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Welcome Message of the ROCLING 2015

On behalf of the organization committee and program committee, it is our pleasure to
welcome you to the National Chiao Tung University, Hsinchu, Taiwan, for the 27th
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 have 18
oral papers and 9 poster papers, which cover the areas of speech separation and
summarization, natural language processing, robust speech recognition, and text
mining. We are grateful to the contribution of the reviewers for their extraordinary
efforts and valuable comments.

ROCLING 2015 features two distinguished lectures from the renowned speakers in
speech processing as well as natural language processing. Dr. Jerome R. Bellegarda
(Apple Distinguished Scientist) will lecture on “Virtual Personal Assistance on
Mobile Devices” and Prof. Ming-Syan Chen (Distinguished Professor, Department of
Electrical Engineering, National Taiwan University) will speak on “Data Processing
and Information Extraction for Social Networks”. This ROCLING also features one
Industry Track, two Doctoral Consortiums, and two Academic Demo Tracks which
provide forums and show-and-tells for graduate students, industrial and academic
researchers and developers.

Finally, we thank to the generous government, academic and industry sponsors and
appreciate your enthusiastic participation and support. Best wishes a successful and
fruitful ROCLING 2015 in Hsinchu.

General Chairs

Sin-Horng Chen, Hsin-Min Wang and Jen-Tzung Chien

Program Committee Chairs

Hung-Yu Kao, Wen-Whei Chang and Yih-Ru Wang
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Keynote 1 -

Virtual Personal Assistance on Mobile Devices

Dr. Jerome R. Bellegarda

Apple Distinguished Scientist
Thursday, October 1

10:00 - 11:00

Location: International Conference Hall

Biography

Dr. Jerome R. Bellegarda is Apple Distinguished
Scientist in Human Language Technologies at Apple
Inc., Cupertino, California, which he joined in 1994. Prior to that, he was a Research
Staff Member at the IBM T.J. Watson Center, Yorktown Heights, New York. Among
his diverse contributions to speech and language advances over the years, he
pioneered the use of tied mixtures in acoustic modeling and latent semantics in
language modeling. In addition, he was instrumental to the due diligence process
leading to Apple's acquisition of Siri personal assistant technology and its integration
into 10S. His general interests span statistical modeling algorithms, voice-driven man-
machine communications, multiple input/output modalities, and multimedia
knowledge management. In these areas he has written close to 200 publications, and
holds approximately 100 U.S. and foreign patents. He has served on many
international scientific committees, review panels, and advisory boards. In particular,
he has worked as Expert Advisor on speech and language technologies for both the
U.S. National Science Foundation and the European Commission, was Associate
Editor for the IEEE Transactions on Audio, Speech and Language Processing, served
on the IEEE Signal Processing Society Speech Technical Committee, and is currently
an Editorial Board member for Speech Communication. He is a Fellow of both IEEE
and ISCA (International Speech Communication Association).

Abstract

Natural language interaction has the potential to considerably enhance user
experience, especially in mobile devices like smartphones and electronic tablets.
Recent advances in software integration and efforts toward more personalization and
context awareness have brought closer the long-standing vision of the ubiquitous

intelligent personal assistant. Multiple voice-driven initiatives, such as Apple's Siri,
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have now reached commercial deployment. In this talk, 1 will review the two major
semantic interpretation frameworks underpinning virtual personal assistance, and
reflect on the inherent complementarity in their respective advantages and drawbacks.
I will then discuss some of the attendant choices made in Siri, and speculate on their
likely evolution going forward.



Keynote 2 -
Data Processing and Information Extraction for Social

Networks

Prof. Ming-Syan Chen

Distinguished Professor, Department of Electrical
Engineering, National Taiwan University

Friday, October 2 09:00-10:00

Location: International Conference Hall

Biography

Ming-Syan Chen ([# £ 7%) received the Ph.D. degrees in
Computer, Information and Control Engineering from The
University of Michigan, Ann Arbor, MI, USA. He is now a Distinguished Professor
jointly appointed by EE Department, CSIE Department, and Graduate Institute of
Communication Eng. (GICE) at National Taiwan University. He was a research staff
member at IBM Thomas J. Watson Research Center, Yorktown Heights, NY, USA
from 1988 to 1996, the Director of GICE from 2003 to 2006, the President/CEO of
Institute for Information Industry (111), which is one of the largest organizations for
information technology in Taiwan, from 2007 to 2008, and also a Distinguished
Research Fellow and the Director of Research Center of Information Technology
Innovation (CITI) in the Academia Sinica from 2008 to 2015. His research interests
include databases, data mining, social networks, and multimedia networking, and he
has published more than 350 papers in his research areas.

