduction

During the past two decades, National Institute of Standards and Technology (NIST) has organized sev-
eral speaker recognition evaluations (SRE). The goals of these evaluations are exploring new ideas in
speaker recognition and optimizing speaker recognition systems. Like all SREs, in the SRE16 some
challenges are followed. One of them is the mismatch between training and evaluation datasets. Due to
attention that most of the provided training data is in English while the evaluation data is in Cantonese
and Tagalog, efficient methods are required for reducing the effects of this mismatch. The second chal-
lenge is short duration enrollment and test utterances. This challenge more happens for test utterances
where their duration varies from 10 to 60 seconds. The last challenge is imbalanced multi-session train-
ing. In fact, there are two enrollment conditions for SRE16: three segments available for training some
speaker models while only one segment for others. The focus of SRE16 is on the telephone speech in
Cantonese and Tagalog languages.

In this paper, we provide the description of our system and analyze the results of using different
features sets, different Voice Activity Detection (VAD) systems and methods for preconditioning the
i-vectors. Our contrastive system is constructed by combining 5 subsystems that each of them is an i-
vector based system. The subsystems differ from each other in terms of input features (i.e. MFCC, PLP,
SBN or Perseus) or applied VAD method (i.e. FVAD or EVAD). We have developed two sets of these
5 systems with and without labeled data (i.e. Contrastive 1 and 2). The final system is constructed by
fusing these two sets. The first version of our system description without any analysis on the evaluation
data can be found in [1].

The rest of this paper is organized as follows. We begin with a brief description of those parts of the
system which are different from the standard i-vector pipeline. In the next section, the experimental setup
for different parts of front-end and back-end, dataset and our subsystems are provided. The performance

results are illustrated in Section 4 and finally, in Section 5, we draw conclusions based on the results.

2. System description

In this evaluation, we used i-vector [2] based systems only. Using different features and also different
VADs, several systems were trained. All of them used the same Probabilistic Linear Discriminant Anal-
ysis (PLDA) [3] back-end. The parts of our system which differ from conventional i-vector framework
are explained in the following sub-sections. A schematic block diagram of the system is depicted in

Figure 1.

2.1. NAP trained on languages

As mentioned in the introduction, one of the main challenges in this evaluation is the language mis-

match between the training and evaluation data. It seems that using a method for reducing the effect
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Figure 1: Block diagram of the SUT system with NAP, RLAD, and Score normalization.

of languages may help the performance. Here, in order to reduce the effects of this mismatch, we used
Nuisance Attribute Projection (NAP) on top of all i-vectors [2, 4] to project away the language direc-
tions. As classes for calculating NAP projection, 20 languages were selected from the primary dataset
(see Section 3.1) along with two classes corresponding to the major and minor unlabeled data from the
development set. Let m; shows the mean of i-vectors for the language ith and My, shows the matrix
of the means (i.e. each column shows mean of one language). If N = orth(M) be an orthonormal basis
for M, then, A = I — NN’ is an square matrix, having » — 1 eigenvalues equal to zeroand d + 1 — r
eigenvalues equal to one. The dimension-reducing projection P is formed by the eigenvectors associated
with the non-zero eigenvalues of A. P projects away the subspace spanned by all differences between

pairs of columns of M.

2.2. Regularized LDA

In addition to NAP projection and prior to training PLDA classifier, i-vectors are centeralized and then
length normalized [S5]. The centeralizing process has been done by calculating the mean from the primary
dataset. Based on our previous works on text-dependent speaker verification [6, 7], Regularized LDA
(RLDA) [8] was used instead of using conventional Linear Discriminant Analysis (LDA). In this method,

the within and between class covariance matrices are calculated using the following formulas:

1 S 1 N
_ - - n_ oo n _ o\t
Sy = &I+S;Ns ngl(ws Ws)(Ws Ws) s (1)
1 S
Sy = A+ 5 (W; — W) (Ws —w)t, (2)
s=1

where, S is the total number of classes (i.e. speakers in this paper) Ny is the number of training samples

th w7 is the n'h sample in class s, and W, = N Zn 1 W4 is the mean of class s, W is the

in class s
mean of total samples, I is the identity matrix and « and 3 are two fixed coefficients which have been
calculated using the development set.

It is clear that we just add a regularization to each covariance matrix. Alpha and beta parameters
are set to 0.001 and 0.01, respectively. Only telephony recordings from the primary data were used for

RLDA training. The dimension of i-vectors was reduced to 300 by using RLDA.
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Offline Online Trial-Specific

Figure 2: Comparison of the Offline, Online and Trial-Specific methods for imposter set selec-
tion. e is enrollment i-vector and t is test i-vector. It is clear that the Trial-Specific method
selects the i-vectors between two enrollment and test i-vectors as imposter set.

2.3.  Score normalization

For score normalization, a specific version of the s-norm method was used. In this method, we used trial
specific imposter set selection for t-norm part and offline imposter set selection for z-norm part. During
enrollment step, 10000 nearest i-vectors are selected for each model from the primary and unlabeled
data. Then, these i-vectors are scored against the model and their mean and standard deviation are
used for z-norm. For t-norm, each test i-vector was first scored against these 10000 i-vectors and then,
5000 largest scores were used for calculating mean and standard deviation for t-norm. Since imposter
sets depend on both model and test i-vectors, this method is called trial specific. For better intuition,
the comparison of this method with the offline and online imposter set selection methods is shown in
Figure 2. This figure indicates that in the proposed method, only the i-vectors between the enrollment
and the test i-vectors are used as imposter set.

Note that this s-norm method is not symmetric. In the original s-norm method [9], imposter sets for

t-norm and z-norm parts are the same and so it is symmetric.

3. Experimental setups

3.1. Dataset

The primary training data is the combination of telephony parts from NIST SRE 2004 - 2008, Fisher
English and Switchboard. The unlabeled data from SRE16 development set was used as additional
training data. For the final system, we also used labeled data from SRE16 development set. For each

subsystem, we used a different subset of these datasets that will be indicated in each section.

3.2. VAD

We did experiments with various VAD methods and based on our findings two of them have been used

in this evaluation. Our main VAD is based on a phoneme recognizer system which trained on Fisher
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dataset. All frames that recognized as silence or noise were dropped. We will refer to this method by
Fisher VAD (FVAD). The secondary VAD is an energy based method that was used in one system. This
method is called as Energy VAD (EVAD).

3.3. Features

We used four different feature sets. All acoustic features have 19 coefficients along with Energy that
makes 20-dimensional feature vectors. Delta and delta-delta coefficients were also used which makes
60-dimensional feature vectors. These features were extracted using an identical configuration: 25 ms
Hamming windowed frames with 15 ms overlap. For each utterance, the features are normalized using
short time cepstral mean and variance normalization after dropping the non-speech frames. Three used

acoustic features are as follows:

* 19 MFCC + Energy
* 19 PLP + Energy

* Perseus - description of this feature can be found in [10].

Besides the acoustic features, an 80-dimensional DNN based Stacked Bottleneck (SBN) feature was
used. This feature was trained using Fisher English dataset. The details about DNN-SBN can be found
in [11, 12].

3.4. UBM training

In all systems, a gender-independent diagonal covariance Gaussian Mixture Model (GMM) with 2048
components is used. This model was first trained using about 8000 utterances that were randomly
selected from the primary dataset. The MAP adaptation with relevance factor 512 was then used for
adapting only means of this model by using unlabeled data from SRE16 development set. Doing in this

manner was marginally better than adding unlabeled data to UBM training data.

3.5. i-vector extractor training

In each system, 600-dimensional i-vectors were extracted from original feature sets using a gender-
independent i-vector extractor. This component was trained using about 77000 utterances from the
primary dataset and unlabeled data from SRE16 development set. It is worth mentioning that for UBM

and i-vector extractor training only the telephony data was used.

3.6. Model enrollment

We did some experiments on two common schemes of multi-session enrollment: 1) statistics averaging
and 2) i-vectors averaging. The second strategy performed slightly better and so we decided to use it for

model enrollment with multiple utterances.
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3.7. PLDA

In all systems, we used PLDA as the classifier. The same training data as RLDA is used for PLDA

training. The rank of speaker and channel subspaces were set to 200 and 100, respectively.

3.8. Systems

Our final submission is based on 5 i-vector based systems which are different in terms of the input

features or VAD:

* 60 dimensional MFCC with EVAD

* 60 dimensional MFCC with FVAD

* 60 dimensional PLP with FVAD

* 60 dimensional Perseus with FVAD

* 140 dimensional MFCC+SBN with FVAD

We did some experiments to find the best strategy for using labeled data from SRE16 development
set. When we added this part to RLDA and PLDA training data, we observed a little change in score
distributions (i.e. a little shift just on target scores), because the number of speakers in the development
set (i.e. 20 speakers) compared to training speakers is very small. As a result, we decided to add this

data to the training data of these 5 systems and used them as a complimentary set for the final fusion.

3.9. Final fusion

As mentioned in the introduction, we had two sets of 5 systems. In the first one, we did not add labeled
data to the training data, but in the second one, we did. We trained logistic regression for fusion and
calibration of each set of systems using BOSARIS toolkit [13]. SRE16 development trials were used for
this fusion training. The final submission is the summation of two fused systems (i.e. with and without

labeled data).

3.10. System performance

We analyze and compare the systems performance on the SRE16 development and evaluation data using
the Equal Error Rate (EER) and the primary cost function. The primary metric in this evaluation is
Cprimary, defined as the average cost at two specific points on the DET curve [14]. The detection cost
function (DCF) is defined in normalized form as follows:

1- PTaT
CNorm = PMiss|TaT + Py X PFalseAlav'm\NonTa'r ) (3)
ar

where Prgrge 18 a priori probability that a trial is a target trial. Actual detection costs will be computed

from the trial scores by applying detection thresholds of log(3) for the two values of /3, with 3; for
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Table 1: Comparison between various methods for MFCC_FVAD. These results were obtained
using NIST scoring script in equalized /unequalized modes. S-Norm(Simple) indicates the con-
ventional normalization method compared to the proposed method.

Development Evaluation
System name EER[%] min Cprim  act Cprim EER[%)] min Cprim act Cprim
LDA+PLDA 21.05/21.21 0.884 /0.897 7.833/8.254 15.89/16.01 0.971/0.978 12.487 /16.300
RLDA+PLDA 20.82 /21.15 0.861 /0.858 6.717/6.995 15.62/15.81 0.948 /0.956 10.545 /13.758
RLDA+PLDA+S-Norm(Simple) 19.29 /19.52 0.734 /0.730 0.843 /0.845 14.01 /13.62 0.771/0.754 0.843 /0.839
RLDA+PLDA+S-Norm 19.19 /19.51 0.718 /0.7130.748 / 0.741 13.36 /12.99 0.731/0.706 0.801 /0.770

NAP+RLDA+PLDA+S-Norm 17.75 / 18.77 0.719 / 0.699 0.761 / 0.741 12.73 /12.66 0.755/0.748 0.771/0.783

— LDA+PLDA

- - -RLDA+PLDA

- - RLDA+PLDA+S-Norm(Simple
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Figure 3: DET plot comparison of different methods for MFCC_FVAD.

Prgrget, = 0.01 and 8 for Prgyger, = 0.005. And finally the primary cost measure for SREI6 is

defined as:

CNorm + CNorm
CPm'mary = = 5 b2 (4)

Also, a minimum detection cost will be computed by using the detection thresholds that minimize

the detection cost.

4. Results

4.1. Methods comparison

The comparison results for different methods are shown in Table 1. These results were obtained with
MEFCC features and FVAD. The DET curves of different systems from Table 1 are shown in Figure 3.
By comparing the first and second rows of Table 1, it is clear that RLDA performs better than
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conventional LDA in all operating points, especially in actual Cjjrmary. Similarly, S-Norm improves the
performance and also produces calibrated scores. In this evaluation, the effect of the score normalization
is higher than in the previous evaluations. The fourth row of Table 1 reports the performance of trial
specific imposter set selection algorithm. It is obvious that this method improves the performance in all
criteria and its error reduction for evaluation data is more than development data.

The last row of Table 1 reports the effects of NAP method for reducing the effect of language mis-
match. Unfortunately, the performance of this method is not consistent with all criteria. It considerably
reduces the EER while in most cases it performs worse in the primary cost points. It is clear that the
advantages of this method (i.e. EER reduction) is much more than its disadvantage and so we decided

to use this method on top of i-vectors.

4.2. Features comparison

Table 2 shows the performance comparison between 5 systems and their fusion for the fixed condition
as defined in the SRE16 evaluation plan. It is clear that the PLP system works considerably worse than
other acoustic features in terms of EER while it performs about the same in terms of minimum Ciirary-
This also happens for SBN features concatenated with MFCCs (i.e. MFCC+SBN). SBN features were
trained using Fisher English data and it is proved that the BN features are language dependent and
performs the best in the trained language. Although this system performs worst, it helps final fusion in
terms of both measures.

One interesting observation from this section is the difference between the minimum and actual
primary cost. It is clear that this difference is not so much and this shows well-calibrated scores without
any extra calibration method. This is an important advantage of trial specific imposter set selection for
score normalization.

The second section of this table reports performance of different systems when labeled data from
development set was added to the training data. It is obvious that in this case, considerable improvement
is achieved in terms of EER for development set while the improvement of minimum Clmary is nOt
so much. The improvement for evaluation data is not as much as the development results because the
development set was added to the training data and the systems are over-fitted to this set slightly.

The third section of Table 2 shows fusion results for the first two sections. It is clear that fusion
system (i.e. Contrastive 2) performs better than individual systems in terms of both EER and minimum
Cprimary- Contrastive 1 performs better than Contrastive 2 on evaluation set while it was over-fitted
to development data. This happens because it used in-domain data for training and this reduces the
mismatch effects.

The last row of this table shows our final system, which is a simple summation of two systems from
the third section. We selected this system as final submission to reduce the possibility of over-fitting

effects on evaluation set while Contrastive 1 performs the best.
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Table 2: Performance comparison of different systems and their fusion for the SRE16 dataset.
These results were obtained using NIST scoring script in equalized /unequalized modes. The
first section shows results from single systems without any usage of labeled data. The results in
the second section were obtained using the same systems from the first section that used labeled
data. Contrastive 1 and 2 are the fusion of systems from second and first sections respectively.
The last row shows the final submitted system which is the fusion of two Contrastive systems.

Development Evaluation

System name Lab. Cal. EER[%] min Cprim  act Cprim EER|[%)] min Cprim  act Cprim

MFCC_EVAD No No 17.54/17.96 0.736 /0.730 0.782/0.773 12.48 /12.15 0.763 /0.757 0.767 / 0.769
MFCC_FVAD No No 17.75/18.77 0.719/0.6990.761 /0.741 12.73 /12.66 0.755 /0.748 0.771 /0.783
PLP_FVAD No No 19.63/20.32 0.773/0.781 0.798 /0.806 13.71/14.00 0.782/0.789 0.824/0.846
Perseus_ FVAD No No 17.66/18.16 0.794/0.780 0.811/0.799 13.65/13.40 0.793/0.783 0.809 /0.813
MFCC+SBN_FVAD No No 20.59/21.93 0.764/0.765 0.803 /0.806 13.86/14.22 0.779/0.790 0.790 /0.804
MFCC_EVAD Yes No 15.52/15.74 0.678 /0.673 0.733/0.721 12.19/11.940.750/0.7440.754 / 0.757
MFCC_FVAD Yes No 16.34/17.34 0.666 / 0.654 0.708 / 0.692 12.69 /12.60 0.750 / 0.744 0.769 / 0.782
PLP_FVAD Yes No 18.38/19.03 0.748 /0.752 0.756 /0.763 13.72/13.99 0.776 /0.785 0.823 /0.844
Perseus_.FVAD Yes No 15.37/15.99 0.753/0.738 0.783/0.762 13.41/13.16 0.781/0.773 0.796 / 0.803
MFCC+SBN_FVAD Yes No 19.43 /20.88 0.741/0.741 0.767/0.771 13.67/14.12 0.774/0.785 0.785/0.799
Contrastive 1 Yes Yes 13.26/14.04 0.599 /0.576 0.617 /0.589 10.41/10.15 0.664 /0.664 0.734/0.778
Contrastive 2 No Yes 15.12/15.85 0.642/0.616 0.665/0.633 10.56 /10.24 0.671/0.670 0.748 /0.792
Final System Yes Yes 14.14 /14.87 0.620 /0.598 0.639 /0.610 10.47 /10.19 0.666 /0.666 0.740 /0.782

Table 3: The final submission results on sub-conditions of evaluation set.

Partition EER[%]  min Cprrimary act Crrimary
All 10.47 /10.19 0.666 / 0.666 0.740 / 0.782
Male 10.25 /09.05 0.620/0.573 0.736 / 0.782

Female  10.41/10.80 0.708 /0.730 0.743 /0.782
Cantonese 05.71/06.22 0.514 /0.531 0.537 /0.782
Tagalog  15.17 /14.37 0.807 / 0.803 0.942 /0.782

4.3. Results on the sub-conditions

Table 3 shows the results of final submission on the sub-conditions of evaluation set. It is obvious that
the male and female results are almost the same. The performance of Tagalog is about three times
worse than Cantonese in terms of EER. It seems that Tagalog is a more difficult language for speaker

verification. Our calibration for male and also for Tagalog is not as good as it was expected.

4.4. Execution time and memory consumption

The reported numbers here were measured using a server with Intel(R) Xeon(R) CPU E5-2640 @
2.50 GHz and with 64 GB memory.
The most consuming steps in our systems are VAD, feature extraction, and i-vector extraction. For

extracting acoustic features, the average execution time of these steps using a single thread is about
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13 times faster than real time. This number for MFCC+SBN system is about 2.4 times. The memory
consumption for these two system types is 3GB and 5GB respectively.

Although the execution time of enrollment and scoring are negligible with respect to the other steps
(i.e. it takes about 1.43 second for one model and 1000 test i-vectors), it is worth noting that our score
normalization is slower than conventional s-norm. It needs an extra sorting method before selecting

scores for calculating mean and standard deviation.

5. Conclusions

This paper describes SUT system for the fixed condition of NIST SRE16. We used different feature sets
and VAD in front-end and made the back-end just based on PLDA. Comparison between features showed
that acoustic features perform better than bottleneck features in this evaluation, due to the language
mismatch between training and evaluation datasets. NAP is an effective method for reducing the effects
of language mismatch but it just helps in EER operating point. Experimental results proved that using
RLDA performs better than conventional LDA for preconditioning i-vectors prior to PLDA training.

For score normalization, we have used trial specific imposter set selection method combined with
s-norm. This method was the best way for selecting imposter sets. The normalized scores with this
method were calibrated well without any additional processing.

Using labeled data from SRE16 development set has a risk of over-fitting. So, our final submission
system was the fusion of two fused systems (i.e. with and without using this labeled data). This reduces
the possibility of over-fitting. Interestingly, the system that used labeled data performs the best on the

evaluation set too.
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Abstract

Student feedback is an essential part of the instructor - student relationship. Traditionally
student feedback is manually summarized by instructors, which is time consuming.
Automatic student feedback summarization provides a potential solution to this. For
summarizing student feedback, first, the opinion targets should be identified and extracted. In
this context, opinion targets such as “lecture slides”, “teaching style” are the important key
points in the feedback that the students have shown their sentiment towards. In this paper, we
focus on the opinion target extraction task of general student feedback. We model this
problem as an information extraction task and extract opinion targets using a Conditional
Random Fields (CRF) classifier. Our results show that this classifier outperforms the
state-of-the-art techniques for student feedback summarization.

Keywords: Student Feedback Summarization; Opinion target Extraction, Conditional

Random Fields

1. Introduction

Student feedback is used widely in present in order to enhance the quality of teaching and
learning. Feedback is collected from students as online forms as well as handwritten
documents. Since it takes a considerable effort to read and understand all the feedback given by
the students, the best way is to read all the feedback and create a summary that covers all the

aspects of all the feedback given.
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Although many lecturers collect student feedback, comments written by students are not
summarized. If a lecturer wants to get a summary of these comments, the lecturer has to
manually read and summarize these comments. Manual summarization is not scalable; in a
large class with more than few hundred students, it is going to be a tedious and rigorous task.
Thus, a system to summarize all student feedback and giving an overall summary by
categorizing students’ sentiments towards different aspects of the lecture will be very useful for
teachers, lecturers, schools, universities, and the education systems as a whole.
Research done in this area so far has focused only on using student feedback collected using
reflective prompts [1]. With a reflective prompt, student feedback is collected by giving a
specific question (prompt). For an example, a prompt such as “What are the most interesting
topics of today’s lecture?” is considered as a reflective prompt. In reflective prompts, the
prompt decides the opinion of the feedback: positive or negative. Opinion for different aspects
in student feedback cannot be measured in this approach.
In this paper, we focus on general student feedback. General feedback means that the feedback
is collected using a general prompt (example: “Give feedback on today’s lecture”), rather than
a specific prompt where the prompt suggests the sentiment of the feedback.
Our system contains three parts:

(1) Identifying and extracting all the opinion targets in the given feedback

(2) Clustering all the targets into unique categories

(3) Determining the sentimental polarity of the targets and getting a statistic of polarity for

each target cluster.

Here in this paper, we only focus on the first part of our solution, which is identifying and
extracting the opinion targets from student feedback. First, we undergo a data-preprocessing
step to fix errors in the dataset. Then we annotate the targets using our own annotation schema

into Beginning, Inside, Outside (BIO) tags, and then we use a Conditional Random Field
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(CRF) classifier as a supervised approach to extract the opinion targets.

To the best of our knowledge, there is no prior research done on general feedback
summarization. Thus, we have no viable baseline, nor an annotated data set. Therefore, we
have created the baseline for our system using the supervised approach used by Luo et al. [1],
which was done using reflective prompts. We show that for this general feedback data set, our
classifier outperforms the selected baseline system.

Even though it is suggested that deep learning techniques such as Recurrent Neural
Networks(RNN)[2] perform well in extracting opinion targets, we are not able to get good
results because our dataset is very small with 956 student responses in total with 4428
sentences. In order to use deep learning techniques, we need a much bigger dataset and there is
no other general student feedback dataset which suits our purpose.