In addition to serving as program chairs/vice-chairs and keynote/tutorial speakers in
many international conferences, Dr. Chen has served as an associate editor of IEEE
TKDE, VLDB Journal, KAIS, and also JISE, and also the Editor-in-Chief of the
International Journal of Electrical Engineering (1JEE). Dr. Chen was the Chief
Executive Officer of Networked Communication Program, which is a national
program coordinating several primary activities in information and communication
technologies in Taiwan. He is a recipient of the Academic Award of the Ministry of
Education, the NSC (National Science Council) Distinguished Research Award, Pan
Wen Yuan Distinguished Research Award, Teco Award, Honorary Medal of
Information, and K.-T. Li Research Breakthrough Award for his research work, and
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also the Outstanding Innovation Award from IBM Corporate for his contribution to a
major database product. He received numerous awards for his research, teaching,
inventions and patent applications. Dr. Chen is a Fellow of ACM and a Fellow of
IEEE.

Abstract

Recently due to the fast increasing activities of social networks, it has become very
desirable to conduct various analyses for applications on social networks. However, as
the scale of a social network has become prohibitively large, it is infeasible to
scrutinize the data and extract the key essence from the entire social network. As a
result, a significant amount of research effort has been elaborated upon extracting the
essential application-dependent information from a social network. In this talk, we
shall examine some recent studies on data processing and information extraction for
social networks. Explicitly, we shall explore the methods for three levels of
information extraction in a social network, namely, parameter extraction, information
extraction, and structure extraction, and interpret them from their respective
objectives.
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RoNERE TN iR G SRR W5

A Study on Representation Learning Techniques for Extractive
Spoken Document Summarization

JEgl X Kai-Wun Shih, [§f9¥f Berlin Chen
EARVEEN {ZI TN T 5
Department of Computer Science & Information Engineering

National Taiwan Normal University
{602470658S, berlin} @ntnu.edu.tw

fHt 5 Kuan-Yu Chen, 25/ Shih-Hung Liu, T¥E Hsin-Min Wang
rh oL gE b & R R R ST P
Institute of Information Science
Academia Sinica
{kychen, journey, whm} @iis.sinica.edu.tw
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FEEAE SR EFI R RESHE S &S RN E (G 2B - R

GRS ) PR IR I R IR - AR E BhRE SR Ry — TR EE
AR FTsRRE - b ALK — E i R B Z PR TT 1Y Bk = aE B S 2 (Extractive
Spoken Document Summarization)[1-4] ; H HAELEARIE— EHIZELLR > (EFEE SR
R E SRR B S - DUEHRE i R ReE B X L B T EEGEE R & - #5
I » {5 FH R AV R BB K B 26 1RGP 51 RE 70 o BR A R AR S TREEGEE R E A
7 > FomiEEEE (Representation Learning) 23T HFH & 240y —(ERFFTERE[S-7] -

2B FE RS T S TA R R ET 20 H 2855 = Fa B (Natural Language Proceeding,
NLP)HJHHRAERS b A] LUE— D HUESE BAVRGY - AN IE » Aiw 8 e RaT A
RNEIFYEEZR A (Word Representations) iz 5B 72 77£(Sentence Representations) @ A1F5 T
L ZE I A LSRR (Continuous Bag-of-Words, CBOW) ~ Bk =5 (Skip-Gram, SG) ~ 475X
FEEFEEA (Distributed Memory Model of Paragraph Vector, PV-DM) DL Kz 475 = aal oS Al
(Distributed Bag-of-Words of Paragraph Vector, PV-DBOW)[8, 9] » A% S EERE TR
S SR 2 FER - R ENFRI A KEERIFOTE Ao GR N =B A
AR (Ranking Models) » £25E T 8375%MH1{LE (Cosine Similarity) ~ f 7] KFEHS
' (Markov Random Walk, MRW)DL Kz S A4 FH{LL & & (B (Document Likelihood Measure,
DLM)[10] » sKEERE B LUP IR - B% » B TSR ERS » AN
S I A Rl S B AYS FREERRED BRI E(Prosodic Features)Z£[11] -
DARASE SEVEAS AU ZE AR - IR E B e b ARem CieE s U B BsE R B A
NP EEH ] (Mandarin Chinese Broadcast News Corpus, MATBN)[12] ; — &% E Eass
REUR - AN e & A s iR A S HYEE 5 WiaiE 55 (Speech Recognition Transcripts)=y
E R ERES S EE (Reference Transcripts)HYEN § » AHEA HEHRARVRZETTE -



BAPIFr R AR AR T VAR R RE S e 15 (L B i B A e S 2
BRI SEE LR~ BiskaURE ~ SFRONA ~ sBRIFRONA © BRERE

S E)
ARG S Z WA S H -0 =B R R B2 A [ THAR R 25 1E5(104-2911-1-003-301)

T B e BE OB OB W 9% EF &£ (MOST  104-2221-E-003-018-MY3, MOST

103-2221-E-003-016-MY2, NSC 101-2221-E-003-024-MY3) > &8& <7 55 » s LR o

SR

[1]

2]

[3]

[4]

[5]

[6]

[7]

[8]

H. P. Luhn, “The automatic creation of literature abstracts,” IBM Journal of Research
and Development, Vol. 2, No. 2, pp. 159-165, 1958.

B. Chen and S.-H. Lin, “A risk-aware modeling framework for speech summarization,”
IEEE Transactions on Audio, Speech and Language Processing, Vol. 20, No. 1, pp.
199-210, 2012.

K.-Y. Chen, S.-H. Liu, B. Chen, H.-M. Wang, E.-E. Jan, W.-L. Hsu and H.-H. Chen,
“Extractive broadcast news summarization leveraging recurrent neural network language
modeling techniques,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, Vol. 23, No. 8, pp. 1322-1334, 2015.

S.-H. Liu, K.-Y. Chen, B. Chen, H.-M. Wang, H.-C. Yen and W.-L. Hsu, “Combining
relevance language modeling and clarity measure for extractive speech summarization,”
IEEE/ACM Transactions on Audio, Speech, and Language Processing, Vol. 23, No. 6,
pp- 957-969, 2015.

G. E. Hinton, “Learning distributed representations of concepts”, in Proc. the Cognitive
Science Society, pp. 1-12, 1986.

Y. Bengio, R. Ducharme, P. Vincent and C. Jauvin, “A neural probabilistic language
model,” Journal of Machine Learning Research, Vol. 3, pp. 1137-1155, 2003.

T. Mikolov, K. Chen, G. Corrado and J. Dean, “Efficient estimation of word
representations in vector space,” in Proc. the International Conference on Learning
Representations, pp. 1-12, 2013.

T. Mikolov, 1. Sutskever, K. Chen, G. Corrado and J. Dean, “Distributed representations
of words and phrases and their compositionality,” in Proc. the International Conference

on Learning Representations, pp. 1-9, 2013.



[9] Q. V. Le and T. Mikolov, “Distributed representations of sentences and documents,” in
Proc. the International Conference on Machine Learning, 2014.

[10] S.-H. Lin, Y.-M. Yeh and B. Chen, “Leveraging Kullback-Leibler divergence measures
and information-rich cues for speech summarization,” IEEE Transactions on Audio,
Speech and Language Processing, Vol. 19, No. 4, pp. 871-882, 2011.

[11] B. Chen, S.-H. Lin, Y.-M. Chang, J.-W. Liu, “Extractive speech summarization using
evaluation metric-related training criteria,” Information Processing & Management, Vol.
49, No. 1, pp. 1-12, 2013.

[12] H. M. Wang, B. Chen, J. W. Kuo, and S. S. Cheng, “MATBN: A Mandarin Chinese
broadcast news corpus,” Journal of Computational Linguistics and Chinese Language
Processing, Vol. 10, No. 2, pp. 219-236, 2005.