The rest of the paper is structured as follows; Section 2 overviews previous work and section 3
describes the data used for our experiments. Section 4 describes the details about our approach
and the features used. Section 5 describes how the experiment is done and the evaluation

results, followed by the conclusion in Section 6.

2. Related Work

There are two general approaches for automatic summarization: extraction and abstraction.
Extractive methods work by selecting a subset of existing words, phrases, or sentences in the
original text to form the summary. In contrast, abstractive methods build an internal semantic
representation and then use natural language generation techniques to create a summary.

Research on student feedback summarization done up to the day has only used extractive
methods such as Integer Linear Programming [3], Phrase-based approach, clustering, and
ranking approaches [4] to summarize student feedback. These techniques use reflective
prompt-based student feedback data sets. That means when acquiring feedback, the students

are guided with a specific question such as, “Describe what you found most interesting in
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today’s class?” In general feedback, the student is not directed towards a specific aspect.
Students are given the chance to write anything related to the lecture on their feedback.
Therefore, it contains many unexpected, but useful information. Further, general feedback
contains more complex content and noise compared to reflective prompt based feedback.
Therefore, target extraction on general feedback is more challenging. To the best of our
knowledge, there has not been any research done to summarize general student feedback.

The first step in general feedback summarization is opinion target (aspect) extraction. Opinion
target (aspect) is an entity that respondents have raised their opinions about.

Aspect extraction has been studied by many researchers in the domain of sentiment analysis.
There are two main approaches: supervised and unsupervised.

When supervised approach has been used for opinion target extraction [5], the sequence
labeling scheme known as BIO labeling has been commonly used. However, this research is
limited to extract only course names and instructor names as entities.

The system [7] that we consider as the baseline for our work also has used a BIO labeling
scheme for candidate phrase extraction. A Conditional Random Fields (CRF) [6] classifier is
used as the sequence labeler. Since their dataset is responses to reflective prompts, they extract
noun phrases as candidate phrases.

Double Propagation method [7] is an unsupervised approach to solve opinion target extraction.
The basic idea of this approach is to extract opinion words (or targets) iteratively using known
and extracted (in previous iterations) opinion words and targets through the identification of
syntactic relations. At the beginning, opinion word is given as a seed word. Thus, it can also be
viewed as a semi-supervised method. Improvement of this method has been proposed by Luo
et.al [1].

These two approaches hold the promise for the task of extracting opinion targets from student

responses for small data sets.
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3. Data

In a student feedback summarization task, the first thing is to identify the entities or aspects
students have raised their opinions about. Although currently there are datasets containing
student feedback collected by asking them a specific reflection prompt (question), a
reasonable sized feedback set that contains feedback about almost every aspect of a course is
missing. In this work, we created a new dataset in order to fulfill this purpose.

Our data consists of student responses collected from an undergraduate Computer Science
and Engineering Course. General responses were collected from 27 Lectures and Workshops .
They contain 956 student responses in total with 4428 sentences.

The prompts we used to collect responses were general prompts. Therefore, student had the
freedom to write regarding any aspect of the lecture .In addition, there was no sentence
limitation for providing feedback.

This feedback consists of many opinionated responses. Each of those responses focuses their
opinion towards a target entity, which is called an opinion target. Some opinion targets have
both positive and negative opinions towards them. For example, consider the following
sentence.

"The_lecture slides were uploaded to Moodle every week and 1 think it would have been
much better if you could upload them on Sunday”.

Here the student expresses his opinions about “lecture slides”: positive opinion for uploading
them every week and negative opinion for not uploading it on Sunday.

In our work, we used our own way of annotating student feedback.

That is mainly because of the nature of the data. Data used in previous work [1][3][4] only had
opinion targets in them whereas the positive / negative expressions were in the prompt itself.
The following cases were identified in responses, which contain both opinion targets and
positive/ negative expressions.

In the dataset, many different types of opinion targets and opinion expressons were found.
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e Multi word opinion targets

Ex: - I think time and weight for documentation of the project is too much.

Opinion target is “time and weight for documentation of the project”.

o Single target, single opinion expression.

Ex: - Lectures_were really good.

o Single target, multiple opinion expressions.

Ex: - Overall lecture session was great, well organized and very helpful.

Here the target “Overall lecture session” has three positive opinion expressions towards it.

o Single opinion multiple opinion targets

Ex: -_Keeping interactions with students, asking questions, giving in-class activities and

discussing them within the class were greatly helpful for me to develop my oop skills.
A positive opinion is expressed here for all the following aspects/ targets of the lecture:

“Keeping interactions”, “asking questions”, “giving in class activities”.

e Ambiguity about which opinion target to take

E.g.: - Both lecturers did a great job on delivering the subject matter.

Here, two aspects can be identified: “Both lecturers™ and “delivering the subject matter”. It is
difficult to find on which target the opinion is focused on.

We manually annotated 20 feedback files out of 27 using this method. This annotation scheme
first identifies sentences or phrases with opinions and then marks the opinion target.

Since we annotated both the target and the opinion towards the target, we had to use unique
BIO tags for both target and the opinion expression. Therefore, we used B-T
(Beginning-Target) for the beginning of the Target, I-T (Inside-Target) for the inside of the
target, B-PO (Beginning-Positive Opinion) for the beginning of the positive opinion
expression, [-PO (Inside-Positive Opinion) for the inside of the positive opinion expression,

B-NO (Beginning-Negative Opinion) for the beginning of the negative opinion expression,
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I-NO (Inside-Negative Opinion) for the inside of the negative expression, and O for the outside
words that are not annotated.

For example, consider the sentence “Lectures were really good”. This sentence was annotated
as shown below:

e Lectures/B-T were/O really/O good/B-PO

4. Aspect extraction

For the task of classification, we choose to use a Conditional Random Fields (CRF) classifier
[6]. CRFs are a class of statistical modeling methods often applied in pattern recognition and
machine learning and used for structured prediction. CRFs fall into the sequence modeling
family. Whereas a discrete classifier predicts a label for a single sample without considering
"neighboring" samples, a CRF can take context into account; e.g., the linear chain CRF
(which is popular in natural language processing) predicts sequences of labels for sequences
of input samples. This has been used for many other sequence labeling tasks such as Named

Entity Recognition (NER) as well[8] [9][10].
The CREF labeler is trained using the training data set containing 956 responses.

4.1 Features
As the baseline features we use the features used by Luo et al. [1]. These features are based on
sentence syntactic structure and word importance to signal the likelihood of a word being
included in the target.
Local Features

e Word trigram within a 5-word window

o Part-of-Speech tag trigram within a 5-word window

e Chunk tag trigram within a 5-word window

e Whether the word is in the prompt
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e Whether the word is a stop word
Global Features

e Total number of word occurrences (stemmed)

e Rank of the word’s term frequency
These local and global features are used for supervised target extraction. Local features are
extracted from one student’s response. Global features are extracted using all student responses

in one lecture.

4.2 New Features

We increased the accuracy of target extraction by adding following features.

4.2.1 Capitals, Punctuation marks and Numbers (CPN)

These features check whether the word is a capital letter, whether the first character is a
capital letter, whether all characters are capital letters, whether the word is a punctuation
mark, whether all characters are punctuation marks, whether the word contains punctuation
marks, whether the word is a number, and whether all characters are numbers. These features

are applied as unigram features within a 3-word window.

4.2.2 Word Embedding Features

Previous research [11][12][13] has shown that utilization of unlabeled data can improve the
quality of the Named Entity Recognition, which also used a CRF classifier. Therefore, we tried
out following word embedding features to improve the target extraction process.

4.2.2.1 Brown Clusters

Brown’s algorithm is a hierarchical clustering algorithm that clusters words that have a
higher mutual information of bigrams [14]. We created Brown clusters using the given corpus
and some other un-annotated feedback data (this set contains 3970 sentences, which were
collected in 37 workshops). The output of the algorithm is a dendrogram. A path from the

root of the dendrogram represents a word and can be encoded with a bit sequence. We used
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the prefix of the bit sequence as a feature. We used the first 5, 7, 11 bits as three features.
Those numbers were discovered by trying different numbers on the same data set. The
combination of above numbers gave the best output.

4.2.2.2 Clark Clusters

Clark’s algorithm groups words that have similar context distribution and morphological clues
starting with the most frequent words [15]. We created 100 clusters using the non-annotated
corpus. Clark clusters were used as unigram, bi-gram, tri-gram and 4-gram features within a
9-word window. The window size was determined by trying different window sizes. 9-word

window gave best results.

4.2.2.3 Word to vector feature clusters
We trained a word to vector model [16] using the non-annotated data set, and used it to create
100 clusters using k-medoids algorithm. The output was used as a unigram feature within a

one-word window.

5. Experiment

We first corrected the spelling mistakes in the dataset using the Bing Spell Check API [17].
Then the data set was annotated according to above described annotation scheme. Annotated
data was converted into BIO tags and was used to train the CRF classifier to extract targets.
Here CRF is used because our dataset is small and because of that the deep learning
techniques cannot be applied on our dataset. Accuracy of the CRF classifier was measured

using 10- fold cross validation. Table 1 shows experiment results.
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Table 1. Results

Features Precision Recall F1

Baseline 0.76923 0.60437 0.67690
Baseline + CPN 0.76081 0.66788 0.71132
Baseline + Brown 0.74648 0.63174 0.68434
Baseline + Clark 0.79733 0.62991 0.70380
Baseline + Stemmed Word 0.80348 0.61161 0.69454
Baseline + Word2Vec K-medoids 0.76627 0.61939 0.68504
All 0.79566 0.67154 0.72835

When considering the precision and recall, only exact matches were considered. Partial
matches were considered as false negatives. CPN has improved the result considerably
compared to other features. One of the major reasons could be usage of capital letters in
feedback. Some of the mentioned entities did appear at the beginning of the sentence. Further,
many targets are named entities, and there is a high probability for them to appear in title
case. CPN is much sensitive to title case because it matches whether word contains a capital
letter.

Brown clusters, Clark clusters and Word2Vec K-medoids are word embedding features. They
provide a cluster representation on words depending on their relative meanings. May be the
dataset size being small can be a reason to obtain lower results by Word2Vec K-medoids
feature, given that in previous work Word2Vec models were trained on a much larger
dataset[18]. Among the word embedding features, Clark clusters has improved the results,

but even its improvement is considerably less compared to CPN. Stemmed word feature is

304



also like clustering. For an example, both “Lecture” and “Lectures” will be clustered in to
their stemmed word “lecture”. It has a less improvement in F-score compared to Clark
clusters but it has improved precision considerably.

In both precision and recall wise, the maximum accuracy came by combining all features but
only for the recall, maximum accuracy was obtained by baseline and stemmed word feature
added, but it has a relatively lower recall. The evaluation of the result shows that adding more

features increases the recall.

6. Conclusion

In this work, we have focused on opinion target extraction task of the general student
feedback, which is the first sub task of summarizing student feedback. We used a CRF
classifier to address this information extraction task. As the baseline, we used the supervised
approach used by Luo et al. [1]. Experimental results show that our method yields better
opinion targets extraction performance than this previous work [1], which is done on
reflective prompts feedback.