The 2015 Conference on Computational Linguistics and Speech Processing
ROCLING 2015, pp. 4-17
© The Association for Computational Linguistics and Chinese Language Processing

58 P 55 o) B o BB B RN UK S S e P
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Exploring Word Embedding and Concept Information for

Language Model Adaptation in Mandarin Large Vocabulary
Continuous Speech Recognition

[ EE Ssu-Cheng Chen, j#:Z5% Hsiao-Tsung Hung, [§fH¥f Berlin Chen
EARVE=SE (L TV
Department of Computer Science and Information Engineering

National Taiwan Normal University
{602470718, 60047064S, berlin} @ntnu.edu.tw

Fei 57 5= Kuan-Yu Chen
e aEat = G ==t iy

Institute of Information Science, Academia Sinica
Kychen@iis.sinica.edu.tw

e

AT A RS 22 (Deep Learning) e —REHHITEVE]  MEE RS E2E RN H 77
HF R A (Distributed Representation)fyEE4E o AR I7 0 A ERE DAY KA
FERY A R a5 > BAERE H M EEAVER - TR MR RRG - A
s L LA B3 A8 R B RE - B B RS ARER 2 5 A & o~ (Word
Representation) » [P EEEPHERVEE S HEM F A - Bt B S PERIVERE
rh > SR AR E AR 2 R 5 A e B B B A DA GH] [ R R 5 AR T L FERY
so o A A R R T M A A E | i s M RVRE S &l - H > 3
{FIEt ST R AL S EE = 78U (Concept Language Model) /il AT » & 5 F5H
ek o DU B RS RS SE RHE (45 - a2 ar H A HBRVEER
(S F3-E8 Fe al A s B Bl SR L O RE 2 R B Ry B M AR BhBh ResE S AU
e S5— )7 > TEREE HREIE T SRR RS R R RR A R SRR
AT - 1 LR i ] ) E R T ER (G R H g [F) 23R e HH A AU A
(Continue Bag-of-Words Model) 5 /& Bk =UfE Y (Skip-gram Model) 4= % » 5 F5H0
o] [ E RN AL (RS R N FE R B L AR R (R - 1% TRMIEE L
AP RE S A T AR G - REm SO B N A B T IR R AR TR
AR Wik (Large Vocabulary Continuous Speech Recognition, LVCSR) & g »

B s BB Ao TR BV RE S A AN B S BT A A EREN
R -

FRdEEE - SR - SEEEA - FEEFRRN - MSE

Abstract

Research on deep learning has experienced a surge of interest in recent years.
Alongside the rapid development of deep learning related technologies, various


mailto:%7d@iis.sinica.edu.tw

distributed representation methods have been proposed to embed the words of a
vocabulary as vectors in a lower-dimensional space. Based on the distributed
representations, it is anticipated to discover the semantic relationship between any
pair of words via some kind of similarity computation of the associated word vectors.
With the above background, this article explores a novel use of distributed
representations of words for language modeling (LM) in speech recognition. Firstly,
word vectors are employed to represent the words in the search history and the
upcoming words during the speech recognition process, so as to dynamically adapt
the language model on top of such vector representations. Second, we extend the
recently proposed concept language model (CLM) by conduct relevant training data
selection in the sentence level instead of the document level. By doing so, the concept
classes of CLM can be more accurately estimated while simultaneously eliminating
redundant or irrelevant information. On the other hand, since the resulting concept
classes need to be dynamically selected and linearly combined to form the CLM
model during the speech recognition process, we determine the relatedness of each
concept class to the test utterance based the word representations derived with either
the continue bag-of-words model (CBOW) or the skip-gram model (Skip-gram).
Finally, we also combine the above LM methods for better speech recognition
performance. Extensive experiments carried out on the MATBN (Mandarin Across
Taiwan Broadcast News) corpus demonstrate the utility of our proposed LM methods
in relation to several well-practiced baselines.