Future work includes the other two subtasks of student feedback summarization process,
which are clustering the extracted opinion targets using a suitable clustering algorithm, and

identifying the student's sentiment towards the opinion target.
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Abstract

This paper describes a system to extract aspect categories for the task of aspect based sentiment
analysis. This system can extract both implicit and explicit aspects. We propose a one-vs-rest
Support Vector Machine (SVM) classifier preceded by a state of the art preprocessing pipeline.
We present the use of mean embeddings as a feature along with two other new features to
significantly improve the accuracy of the SVM classifier. This solution is extensible to
customer reviews in different domains. Our results outperform the best recorded F1 score in
the SemEval-2016 Task 5

dataset consisting of customer reviews from restaurant and laptop domains.
Keywords: Aspect Extraction, Sentiment Analysis, Supervised Machine Learning, SVM,

Preprocessing, Mean Embedding

1. Introduction

The Internet has become the means of expressing opinion and view of consumers of
products and services. Information contained in these reviews is of great value to other
consumers as well as the companies that own those products and services. However, consumer
reviews are often unstructured and noisy. Manual analysis of this huge amount of data for
information is impossible. Automatic sentiment analysis of customer reviews has therefore,
become a priority for the research community in the recent years.

Conventional sentiment analysis of text focuses on the opinion of the entire text or the
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sentence. In the case of consumer reviews, it has been observed that customers often talk about
multiple aspects of an entity and express an opinion on each aspect separately rather than
expressing opinion towards the entity as a whole [1]. Aspect Based Sentiment Analysis (ABSA)
has emerged to tackle this issue. The goal of Aspect Based Sentiment Analysis is to identify
aspects present in the text, and the opinion expressed for each aspect [2].

One of the most crucial tasks of ABSA is to extract aspects from the review text. The state
of the art systems have trouble in working with multiple domains, detecting multiple aspects
in a single sentence, handling a large number of hierarchical aspects and detecting implicit
aspects where the aspect is to be inferred from the context [3]. The objective of our research is
to develop new techniques that would be able to perform aspect extraction from customer
reviews with high accuracy, across multiple domains.

A one-vs-rest Support Vector Machine (SVM) classifier and a list of carefully selected
features are at the core of our supervised machine learning approach for aspect extraction. We
identified that when Mean Embeddings are provided as a feature to the SVM classifier, results
get improved significantly. The system was further enhanced using a clever text pre-processing
pipeline complemented with context sensitive spell correction. Our system is able to
outperform the best results submitted for SemEval-2016 Task 5', in both restaurant and laptop
domains.

The rest of the paper is organized as follows. In section 2, related work is discussed.
Section 3 explains the SemEval-2016 Task 5 dataset. Section 4 elaborates our system in detail.

Experimental results are discussed in section 5. Finally, section 6 concludes our paper.
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2. Related Work

Aspect extraction is an important and challenging task in sentiment analysis [4]. There is
previous work on aspect extraction based on different approaches. Frequency based methods
of aspect extraction consider frequent words likely to be aspects. Frequent nouns and noun
phrases are considered as frequent words in this approach [3]. Hu and Liu [5] consider single
nouns and compound nouns to be aspects. However, not each frequent word in a review
sentence refers an aspect, thus this assumption leads to low accuracies in the aspect extraction
process.

Syntax-based methods for aspect extraction use syntactical relations between a sentiment
word and the aspect it is about. The ability to find low frequent aspects is an advantage in this
approach. Still, to have a good recall, many grammatical relations needed to be found. To
address this challenge, the double propagation algorithm is used by Qiu et al. [6] and Zhang et
al. [7]. Yet, the presence of implicit aspects is not addressed in this approach.

It has been observed that machine learning approaches have excelled in aspect extraction
task in the recent literature [3]. Many supervised classifiers have been used for aspect extraction
in the literature [8].

Hercig et al. [9] present a system that uses a maximum entropy classifier for aspect
category detection. The system is fed in with a massive number of features in order to get
competitive results. These features are categorized under semantic, constrained and
unconstrained features. However, despite using many features, this classifier was not able to
outrank the best performing systems at SemEval-2016 Task 5. It is observed that most of the
best performing supervised machine learning models use SVM [10].

In contrast to the supervised machine learning methods, Toh et al. [11] presented a hybrid
approach, which uses deep learning techniques along with a binary classifier'. The model has
been evaluated with restaurant-domain and laptop-domain datasets of SemEval-2016 Task 5.

This model has achieved the best score in the SemEval-2016 Task 5, with an F1 score of 0.7303
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for restaurant domain and 0.5194 for the laptop domain. We consider these results as our
benchmark results. We try to outperform this complex system using a simple SVM combined

with carefully crafted features.

3. SemEval-2016 Task 5 Dataset

The existence of a dataset such as the one provided by SemEval-2016 Task 5 provides a
standardized evaluation technique to publish our results, and it can be compared fairly with
other systems, which are evaluated on the same dataset. Previously many different researchers
used various datasets in their publications, making it difficult to compare and contrast the
techniques discussed. SemEval-2016 Task 5 consists of several subtasks and slots [12]. Our
system focuses on Slot 1 - Aspect category identification in Subtask 1 - sentence level ABSA.
Details of subtask 1 is as follows,

The task is to identify all opinion tuples when opinionated text is given about a target
entity. Subtask 1 is composed of 3 slots.

e Slot 1 - Aspect category: Identify entity E and attribute A pairs (denoted E#A) in a
given sentence. E and A are chosen from predefined entity types and attribute labels,
respectively.

e Slot 2 - Opinion target extraction: Extraction of expression used in the sentence to refer
to the entity identified in E#A pair.

e Slot 3 - Sentiment polarity: Identify polarity labels (“positive”, “negative”, “neutral”)
for each identified E#A pair.

Our goal is to identify all aspect categories mentioned in each sentence. SemEval-2016

Task 5 dataset of English reviews for restaurant (training: 2000, testing 676 sentences) and
laptop (training: 2500, testing 808 sentences) domains are used to train our SVM classifier.

Training sentences have been annotated for opinions with respective aspect category while

taking the context of the whole review into consideration. The sentences are classified under
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12 and 81 classes in the restaurant and laptop domains, respectively.

4. System Description
In this section, we present our aspect extraction system. Our goal is to extract all the
relevant aspect categories for a given sentence. We developed an SVM classifier for this task

and evaluated its accuracy. The structure of our system is illustrated in Figure 1.

 EE—
SemEval-2016 »| Preprocessing

Task 5 Dataset Pipeline

)
Feature

Extraction

One-vs-rest classifier

\ ’ v
Linear SVM Linear SVM Linear SVM
Classifier Classifier | =======""" Classifier
1 2 n
v v v
[ Prediction Aggregator ]

\ 4
Aspect Category Predictions

Figure 1 System Structure

4.1 Preprocessing

The dataset is stripped out of unnecessary content such as HTML, and the encoding of
text is corrected. The pipeline neutralizes incorrect consecutive letters in words entered due to
the excitement of the reviewer (s.a “s00000”’) as done by Machécek [13].

We then present the sentences for spell correction. Both isolated word™ and context
sensitive spell correction” were experimented with. We observed that context sensitive spell
correction performs far superior than isolated word spell correction. For example, consider the
sentence “I lve in the neightborhood and lve their piza”. Individual word spell correction
corrected both occurrences of “lve” by “live” where context sensitive spell correction replaces

the first “Ive” by “live” and the second “lve” by “love”.
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The reason to specifically use this service is that Bing spell check API provides correct
context sensitive spell correction via machine learning and a statistical machine translation
based on a highly contextual algorithm.

After the spell correction, English concatenations present in the sentences were expanded
(i.e. 'can’t' become 'cannot'). Punctuations present in the data were removed and all symbols
were replaced with their word meanings using regular expressions (i.e. - % will be replaced
using percent). Moreover, all occurrences of numerical prices and “$” symbols are replaced
with a price indicator word. Finally, we remove commonly occurring English articles such as
“a” and “an” from the text. Converting all the characters to lowercase is not performed at the
preprocessing stage since text features such as Named Entities are case sensitive. However,

when creating the lemmatized bag of words, the text is lowercased.

4.2 Features

The SVM classifier requires informative and effective features to improve the results. We
came up with following features, which were extracted from the preprocessed text to train and
test the SVM classifier. We identified some of these features from recent publications made on
SemEval-2016 Task 5. Moreover, we introduce some of our own features, which were not tried
out in previous studies for aspect extraction.

Shown below is the feature combination that contributed to the best F1 score of the SVM
classifier according to 5-fold cross validation. The last 3 features on the list are newly

introduced.

4.2.1 Lemmatized bag of words

Used Stanford CoreNLPY to tokenize the text, and the stop words were removed. Then
the tokens were lemmatized and were provided as a feature to the SVM. UWB system [9] and
BUTknot system [13] at SemEval-2016 have lemmatized the text in a similar manner.

Lemmatized bag of words is the base feature of our system.
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4.2.2 Custom built word lists

Restaurant domain - We manually compiled a collection of restaurant food and drink
names. The food name list contains 1302 items and the drinks list consists of 1400 items.

Laptop domain - We built a collection of laptop manufacturer names, operating systems,
processors, display resolutions, CPU quality, hard disks and laptop model series.

Custom word lists were used in past research and could be observed in the BUTknot

system [13] at SemEval-2016.

4.2.3 Opinion target annotations
We extracted the opinion targets that were annotated in the training dataset. Lemmatized
opinion targets were fed as a feature to the SVM with the respective category of the opinion

target. BUTknot system [13] at SemEval-2016 has taken a similar approach.

4.2.4 Frequent words per category based on tf-idf score

We built a custom list of frequent words per category in the laptop domain. UWB system
[9] at SemEval-2016 has implemented this feature in their approach. We used equation (3) to
extract most important words for each of the categories and manually filtered noise words such
as stop words and numbers. We created a document per category by combining all the sentences

belonging to a particular aspect category together.

tf(word, category) = % (D)

idf(word, categories) = log( = ) 2)

1+c,
tf — idf (word,category) = tf(word, category) = idf (word, categories) (3)
Where,
tf - term frequency score of a word in a given category
idf - inverse document frequency score of a given word among the categories

fw - number of times a given word appears in a category
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ny - total number of words in the category
Cn - total number of categories

Cw - number of categories containing the given word

4.2.5 Presence of price in the text

Presence of price in numeric form in the raw text is fed as a feature. This feature is
important to distinguish the price aspect of the respective entities. BUTknot system [13] at

SemEval-2016 has presented similar feature in their approach.

4.2.6 Presence of exclamation mark in the text

Use of exclamation mark to express excitement is used as a feature. UWB system [9] at

SemEval-2016 has used this feature in their approach.

4.2.7 Bag of five words at the end of sentence

The last five words of a sentence excluding stop words are fed as a feature to the SVM.

UWRB system [9] at SemEval-2016 has incorporated this feature in their classifier.

4.2.8 Named Entity Recognition (NER)

Indicated the presence of a person, organization, product or location in the text as a feature.
SpaCy"'" was used for NER extraction. Saias system [14] has used a similar feature to extract
opinion target expression for SemEval-2015 Task 12. Ahiladas et al. [15] have used NER to
extract food names in their Ruchi system [15]. [IT-TUDA at SemEval-2016 Task 5 by Kumar
et al. [16] has also used NER for opinion target extraction. In contrast, we provided the

extracted NER tags as direct features to the SVM classifier.