Keywords: speech recognition, language modeling, deep learning, word
representation, concept language model

—_— N '\:‘A
W IZIH:H

5t = A8 (Language Models, LM) & {158 & Wk h s E A E ] DUEH
EEME - PSSR - TR U EERNEES 2 F 0 BORRSRAVAE
AL, 2] o fEREEHEREE T - FRME T A EaE = AR e BRI A
BE T FERT A e B3 BRI BB I » 0 B Bl R 5 W8 2GR R 2 R Y 5 288
8P4 [{EE% (Candidate Word Sequence Hypotheses) 1k H 5 A vl BERY4E SE[3, 4] N
H(N-gram):E S A BB S a2 P E o E RAvEat =GEE S A ARG —
{457 PO R A E FL AT AT B0 N-1 (EEE s AV B ™ BRI R AR s
—{lEFE g R AR R BT E B ATAYAT N-1 {E5E A HRE - nT DUE B IR0 1
(Multinomial Distribution) 5K « ZAMT N 255 = BE SE R HUT R EERY Fa 8 HI]
&l MEES R RIERNEEREER B MERSHERS - (H5
N Z#aE SR & A S s FEIRTRE o 55— 05T > N 3B S HEAINA 5 S SREE
RHEDHERFERER VCEC(Mismatch) [ At HIER 2 o A#EEA L - T+ ET2E)
RERE S AR B R iR Y - H DL A X EE S A G i 4 N 2
(N-gram)sB SRR 2 R o SLAVA TREUE A (Cache Model)[5] » DL ATE A
2 Y T 5 A (Topic Model)[6] 55 - H:dr DU 22 =XV gk 56 & o0 i
(Probabilistic Latent Semantic Analysis, PLSA)[7] L Kz H B0k Fl| 72 B 47 fic (Latent
Dirichlet Allocation, LDA)[8]5x% f i s ¢ (E F -

ARG G AER SRR FABNRGSE SR AR - A DB AT N
(N-gram)zB STEAIA Jg 2 g » B9t BRI B\ FoRA Z &6 H B 7R (Word



Representation or Embedding) & A A58 & HakVRE S R P o fEREE PR
AR ERENREEE 4= 2 JFE S EE 751 (Word History) i {25855 (Candidate Word) i
DAEH] R R ay T ZAR L H T EARE SR AT » A5 S A 5 R B R M AE AL
H 2w s I EE R E R o HR - IS B i AR S 58 = 58 (Concept
Language Model)IDACSCHE 5 &G AT s BB DLA] 1Y J@ RS R SR et Bk
BN - AR A ERARVER  (HEES i mEaE it R Hk g AR S R =
R BN MeeE RGeS AT - 55— RIS IR
EHREZH IBE S EE S A - M M 2 e m &R R T =R R H e 23
7T o FH 7 48 B F5 Y (Continue  Bag-of-Words  Model) 5 7&: Bk B2 = 2 (Skip-gram
Model)4=1Y, » 75 S #8558 1A & FRor sl sk i — (BN R A 5e) S R It P Y 58 B
% o Bf%  FAFTE SR atRitEsE SRR AR fis & - RSN ARE
5 39 [ R R} JBE AR 2 17 HR SR ] 2 2 4 55 % W (Large Mocabulary  Continuous
Speech Recognition, LVCSR) & & > Lhi Asm L P s S A ER Tl H B E
SF HEE S R ER T 2 6L -

Agiw AR B ZHRA T 55 61 s [ B FRonA U A w U E S0l [ &
FoNRER R EEEE = 2 050k B = R A B RN E SR ARL S RE S
B UE B e - ERREOE LU E RS R  SB L E RS AR AR K
e

= FEEFRNAERN S = T

EHEARES T s RS a Ry BB AR R J7 20 Ry One-hot Representation » 7R
I ESHE A Tk — (R N e - ot N Rt kol - Ml & s
Sl 1> AR EAINE - HERRIZR 5 0 - IR T R
MR A T3 2R R » MRS W W el S e (R LR 8T - BT AT Bt [A) 2 R W S A+ HY Y
N e PR (% o

IRIHERA 1986 4EHF > Hinton $2 H T 4= Z £ (Distributed Representation) [9]
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Model) » JHtEESEAIE(H A SRI Language Modeling Toolkit (SRILM)[17]3)14k]fi
5 > PR Good-Turning EE L7 AR A ERIFRERHIRTRE - 55— 7 @ FfIR
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[F I = R S A TBG 19.04
=4 & HH B fEfA# S (Oracle) 7.72
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(Bigram Concept Language Model, BCLM)[12]L & Az SCfg g &l [ & 3=
f 2 35 = 6 A (BCLM:WE) 2 B Es 45 2 - & % > BCLM:WE+CBOW £
BCLM:WE+Skip-gram Sy A5 S i YRS 7 /A48 & (JRBIEE 8 DU S =6f
Frfe et SEAGRE A 2 456) » BREER - WEEGBRIER iRl » F
FhaRa] NERE 18.70 - HENGEREIZER » A PR A &R RER R
seE AR HEEE YRR EE A ED) -

CER(%)
20.5 m Baseline
20.22 B In-domain(Bigram)
| _— . )
20.0 10841053 In-domain(Trigram)
E CBOW
55 | m Skip-gram
mLSA
mPLSA
19.0
LDA
B Relevance Model
18.5 - H RNNLM
EBCLM
18.0 - EBCLM:WE
BCLM: WE+CBOW
175 | BCLM:WE+Skip-gram

o~ dhEm RS

TR RT3 (Deep Leamning) e —HEHIZE 204 © B R EL BRI 5
Bt #e T (Distributed Representation)fyEELE « BT 7t » FAEHE LUR(ELE
REE R T d - M RE A RN RS BN - &
ST DU B SR S IR R A M B B A S e g - £



BB LAy Ry WA (EER 73: 55 —HE0 5y - AdmoORead R 85 R &l i s B s 2
o FEREE PRV ARAR b > STHYEhRR A AR 2 IR S G P A B (e SRl DA DAl [ B R
AT AR T AR RE S A B R R T UM AE T AR B %5 ) e el iy
A DRI TR AEMERE © S5 800y > MBS gdR RIS S A
(Concept Language Mode)jl LA » 12 3 B sE o} o DLA) A T ISR AL 311k et
BEHUZ MR - A2 e HAMHBIRVERR (58 i E sk ol sk Ay & 51
R EARNE - MR PERE S AR - So—hE > S RiEET g
BRI SEH R B B s S AL T e B s R B R nHy 2K
5 > FE R B RN RS (ARSI N E R LR RE R R (4 - 1R > 3K
&R LAt MifERE S AR BRI S & - RIBEREREUR - ARGk
i [ E 727" (Word Representation) [ i EE SR - B EE S HHEIYAEMERTE
FHEERED -

AR Fel7 L A B ForHYERE R AT RE SRR o > BlAnEA
FRBABHEAY - SR SRR SRS - RO - TMIAr EARIE B = A RS S HAl
i o AR > AR IR ELAY N FREEESS R (N-Bes) EDf i » (- RIIHECTE
FAHAC AT AY ~ R AU A A B S R A B PR - A SRR L7V R
PEACURER RS

SHE IR

[1] R. Rosenfeld, “Two decades of statistical language modeling: Where do we go
from here,” Proceedings of IEEE, vol. 88, no. 8, 2000, pp. 1270-1278, 2000.

[2] J. R. Bellegarda, “Statistical language model adaptation: review and
perspectives,” Speech Communication, vol. 42, no. 11, pp. 93-108, 2004.
[3] S. Furui, L. Deng, M. Gales, H. Ney and K. Tokuda, “Fundamental technologies

in modern speech recognition,” IEEE Signal Processing Magazine, vol. 29, no.
6, pp. 16-17, 2012

[4] D. O'Shaughnessy, L. Deng and H. Li, “Speech information processing: Theory
and applications,” Proceedings of the IEEE, vol. 101, no. 5, pp 1034-1037,
2013.

[5] R. Kuhn, “Speech recognition and the frequency of recently used words: A
modified Markov model for natural language,” in Proceedings of International
Conference on Computational Linguistics, pp. 348-350, 1988.

[6] D. Blei and J. Lafferty, “Topic models,” in A. Srivastava and M. Sahami, (eds.),
Text Mining: Theory and Applications, Taylor and Francis, 20009.

[7] T. Hofmann, “Probabilistic latent semantic indexing,” in Proceeding of the ACM
Special Interest Group on Information Retrieval, pp. 50-57, 1999.

[8] D. M. Blei, A. Y. Ng and M. 1. Jordan, “Latent Dirichlet Allocation,” Journal of
Machine Learning Research, vol. 3, pp. 993-1022, 2003.