4.2.9 Head Nouns

We extract the head noun per sentence phrase, therefore a given sentence with more than

one phrase would contain multiple head nouns. Part of speech (POS) tag is considered to select
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a noun. Stanford CoreNLPV is used to parse the sentences and obtain POS tags of the words.
Singular noun (NN), plural noun (NNS), proper noun (NNP), plural proper noun (NNPS) POS
tags are considered when extracting nouns. If multiple nouns are present in the same sentence
phrase, rightmost noun is selected as the head noun. Presence of each extracted head noun is
presented to the SVM as a feature. Therefore, a feature is introduced to the SVM for each head
noun identified.

This feature is not observed in past research. Instead, in past research, a single head noun
per sentence has been used. For example, UWB system [9] at SemEval-2016 Task 5 has
incorporated Bag of head words as a feature to their classifier. They have used the head of the
sentence parse tree as the headword. Consider the sentence “The food was well prepared and
the service impeccable”. The word “food” is the head of the sentence parse tree and thus
considered as the head noun of the sentence. However, our approach would pick up both “food”
and “service” words from the separate sentence phrases of the sentence. This helps to capture
multiple features describing multiple aspect categories present in a single sentence. We found
that getting the head of the sentence from the sentence parse tree does not always provide

correct head word as seen in the ablation results by Toh et al. [11].

4.2.10 Mean Embedding using word2vec

Word embedding represents a class of techniques that represent individual words as real-
valued vectors in predefined vector space. Word2vec is a group of related models that are used
to produce word embeddings [17]. Mean embedding vector for each sentence was calculated
using word2vec GoogleNews vector pre-trained model”"' and used as a feature for the SVM.
This feature was not used in past research in aspect extraction. Equation (4) can be used to

obtain the mean embedding vector.

n vec(word;)

MEV = i, " ()
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Where,
MEV - Mean embedding vector
n - Number of words in the sentence

vec(w) - Embedding of word w
4.3 SVM classifier

gx) =w' ¢(x) + b (5)

A Support Vector Machines (SVM) is a discriminative model used in machine learning. It
uses the discriminant function shown in equation (5), where w is the weights vector, b is the
bias, and ¢(x) denotes nonlinear mapping from input space to high-dimensional feature space.

The parameters w and b are learnt automatically on the training dataset based on the

principle of maximized margin as indicated in (6).
min WIW +CXV. & (6)
wb 2

st {}’ig(xi) =1-¢
Lle>0i=1,..,N

where ¢; denotes the slack variables and C is the penalty coefficient. Instead of solving
this problem directly, it is converted to an equivalent quadratic optimization problem using
Lagrange multipliers.

The training sample (X;,y;) is called a support vector when satisfying the Lagrange
multiplier a; > 0. By introducing a kernel function, the discriminant function can be
represented as in equation (7).

9(0) = TLiayiK (X %) ()

We used a one-vs-rest multi-label support vector machine classifier to classify the text
into multiple categories. Therefore, in the restaurant domain, 12 classifiers were used and in
the laptop domain, 81 SVM classifiers were used. A sentence may be categorized into multiple
categories. We used cross-validation for selecting the optimal parameters of the classifier.

According to Joachims [ 18], most text categorization problems are linearly separable. Due

317



to this reason and the higher dimensionality of the feature vectors, it was more suitable to use
a linear kernel. Furthermore, training an SVM with a linear kernel is faster compared to other
kernels and there is only one parameter (regularization parameter) to be optimized in the Linear

SVM.

5. Experimental Results

Table 1 presents results of ablation experiments on the testing data of the two domains
using the SVM classifier. It is evident that the Mean Embeddings feature contributes
significantly to increase the accuracy of the system compared to other features in the two

domains we considered.

Table 1 Experimental Results for SVM

Feature Restaurant F1 Laptop F1
Lemmatization 0.6034 0.3731
+ Exclamation mark 0.6022 0.3712
+ End words 0.6081 0.4146
+ Named Entities 0.6111 0.4282
+ Has price 0.6134 0.4255
+ Term list 0.6692 0.4774
+ Head nouns 0.685 0.4906
+ Mean embeddings 0.7203 0.4991
+ Preprocessing 0.7418 0.5221
Benchmark 0.7303 0.5194

The benchmark system uses a complex hybrid model with Convolutional Neural Network
(CNN) and Feedforward Neural Network(FNN), whereas we achieve better results using a

simple SVM fed with clever features.
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Highlighting the significance of preprocessing for the features used with SVM, the F1
score drops to 0.7203 and 0.4991 in restaurant and laptop domain respectively without the
preprocessing pipeline.

The inclusion of context sensitive spell correction during data preprocessing was not
observed in past literature and we emphasize that context sensitive spell correction helps to
perform more accurate aspect extraction. This is because customer reviews are written by
laypeople, and reviews are often written using short-hand versions of words typed in a hurry
using a mobile device. The final F1 result increased by 1.78% when isolated spell correction

(0.7288) was replaced with context sensitive spell correction (0.7418) in the restaurant domain.

6. Conclusion

In this paper, we presented an effective SVM classifier that performs better than the state-
of-the-art classifiers for aspect extraction. Moreover, we introduced a pre-processing pipeline
to enhance the accuracy of the classifier. All features to the SVM classifier except the custom
compiled lists can be automatically tuned for a new domain. We were able to outperform the
best F1 score reported for the SemEval-2016 Task 5 in both restaurant and laptop domains
using our classifier. We observed the use of deep learning for aspect extraction as an emerging
trend in the field. Therefore, as future work we hope to perform more research on aspect
extraction using deep learning techniques. Moreover, we would like to experiment the benefits
of a hybrid classifier that uses deep learning and supervised machine learning.
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Abstract

The topic is to develop a user interface of speech enhancement in this study. This system

includes of typical and based-on machine learning algorithm and provides a convenient and

user-friendly interface. User can obtain waveform and spectrogram of enhancement speech
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and play and restore the enhancement speech in this interface. TMHINT database with car
noise or baby crying is used to test this noise reduction system. The results show that typical
methods are only capable to reduce car noise, but the methods based-on machine learning
could reduce both of these two noise.

FEsHEE © EERYTR - NMF - DDAE -~ #2552 ~ (&I

Keywords: Speech enhancement , NMF, DDAE, machine learning, user interface.
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(convolutional neural network, CNN) » #5 ic 53 48 P~ = SEFFHCT 4078 00 2 32 0 R D™ 2l
GrEa[23][24] o » v = R * 2 S FRR[25][26] ¢ o

AP P E I b Y RS O SRR A PR R AR i
‘ml 5 »ﬂ’}‘“ﬁf,u nﬁ—%&ﬂlﬁﬁﬁ 1«}5-,&?&%{ ,47\;};;1 L E X m{&’fﬂ% Fe 1% ';uftl-fj'%])‘i‘f § F
AR s 2 PR R o ¢ AR BEE R RIS 0 ST R R e g RS
B AR 5 AL TR GBS SRR NN Rk i
g s & oo BT RIE 7R -

A %H’ LRI f\f%&%i%“’“'l B A BERFE B 2 AL AL (AL ® 8 chfiRdT o

u:%f B aw Smeank o Tt 50 Y m’“m%&%f :-J G E
??‘Lmﬁﬁi s AR AL B2 (8 R S hmte (T o R SRR E Y R EE kiThl o
“*mmﬁﬂéﬁinﬁ%%@@Mmeﬂiﬁﬁm%amwﬁmmmm’ﬂ%iﬂWX%
HETOE P BEFRAT L RATIPAERRFEZAEY SR O ERUFEAM Y
2B B o R R I BT AT A g e o

ie ;‘;

2T

!

«

c\“ i
/\‘

Ay F o AR FHA SRR KR RS TREHT Gie  B R A LR S A
FrE AP - Rt i 25 ER LR DA o) vl B MGRELE i
A BRI R - A X B AR B AFEARRA D MR A S A TIE
AR R BT T O AR B S B P R KBRS R R chE g o
Flt o APEH N OFE 2RI AR R 2 A RRIEER T AR R A A F
ﬂg—a“v'u e ANV - R LA S
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2. R AR

21 2 BEAER f

" 4 4
i Sam— -
. UATTT I IY ey

":;-s:‘ﬁﬁ""vp "‘m"mmu

W21: 3 5k [7)

CRR R A P LRSS A A A2 R e D W(21)477
B g AEE R P B g RS (et aEF 2 Y ) A P BRI 3 PR DD
PRI E AP fEeom e st LRt A o R epBl o g d bR P B BB R R R @R
BRI S B T R AP RIES F A B R IR T RERCERE
B ARG ika FH ¢ Behz [ REF R REER R PR 0 PR AR
ﬁ‘i}.ﬁs;g i@i’meif’éE’ %?QP@?%’E'J#&%&’ B iEM 1PN f‘*/%"ﬂ“%«,férﬁp\ a, ﬁﬁﬁs;g@g;ﬁv

g o A de BN e Gk g o 20 2k % f(basilar membrane) b A 4§74

RS DFE AT A AR 0 FATEAI(D R - base) DH FH KA § 5
TEIR({6 5 0 apex) R A I o PR R T P S L ARAARN Y TA A TR b
Fleeniz B A2 ok Ribg o Ft o ARWT ARG - kG il B ROl g 8 T
B AL LIRS R R LR ARERI D4 A IR @ T AR ik
AE S g+ 69 5 20 Hz ¥ 20000 Hz » T % < #FCE # 7

&

AR (T e d ¢ P F LR 7 % < E (organ of Corti; ] 2.2) i F chiiord F 3

S L dmie fodt Ldmie o R 2 A4 - @ B DT B R S A R L R LT R
Ll AT AT B AL o
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PISKER
HETHRIAZ mes zeRn

(¥EE)

W22 AN CE (7]

2.2 B R A
P 553 #d NSL(Neural Systems Laboratory)§ & % #74 o » fﬁ‘r} FEEEFRPRE T & &
AN A P S BTk S T R B UL R BRI X A AL R i AR

B Jfg_‘;t] ¢ 70 A AR ARNA A ) B EERY £ (early cochlear stage) 2 + " 4 T 1 £ (cortical
stage) o JF‘f S AN BB gE b chp o
B G5 RS A AL H R iR - o

mo

.

£ dnde rfid B AR 0 WA G B R AR R
AR - A Rt Berd

23 AR A4 9 B R

Acoustic Analysis Transduction Reduction Auditory
Signal Cochlear Filter Harr Cells Lateral Inhibition Spectrogram
Hicx) I
Acoustic Signal o Axbry Speciogmm Ve
Yeoen |4 g M Yan
o e o @
100 200 200 400 500
Tirre (rra) Hicx) huur cell tages
S 100 200 200 400 500
'. Time (ms)
o +
togla memty ne Mers lg2rd nHYDry nawork

B 2.3 1 A4~ B ¥Rrg B2 S BLAST IR AL (7]
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AP B HRRE A & R ARACRI(2.3) 478 0 F B ABLE R RE LEZ B D A
(analysis) ~ & #-(transduction)r? 2 R $r(reduction) » @ 2% i 4] % 12T B 0k % 2 H fiogR

Yeoon (t:X) =s(t) &, h(t; x) (2.1)
Y an (6. X) = 9 (0, Yeoen (t, X)) ®, W(t) (2.2)
Yun (6 X) =max(@, Y a (t, X),0) (2.3)
Y finat (1, X) = Y (6, X) @ U(t;7) (2.4)

F20)EA4FIA 0 KRB sS) B2 R ER o RARN RBH AL X JRAT
FoRF i PR K o h(t,X) R ARAREY 2E 3 xhE 4R %@’x%é%%ﬁi
BEAE R G R IRAPBESE o A AP # % 128 B E A e @ A 2 4 B e i Rk B 2 (band pass
filter bank) k g & =8 cnx 3R BR » H ¢ ¢ ol FJo8E B = F #c Q(constant Q)mﬁe,é %o Ao
(2.5)

7 A7 F(center frequency)

47 #(bandwidth) ~ " 1 (2]

POLHE S At Y B35 4K 0 2 ¥ 0 R Bk B0l IR 2 5] - 2LARBR SR
B ETIF(2.2) @ BAMPRGLY MERIAFAADRBE LD L e T A
NS mEe e eIl f o R FARIT PN L dmie gt 2 g — P& $rd] iv* (lateral inhibitory
network LIN) » 4=3%(3.3) » = it 7 BOAL b ARITHR I i oo fs e

015 : : : ; :

Frequency (Hz)
N

600
Time (ms)
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Bl 24 75 ASLE LAY SEA PR T AE 2 2 A

Bl AFLEUE- HeBPF ot 24) o a BF AT HNAH A F(2.6)
t

u(t;z)=e “ x u(t) (2.6)

FE M PRI AT By 4 ,T" e §_PEAR 3¢ e AR 2 B (auditory spectrogram) °
fr— dene pF g > 34 347 3% B (STFT spectrogram) 7 Fe 2 R i 02U 47 3% rrHip FhhF ¥R R
YoBl(2.4)07T 0 F B F S PR S Ra L T A T R O TR - O 4T o

24 BE R icA-~ el BB

E e AR S A T AL ek S AR RIS ARTEHEY O Vi LS
@%”ﬁ)’ﬂtﬁuf EATE P T H B o < PR B AL Tl SV ARAR G - ,Z‘s QI A\ e 8
S MPFAT S %k B (spectro-temporal modulation filters , STMFs) » ¥ 12 % & 247 9718 7|

m{@?%ﬁ;ﬁ o fik PR T AL HA BB A eI AR ng“:}ji?» FE»mE%KF NIRRT ﬁié-% » AV IBCE
A Al {8 e _3§m?.'1ﬂ(%£'f{r.§ ..:_;STMFﬁ 7 {6 2 '?ﬁ'ﬁ\"% s wirnl ﬁ_ﬂ’. b RS

@ 4 “=
SRITE g o

4 % STMF eh%-%ce 7 7 rate w, (Hz) ~scale Q. (cycle/octave) 14 % = m {4 o rate 4f $5_7
REMH - FERhangit@ R > 7 scale PIEgFH O B L FH I dhebag £ 4 F iw o pteh s
rate N EL £ T STMF e w3 ( X/ #BEEE » T /et 2 w)> @ STMF a8 5 5
VLB (2.7)%(2.8)

STMF . q,(w, Q)

— {lF{hrate(t; wc)} &® F{hscale(f; Qc)}l; 0<w;Q<m (2.7)
0, otherwise '

STMF_,,_q.(w, Q)

— {lF{hrate(t; 0e)} ® Flhseqe(f5Q)},-T<w=<0;0<Q<m (2.8)
0, otherwise )

AR A - Bl FEd Q@ L orate (o, ™ Hz 5 =) fr scale (Q, ® ms 5 H

) ] PR B A S AR e B Rpgre 7 Rscaie 1AL R U PRI AR it B
(Gammatone filters)*7i8 Flelw, % Q5 7 & e— APEFR 2 4 5% R 0 40(2.9) -
hrate (t; Wc) = t4€_2nBWmtetCOS(2T[WCt) (2.9)

hscate(f; Qc) = f4e_2anscal“’fCOS(2T[QCt) )
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M AR %BWmte 'f‘-" BWSmle g ‘fﬂ% v # ¥ Wc 'frﬂc i i‘% st oo

BI(2.5)R] i % 24 B = B STMF 0% e 8 s » &
{05,1,2}cyc/otc> * H = w4 2 e o @ B(2.6)] F_
EAHL 5B 8HEH b STMF IR 52 B % o

\\\?{r

St

[ Q (cycloct)

I W NN

A \\\ L\\ __"P 'l- Il. I:

. i . - _
Ll CL R N N S = Ead 2N 7

| |
| I I
-32 -16 -8 -4 4 8 16 32 @ (Hz2)

B 2.5 : STMFs = 9% e 45 i 4 61

Auditory Spectrogram

Frequency (WD

10 200 300 a0

Tme i ‘

Multiresolution Cortical Filters and OL[,IlpU'ES

_|_ | | |

FastRate
Fine Scale

Fast Rate
Fine Scale

Slow Rate
Fine Scale

Slow Rate
Fine Scale

Upward Downward

Fast Rate
Coarse Scale

FastRate
Coarse Scale

Slow Rate
Coarse Scale

Slow Rate
Coarse Scale

Bl 2.6 1 S4B ARG RS TEI DT FHL SE8EI P DSTMF gk 12 2 5%
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3. t‘F‘d T—Qgﬁ%' ,:‘*‘ SuZE ‘f#__lfi’ ;ﬁa Tz

- Full
Convolutional . Y
Pooling layer connected
layer
layer

# T \
Feature map arget
Feature map

Kernel P

e

31 XA SR g A

Input

DERER S TEESE E RN

% ff 4 5 4 #(Convolutional Neural Network, CNN) 5 40 5 4 & e85 » 3037 (38 B 4= & o
THLEA R LR TR L AR IRR S AR AT B k5 202 % 60
Hubel fe Wiesel %87 § 5% % A& © 415 307 5 F AR e g L 3 I E g chis 7 12
oo R LR A S R e SR T R ) o

- AR A R § 2K % &K (convolutional layer) 7 i+ & (pooling layer) v £ #
HHE & K (fully connected layer)  B1(3.1) & 3 578 i) SRR 2 o bl o U 2 80 5 B
Bl 2 - RS R o S Y L S (kernel) B B 5 0 T it
551 8 49 $ i 0% g (feature map) » & 1 % ff 2 47 (8 Bl e el 8 A - b2 T 0 2 TG
IR TEERITE Y . W SR R AT) R L NS I EY (RN
¥oWBA: EHEHEEIE 2 o)

1 1 1 0 0

0 1 1 1 0 1 0 1 4 3 4

0 0 1 1 1 0 1 0 2 | 4] 3

0 0 1 1 0 1 0 1 2 3 4

0 1 1 0 0 Kernel Feature map
Input(image)
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FAEEHY T IR LS A E ] B Pk s i e - B A
#f*rzz@%] NEMEEAE S FTRENRAIGEEE A P R E D IEE & (over-fitting) eniFA) o F)
AP F EI O EBIE G T B R YRGB R R t“i‘eim#ff“ilgwﬁﬁﬂ’&@
E iafuf‘u{?;ﬁ EFREILREOERS BN TIHE Ng;fé%;r fbﬂm@ﬂ,j}ffﬂ
(pooling) » BI(3.3) 7% — B = ¥ it ehb]+ o

Maxpooling with size 2x2

B3.3: 4[5 222 & it b

—

MR R 0 A ERA SRR E ;ﬁ" D R B R S R e i SRR 0 T
z:zﬁ%] ARG A e I EAF I AR RS N TR G 2 %ﬁt* +% A #F (classification)

B fﬁs (regression)ei ik 4+ o

3.2 fE2l % H

Convolution
24 kernels Fully connected
kernel size=7x15 Maxpooling 4 layers,512units

pooling size=1x5  ge| U activation

Softmax
100 classes

Convolution

Input 20 kernels Merge ,‘i E —

size=1x2200 filter size=1x200

F—l— [

B) 3.4 : &g 4 enfic A % 1‘;
Al o AP/ - B ik%’;%ﬁgd G =S g{q;gsﬁ;gy Bl % &L N erdt
&0 é; - aE Rk D ahE A P i'-)é] VLR w R R R A
B L0 R REFEOEERETRE TR 0 AR » K E_ A S P egE

o LR i
i gl Ll i 4

K Ao RI(3.4) 507 o
— RS

B MOEFEE AP 0 S F PR R A PR RS RS R

R RS ER RN &AoW““Wﬁ%ﬂ%%*ﬁkﬁwﬁ$uﬂﬁﬁﬁ#&Q%
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o ERERY 0 BEMPEFIRE S T HE BRABTEFINRERRAEFRA] > T EI AN
B B Ao i34 0 B aR RS BB AT o -

DT HGS > o B F R APEY T 24 B XIS HEF o KRS NA T
FEECPF > & IR (F— B - AP R T nfEEbe (5o A 1 R P E Bl e %
:H—Jé‘-ﬁ AT R (TR M kR A rﬁﬁfwrm\ﬁ B oM PR &R B AR P AT B ehE

ETIE

M2 P oo A0 i€ * 2008 NIST SRE (Speaker Recognition Evaluation) 342 & ¢ 3% § 3500 ¢
AR E d %3 Bdp P P (Linguistic Data Consortium, LDC) % # B B 4% & B jisF7 7 #7(National
Instltute of Standards and Technology, NIST)#7# ) °

AT R S training set 7 oshort2 (W HEEA > FE B AN S A4 2L BE A 5
3R nEE o A PRI 100 4 0 E R RIS L FBG S BH R RS X 255
5 H 0 e r T4 NOISEX-92 R0k £ Jeqt  iei § ¥ $L R AR

O RERRGER BT R RLR AP 28 B F Fh Y o PE
A FAGER TR R AR TRIET TR A P22 5 F MRl

TP o m &

=i
g
%‘A
=k N
Fow
]
(»x
Ny
&
i

455 RJLF B Ao Sk L

A ¢ A PHCA B 5 275ms B 0 AT R AP RE S R Bk Hz 0 SR R
v feF R ¢ OE RPN G e P MR (T~ R S 2200 BE) 0 B MDY
RpE 50 e REDEZRE gL Benx L 3900 F LS T ER L HF 4] 5 25ms (200
BL) o PR T F YRR Y S AE S 5 80Hz ~ 4000Hz e i jpak T ek RN > T 2 01 F 10ms (80
B 5 B AR B ARR R o FR R HCD G RO E A TPE 0 RApUBLEE I ) g2 5t e

- BEFE IS ATE-20 B BE RS - EARHB(X - 5 120 kernel * n frame)
TRIN-AEHPASFIREL R BT o 29— B E S 50ms G o AR 3 eh
Eftrydhs ) 5 150 R3p- AEH1E10ms 5 - B APEw s yght o 5 15
T o R gF 7 150ms hE I ;@ Lt*i?—fﬁe'v‘ P A PEE xS ) L TR RP O ARG