[9] G.E. Hinton, “Learning distributed representations of concepts,” in Proceedings
of the Eighth Annual Conference of the Cognitive Science Society, pages 1-12,
Ambherst 1986, 1986. Lawrence Erlbaum, Hillsdale.

[10] T. Mikolov, K. Chen, G. Corrado and J. Dean, “Efficient estimation of word
representations in vector space,” in Proceeding of International Conference on
Learning Representations, 2013.

[11] A. Mnih and K. Kavukcuoglu, “Learning word embeddings efficiently with
noise-contrastive estimation,” in Proceeding of Advances in Neural Information
Processing Systems, pp. 2265-2273, 2013.

[12] jfishaesy - B AP AT B S & N sE SR AR b7 - 7 B 2B ETHER
EENTAZFTE 5w 0 2014 -

[13] C. X. Zhai, “Statistical language models for information retrieval: A critical
review,” Foundations and Trends in Information Retrieval, nol. 2, no. 3, 137—
213, 2008.

[14] B. Chen, J.-W. Kuo and W.-H. Tsai, “Lightly supervised and data-driven
approaches to Mandarin broadcast news transcription,” in Proceedings of the
IEEE International Conference on Acoustics, Speech, Signal Processing, 777—
780, 2004.

[15] H.-M. Wang, B. Chen, J.-W. Kuo and S.-S. Cheng, “MATBN: a Mandarin
Chinese broadcast news corpus,” International Journal of Computational
Linguistics & Chinese Language Processing, vol. 10, no. 1, 219-235, 2005.

[16] S.-H. Liu, F.-H. Chu, S.-H. Lin, H.-S. Lee and Chen, “Training data selection for
improving discriminative training of acoustic models,” in Proceedings of IEEE
workshop on Automatic Speech Recognition and Understanding, 284-289, 2007.

[17] Stolcke, A. (2000). SRI Language Modeling Toolkit. Available at:

http://www.speech.sri.com/projects/srilm/.

[18] J. R. Bellegarda, “A latent semantic analysis framework for large—span language
modeling,” in Proceedings of European Conference on Speech Communication
and Technology, pp.1451-1454, 1997.

[19] K.-Y. Chen and B. Chen, “Relevance language modeling for speech
recognition,” in Proceedings of the IEEE International Conference on Acoustics,
Speech, and Signal Processing, pp. 5568-5571, 2011.

[20] B. Chen and K.-Y. Chen, “Leveraging relevance cues for language modeling in
speech recognition,” Information Processing & Management, Vol. 49, No 4, pp.
807-816, 2013.


http://www.speech.sri.com/projects/srilm/

[21] T. Mikolov, M. Karafiat, L. Burget, J. Cernocky and S. Khudanpur, “Recurrent
neural network based language model,” in Proceedings of the Annual Conference
of the International Speech Communication Association, 1045-1048, 2010.


http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/k/Karafi=aacute=t:Martin.html
http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/b/Burget:Lukas.html
http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/c/Cernock=yacute=:Jan.html
http://www.informatik.uni-trier.de/~ley/db/indices/a-tree/k/Khudanpur:Sanjeev.html

The 2015 Conference on Computational Linguistics and Speech Processing
ROCLING 2015, pp. 18-26
© The Association for Computational Linguistics and Chinese Language Processing

&a pIEREEEP IR RGN 2 IR R
FE R B AR SRR o Bl

Monaural Source Separation Using Nonnegative Matrix Factorization

with Graph Regularization Constraint

ME(E  Yan-Bo Lin
BT R R ER AR AR R A
Department of Computer Science and Information Engineering

National Central University
102502529@cc.ncu.edu.tw

SGf&  Tuan Pham
BT R E R LA &
Department of Computer Science and Information Engineering

National Central University
103582605@cc.ncu.edu.tw

2235111 Yuan-Shan Lee
BT R E R AR 2
Department of Computer Science and Information Engineering

National Central University
102582003 @cc.ncu.edu.tw

FZ5BE Jia-Ching Wang
BIRVASEP TN -GN
Department of Computer Science and Information Engineering
National Central University
jcw(@csie.ncu.edu.tw