[}%,J.;gggégﬁf[},\}i AT F A Fr,ﬁ,;,J_f,fJn'au g;b—gﬁp;;;;ps%gﬁ—,gi,#ﬁ%,
¥ g ,lti"ﬁﬁq@,&ﬂ ) ;kfys—auj; é{mﬁﬁﬁ’sklﬁir LRETREFHT m'ﬁ;ﬁ*“‘m °

- B A
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BREE A  BF BIRRE > EAART Y RRE AL RS 0 AR D
A GAET ko d AP M eniCA P o - A A T EE R ep A M chds (T 4 %‘«51
FI* 20 0¥ @ik B> £HEBEEDERTE > KEREATE TR o Fl5 A RH
e R B BREARAP E Y- BRA B 0 A 2IF Ak kA B (gammatone filter) & & 7 4
B o 2 G S S T M ORI A A e R e

g(t) =at"'e™™ cos(2r ft + @) (3.1)
He oo f(Hz) &9 o gEFApi > a ety n gt BFVEA » b (Hz) gk

Rgmg R o LEPER o &8 — B 12035 & % (gamma distribution) Sn#ick 23 % - H § chdi ;b o

Flpt o - BB FF R ANPEF A R Al WS S R R ER R S #&Q
(constant Q)R % » eV | * PTG A R R A BR A 4 E X 2 5B R2 Jpid Bl o T F(3.5)
AR R SRR TR D20 Bk B o B A BTHE 400 Bhenid 2 4 0 (7 3] 0 SR g R
oo X iRpBHE P SR F 2 B MBS (x #h o filter index){s e % o

filter frequency response

4000

3500

3000

z

)
3]
o
o

frequency (Hz)
S
]

-
[42]
[=)
o

1000

500
E———
0

2 4 6 8 10 12 14 16 18 20
filterindex

B 35:20@- AL FPaEE > FEETFZHFRTER

36 - &% i RRE T

B AR 0 Z RN Y A PR T 28 BEFR o AP Y 24 B STMF s
B Rl » AP B A 0 R TXAS ] Rk TEA P i @ S e 5
Sk W) 5 orate={4,8, 16,32} Hz, scale={0.25, 0.5, 1 } cyc/otc> % B> = [28] > 4 Bl(3.6)%T7F -
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BAE S ph b o AN TER S ) L T EFP AT TS ES BN RS (octave) s JERI(3.5)
BE RS > %EL¥ 14 F%ELE 20 B - A% Poeris o 5 4 B > T 2 1000Hz~4000Hz >
;Tu,;{ﬁ B A~ Ei'% °

LPREE S > F1L 50ms X N E_A R SIRiRE S P cho | H PRl o A X K a5
A 37 FIEC] rate #r e FoehgE f KBTI Flpt A PE ®150ms 5 AP R P x pheh s o] o
AR 2 RA6THZ > AT W IR e G e R AP B RE A
150ms 5 =+ > AT g PR S 250ms d- X bl A iip R phent o) o 7
LA 45 rate B M T 4Hz ciE S 4P e LA o

£l = M P E 10ms(s j L 100H) 5 5 fR kB D B 0 2SR AR P T
Fao RBEESOHz chg it & o SFEM A B ARFFdhinh 7t » NPT UEETD rate &
4~50Hz enpf i 23 % 1 153 o

r 3
Q (cycloct)
N 40-25 :
2 2 2 z T 2 2 2 2
: og| ° : ; :
: : : 4 . o :
2 2 2 2 2 - 2 2 2
L L 1 L 1 1 L »
T T T T T T I T v
32 16 8 4 4 8 16 32 @ (Hz)

B 3.6 : 24 B35 3 I chrate-scale S ¥ TEl D ki BEF A4
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4' R l‘ F‘}’éa
4.1 V8 kBN L

PR R WAl AP BT A R R E R % T A (AL 0 T4
$ & A R AR

Model
1D CNN kernel type 2D CNN kernel type Referred to
Al initial Gammafix_Alinit
Gammatone Fix
Al random Gammafix_Alrand
Al initial Gammainit_Alinit
Gammatone Initial
Al random Gammainit_Alrand
Both random Bothrand

#0410 T 48 e )

Gammafix Alinit : - &% f % F1 <5 20 B gammatone jpidk T2 %% > VREFREZ S, - &
R a2 BEFP o4k 8238 k2 24 B STMF- (8 RiBEn A1 2
F o @357 & i (feed-forward and back-propagation)i& {7 3" 3R i& B 3] ik 28 Ry el
o ARG RERRBREY P2 pa B TR D A AL FAL®RT URERY P s
AR o MR TERFHNGF HITERD IR LA o

Gammafix_Alrand : - 2 ¥ f# 12 F < % 20 B gammatone Jpid B2 %% > PR EZ H - B
o A O S ?a—%%a P2 EF e D REEVENE F o BIEFE 2R
DR o e B %”“"‘ SRR 22 % - 47 3] (Gammafix_Alinit)ip 17 0 7 e & - B L F G oA
WA e iE o NP AR §HETYIR N G BEFPEFTAFTE R o

Gammainit_Alinit : - &% ff ¥ 44577k 5 % 5 20 B gammatone Jp ik B2 B % - - B EFH
Pt dp AR B R S 3 A k2 24 B STMF» 18 kB w8 3 F o BT E 2445 IR %
RPEEAF - SRR PR A TR i3 s BIRFE T SF By 7 Y P D
% feom BT E -

Gammainit_Alrand : — ‘&% f % 4= 4535k 2 5 20 1 gammatone Jjaik B2 B % m - A ¥
P2 e a i EREEVENE F e BIFEZEFV RSB DBRRE Y =
%7 3] (Gammainit_Alinit)4p 02 > 7 o e S H - EF G DI EPA A E o NP RS € HT
PR BEFREFAITE NS

Bothrand : - 22 - @ X P> ¥ 3 L AP A4  ERBEVANZE F o BFFE 28R
T #

VIR AP R AR T E A Bk RER AN ERETVRAE L - A D ML
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Premie o 5 AL FEU AT 2 B A 2 e E e e

AT R RIS PR RE . T B A 20%hw0m%%F’T
E 80 BhiA- T AARE S :ﬂéﬁ%s‘ZMENﬁn%ﬁﬁ:?ﬁ@&<' 15 &
Boi iR o T A2 fdet 4K S BEcE 512 P E & K o o BI(3.4)%T T -

4.2 F k%%

AP ek e SRR RECERICEHCE Y o A BRI BRI B e
AR R S L BT AL NI PR L o P R B R &Y o AR et T
BHAHD RS PR 8 b Py €4 A PR A SRR B RS B R
TR A ap b 12 L REFTHH% -

BIETRER SALA PG BT ot BRI A W 5.0 5dB #E S AR 0 - £ A S
AR R HRT AR AR E I R AP A e B E A A R e 4w

buccaneer % factory -

TA@B2) NI FRHRDFRES K TP R F %3 gammatone ik Bl 0 &%
ALFATHE - BDE P AFH RN DRGU OG- s R T ERCR R
SdF o gt AP ST B BRI (T3

o

I

w AR M- A HRPOREE A
P AR o R PR o
Il % 7 f&#-4] Bothrand e % 333 -

=k

»

1D CNN kernel 2D CNN kernel -5 0 5

Al initial 59.50% 77.25% 95.00%
Gammatone Fix
Al random 63.50% 73.25% 93.75%
Al initial 67.00% 77.50% 92.00%
Gammatone Initial

Al random 69.25% 76.50% 92.75%
Both random 56.00% 65.75% 87.00%

#0420 FHCAI RS SUAR g D MR SUBRR IR BT R F R A S

| R H- APk A%
PO AP ASEHT e R 2 3G 54 gammatone Juik FORCA] A X AT E
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R EEVRE BT HES S B 2% e B (4.1)57 7 o F] 5 F T_gammatone Jaid Bk k¥
7 g Fh A E LTS ‘B‘.‘Sﬁ% %47 4 8 M “‘ A B Bl(4.1) 2 L% » % £ F H2A] gammafix Alinit
% gammafix Alrand #7 % 2 - &% ff Jff%tg LA

At

L rER(4)Y B S BB IR RSB YR B - PR B S AR
+ ¥ ¥ gammatone gk B S ERFME > R A EH A RAEF 0 3 F A B R R
s UBHMPEHPRF  BP A 2B R4 *E%f%’? dR B kehdg o Ft AT R

ﬁ—““] BABYVRE > R AR P bR o AT RN R R F AP
L F FROEL -

L]
XN

A “§$ oy

MRS LB A (4.2)E R F I A MR 2T 5 H Z_gammatone g it B i)

p f?sﬁ%\» WA o @A PT LR a0 Fl R R T o R4S BUR G 5 BRE 0 F]

FERVRASOERLRT X BB O gk B BEEL R gt BOTE SRR
E&Egl C R el 0 » ﬁ*‘ukﬂ' ol PHEMPES & TR 4 Gy §le e

Gammainit_Alinit

filter frequency response

Gammafix g
1]

filter frequency response

4000

3500

3000

]
1331
=
=]

¥ 2 4 6 g 10 12 14 16 18 20
hy filter index
§ 200 Gammainit_Alrand
o filter frequency response
£ 1500 4000 Klizdidd
1000 3500
500 3000
0 N 2500
2 4 6 a8 10 12 14 16 18 20 I;
filter index § 2000
3
o
£ 1500
1000
500
0
2 4 6 8 10 12 14 16 18 20
filter index
N L & x> s 22 4 T U RN R S (e = S EYg o e 53
Bl 41: % FH‘;{E;L % ;/avﬂ*%ﬁ‘ﬂ%"_’: ’ ﬁ?i]\'z)' .iﬁfyl ~-"g—$7f§!‘f’—<*‘}’?»—? %*5%‘3@@

I Fe AR Ho BEFPARE G
taidm AT e o R AR ARATEEVREFBL - HEFP KDY

o
—
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7 %% % gammatone ,}ﬁ,ﬁﬂgmﬁ CER M T AR PREHSE - B
ATE IR ER o LBy - R 4 JI"KWE S ER L PR MBS -

-

2 (42)% 27 UFR > &G % gammatone gk Bk L w o ARG 0 38y F L7
5 4 i P # F] 'T_gammatone g A B o) & -5dB ;ﬁhﬁeﬁ" Sy R 5 F MR AL A R
e # % 0dB % 5dB } i Apizchd IR o Flpt AP o 2w ARG FAE I G o ay
FEteom B g% 4o B(4.2)7T o

Gammafix_Alinit Gammainit_Alinit

LERLURS BuNEULE  Emiap R BOGR R
EIW R A T L
EEOmDD ™EmIr

Gammafix_Alrand Gammalnlt Alrand

o Y L L
B ) O
UM i

Bl 42: s 2 JRAMBHEELET - ARG - BEHPARLEE R

TR T O T

M b .
| Bl

TRk e

‘ Ebcn-l

w o

F(4.3)% > AP B E40 5 B AP HAPE N APT UF RS
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Abstract

This paper sets out to study several important aspects pertaining to speech recognition errors,
especially the out-of-vocabulary (OOV) word problem that is caused by using generic speech
recognition systems for a specific application domain. To this end, a two-stage processing
method, involving error detection and error correction, is proposed. For error detection, we
explore and compare disparate sequence labeling methods to detect possible errors of different
types. Further, in the error correction stage, an effective phone-level matching mechanism
along with a domain-specific keyword list is exploited to correct errors of different types
detected by the previous stage. Extensive experiments conducted on four application domains,
including educational issues, industrial technology-related interviews and speech memos and

meeting recordings, show that our proposed methods can boot the performance of a given
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general speech recognition system on the aforementioned application domains to some extent.
BASEEE  sEE AR PSS > FEERGDH > FERMELL - RAIE

Keywords: Speech Recognition, Recognition Errors, Error Detection, Error Correction, Out of

Vocabulary Words.
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FH 3878 2593 1267 1665
GIL 204 176 323 85
EEESE 1 7 8 8 7
HERER 93.4% 87.5% 77.7% 75.9%
RS 94.1% 87.8% 79.2% 83.3%
g 4.8% 11.1% 19.3% 15.0%
T A SEERT 0.7% 0.3% 1.5% 7.4%
IR B 2 1.2% 1.1% 1.5% 1.7%
afraea 40 52 36 28
FERs PR U S SR K SR IR TR TS HE SRR
KHEEIEE BAPENE: - R A R FE N > B EE - I HEs A

FREN A BRSSP A IR ER R - TSI — 25 T A RS PSRV 7% -
() Higx
a2 g vt B 2 T B W S B M RE R IR S EAERE 28T BB B e S A 3R
HIEE# ~ sEH NS ek BEA A RORRERM: - N EsERE T > Pl Taal o thriEst
s RHY R BN A R ST REE PRI VAR © MU ST MRG0 851 S RES TR RS
SRAYFIEA > AEsBRt RS R MR =y B IR EE ~ St KOS R/ 4R -
AEBEFEEEERERT gt L > AR Python FEFESHIRAH
Scikit-learn[13] ~ Theano[ 14] 5z Keras[15] %2 (A28 528 FOFHICadig - 1555 =/ N 5]

FonAti it Ee DL 20 R o SERRE A OUEF IR ERE R 0.8 -

AR SR RS FPTRARIE SR = A DUIETE AT R el = AR
(Recal )NIZE R (Precision) > AP F1 778(F1 — score)(F Ry AN E Bgrh EZEFAL - HfM
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*="-  ROC 5 HHyVUIEFE A R (AL TRV E SR

FEIAIC

IEERERZ
HIE EEIEMES 36 i B E g
(true positives, TP)

SHERTEAZ
BIE LEsERT o I By B EsE R
(false negatives, FN)

sERRTESE
HIE EESERT - W H A M E IR
(false positives, FP)

IEHEESR
B BRI - M H g M E PR
(true negatives, TN)

TRFEIIR IERE Y SRR - H SSRGS > TR e I b (EMIRY 5 [BR (Recall,) ~
FAEE (Precision.) ) F1 53781(F1 — score JAETR > S .2 » $hasan] Z Sk 574 7R Al JHE -

TEARERT - AL F1 B A OAZE s smitya b 7% - Bt F1 3 8EEs (=
HRF 57 B8 7 [ RES AR T - R 73 A g YRR (A ccuracy )il B RE#E LR SO Y
FEZETE K Sy FARVANED > SUEAG R SCE SR > FAMTREL F1 o B FEERREE R G EmAy (s -

(=)~ (AR EERGER

REE T E IR =F AR B REE R (USSR oy SR A o S L {18 1A
73 R IERET(C) B SRR T(C) 73 FERAY Ko A MHIFR (D) R B 5(D) - SR AY - TG ISR
R EF 53 pRIEREF(C) ~ BHAFO) KB AF(D) - W HAEARETE RS - AR Rk £
7 A AR IR R 2 5

FeAbbis: TS TS MRERIR - I HEr T BE R T E R~
T F1 43880 B2 TR HE KB sn BIRE Sy S EIB I - DA N 3G AR ({4 ke B2 704
SVM - Decision tree » F1VU{EZE K 4GS 1572 - DNN » RNN » LSTM ~ BRNN > 3f; 5 jfE—

Lot eRET HERE R - M EBR T - 35 A [HPR (Recall) RAFHEE (Precision)(T—{E
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0 SR FL 598 - DBIEBBRAAS L — 207 -

B ERUMAES ] > EERE sk EsEr T - RIFESF 48088 f Decision
tree 52 RNN > [fT 5 Ryt 5EHT BRNN FHidE g AU S M AE s ar (N A 2min= - &
% BRNN HYIEMEF AR EFIREGE - R Ry T[RRI T © DR ERE i 2
FRBE I EE R H B RS R AP AEAUE T AR T R RAVATIRSCGEER > IR E
AVAR] > N R B Pk ) 1 BT s A SO Y B S SO SS Iie5y > B NG s
FYRHR R i (K > BRIV BRI SERAA SRR - 2) IRMHTE
BHEIM S - SRR A S T EREERAGS A RES A AIREE - B NEREE
S > AR RS R S T E 2 S A RS VIR SR -

R0~ EEREARANAE Corpus0l~ Corpus04 (- K st st ek (HHI580AE

Decision
Type | SVM DNN RNN LSTM BRNN
tree

C 0.9 0.97 0.96 0.96 0.96 0.94

CORPUSO01
C -- 0.85 0.62 0.67 0.61 0.55
C 0.9 0.97 0.97 0.94 0.95 0.91

CORPUS02
C -- 0.88 0.84 0.69 0.73 0.59
C 0.7 0.94 0.98 0.98 0.98 0.98

CORPUSO03
C -- 0.92 0.97 0.97 0.97 0.97
C 1.0 0.95 0.96 0.86 0.91 0.86

CORPUS04
C -- -- 0.62 0.70 0.79 0.71

PR T PRE IR S gEar M 2 51 > Pl 5 e — 2B RS EmAE s o s AL AU THPR
g M H B TN PR AR - 2 s 1 F SR o A ch 3k MY T AR R B i = 1o
e eHER 7P 3 AEOREY 1.4% > Fr U E BAHBIR R 22 R AYSEERIURS - MAEASE
Tt EAVIHER S 0A0 - TR S8R f iR ED > Tl B R oA MR > AT DAL L33 M ER

om
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FoE R E AR ST T o R LANERFHYEERIRACE » Decision tree FRIHAH
o FAE AR AR T Ry 28 $HETIEL{THS SVM K BRNN 1A B4 0y AE IR R By ]
RERIARy © DERAREE N E BARMER B o B B E B Al - NI SVM ffi
EARUWETE © )RR E R - HEANE SRR SCBRE] > #UE R MTE UL HEHE
FERVISTHEE A IR - M AT RE BB AR - A BAFHIRERIA -

R~ FEEERERIE CorpusO1~ Corpus04 SRE&AE MR K 5% A MHPR SH=R (H AL

Decision
Type SVM DNN RNN LSTM BRNN
tree

D 0.93 0.95 0.98 0.99 0.99 0.98
CORPUSO1

D - 0.50 0.22 0.44 0.44 0.5

D 0.97 0.97 0.99 0.99 0.99 0.99
CORPUSO02

D - 0.66 0.66 0.66 0.66 0.66

D 0.96 0.98 0.95 0.96 0.94 0.98
CORPUSO03

D - 0.66 0.33 0.57 0.44 0.8

D 0.95 1.0 0.99 0.99 0.99 0.98
CORPUS04

D - 1.0 0.66 0.72 0.66 --

e oo AN E B TR 2 1% o PR e B SR B R AR SR s A R e - I HLE
ANETRUTERGER AR R ENZ ESE - MERFIRRSTEZEEHR T Corpusod
2N EERE SRR IE AR Ry 0.83% - AEHERE SR EFERLL - RNN Ay RS &
RyZett > M ESTAIRER S E T TRE IR GE Z I > A EBAE T A S B FRIRH
W Rl ERFERE - DHENERERS B SRS > FrL e bi EHR
FASERAVIFR - TR SR TP R M AE B = B P AR By 0.83% > AR FAM
e Ry D R EE R - RS E b - PSR — AR S > &8
Wikt i H AT ARy O rl DAL —EERR A h B R (140« R s o o R p At 2%
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RT3 TTARIL BRI P ) - DARSRFF3Y - PR b 4 £ R 0

REFTAIRA SRR - IEHNIRMES PR B IR IR E A A — 5L -

7N~ Ebi Corpus01~ Corpus04 S RURE (HMIAE
Decision
Type SVM iree DNN RNN LSTM BRNN

C 0.54 0.88 0.96 0.98 0.97 0.97
CORPUSO1 S - 0.23 0.38 0.75 0.5 0.64

I - - -- 0.33 -- --

C 1.0 0.87 0.97 0.97 0.96 0.96
CORPUSO02 S - 0.29 0.77 0.79 0.71 0.72

I - - - 0.33 - -

C 1.0 0.87 0.97 0.97 0.96 0.96
CORPUSO03 S - 0.29 0.77 0.79 0.71 0.72

| - - -- 0.33 -- --

C 0.82 0.85 0.91 0.96 0.94 0.94
CORPUSO04 S - - 0.62 0.84 0.76 0.79

I - - 0.18 0.33 -- --

()~ PEEsERE R ERRGER

FE > FRAMEL T SRR EAVE B BR S Ry ZREE#T/A(Phone Match) i fy PM LUK
B R 5 7A R E Ry IMP_PM > 40[E S8 =6 /772 » I & R L AR R =1 B
sEEAAE DL B (B E e TR T AR LA S A (& i (false alarm) -
By T EERRE » TR AR SRR R E R 25 E - SR MIEHIT &
S A R A AR S s R M R B A e 8 e > N DA R EE AT H S AR DA B
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seorae] o [ EHEPIERTE & B T HVRBHSE F B IR RE T I H IR 78% ~ Mgt
49 87% » ZRIM AT HE— P B IEXGE - W0 H 23R H S PERE R P 5 (B4 78% »
FEHEEREY 90% - HRURTT 3% FIsaa R - M H S sh 2 oA i St -

Kt EERUEREETTAB RS R RRE

Corpus Name evaluation PM IMP_PM
Precision 75.20% 82.00%

Corpus01
Recall 94.50% 94.50%
Precision 87.60% 90.00%

Corpus02
Recall 87.90% 87.90%
Precision 94.80% 97.00%

Corpus03
Recall 91.60% 91.60%
Precision 93.20% 93.20%

Corpus04
Recall 39.90% 39.90%

T~ SEmEERAC RS

A SRR — A R P S G P B i SRy St th 2y st 2t W H AR T
WP BRCETENIE > P e S T HREHE R SN B BHENE - fES—PER T FMEHET
TP IEERCHY A RE T st AR eE - A B B P R M R A A R 5 R EC e ey

AT T st A IR IR E AR BN © E5 0BT - FMI PSS — D ERAy A ECaE
RAE R A - LU IR SOk Bl SR el R B Bl 2 s R LS - (PR MAy P st 75
% BESTARUR RS TS ERR TR I H R R A RIS RS T E Y
IR o AR S RES ST R S R RO 3 (B — DAY R R T > Sl B A
) Je s R AR LRI > SRS (RS R RS A AR EHYARER IR - A SO FE
—ESCEARE > SRR T EBCIAGE A FHIEE -
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