RS

NGB NN | S = VL =N b e R a2 A A (VR = A N =R A2 SE1 =V EL =
i@ 77E > FEETE A L E(Cost Function)i 26 £¢ FH BX = FE#fE(Euclidean Distance) (gL E 77
17 (Kullback—Leibler Divergence)& » [ ¥ A [EIFEIH 2 RAEHSGRIR - H R [EEERE
RIS B AR « WL > 315 A f eEREE T mERGE T #E - #55H p
Z A (R AR ] E HY PR R AR R R M sE M - [EIEF > IRFTEER] - A HIEEERE
o TER SRR RS - DRGNS 4 22 R P R A R4 8 2 AU (Manifold) 77
i PRI FATRE P IEARFR #I=0(Graph Regularization Constraint)Z A\ g (LTS » 7%


mailto:khchen@ntu.edu.tw
mailto:103582605@cc.ncu.edu.tw
mailto:102582003@cc.ncu.edu.tw
mailto:jcw@csie.ncu.edu.tw

BEAE IS BRI i - PREFIFRACE R Al & 2 28 4 - AR o B A A s Rt 0 B 5
B

[Gel kA © JESERE R - PR > sRSRIREE - B IR
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JEEAEPE 43 (non-negative matrix factorization, NMF)[2)3 T3k 4% .52 FE N BT
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Frevotte Z A[3])~ 2011 SR T 2BY B B FR SHEME R HIEH 0L > B Ry — (R 2]
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Textual Analysis of Complete Tang Poems for Discoveries and
Applications — Style, Antitheses, Social Networks, and Couplets
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2_— o k2 T'F—?f:}"%ﬁk# T3P # fv distributional semantics 4 37 & B > 1 * 2F B F 3
AR T BT B 4T (RBE) PR F S RRIEE B R BN B B
Bi#d Ggpd WRIFNEFE R o RS JI TS B A FN F T B &
Y AL B AT R PR TR UATE o T b S i R R Y P e
R R G FE - BRSO c Sl folha o A
BRI ECA R SRR B BT AR Y T 3 BB A RkiE 2 RR hA
2 it L ESEMOT R E 2 AT L GIRT  IEHTR & BT
ML iEE (AR AONERRIFT Y A 2 FRERIET R E AR AL

Abstract®

The Complete Tang Poems (CTP) is the most important collection for studying Tang poetry,
which in turn is arguably a very influential part of the Chinese literature. Our analyzing the
CTP from the perspectives of antithesis®, collocation and distributional semantics offers
some interesting overviews of the styles and imageries embedded in the works of some
representative Tang poets. Our analyses include (1) a quantitative comparison of the uses
of “wind” and “moon” in Li Bai’s and Du Fu’s works and (2) the functions of colors in Tang
poems. In particular, we explored the appearances of “white” color, which is the most
frequent color in Tang poems. Colors in static poems are like audios in motion pictures, so
we thought the analyses could lead us to an important facet of the poems. In addition, we
extracted social networks of poets from the poems, and built a simple couplet suggestion
kit based on the textual analysis of the poems.

PP SoRE SEREINEE AR RE Y 2 Ak = AN R N W T
A B A S B F R
Keywords: Digital humanities, Chinese literature, Quan-Tang-Shi, Distributional semantics,
Y Asimilar English version of this paper will be published in the proceedings of the 29" PACLIC conference (Liu
et al. 2015).
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Collocation, Textual Analysis, Corpus Analysis, China Biographical Database

M- vk g kR (2R TR LR FOR R Rk o (2 BT
PrabmiE (e B2d) P (FPRU2BEFR) TE > LT RLE-F-F
FiEFEA g g o+ o 'p’fk—‘g' g BiF? M~ 7 b3 RE & o = B3FDh Té
Bp G ARPE TS w (2AF) (L FF0FT B RE L LR 2 (Fanget
al. 2009, Lee and Wong 2012) - ~ # i% F.¢hk 457 8 32 ¥ 2% % & (computational linguistics) <
Fe©oApEs R ¥ 2R A dici> A < (digital humanities)> & A7 1% Poi WA= e 4 X (353%
AR 2012) 0 A EFEUFE Y ATOE R RIFR B FDN G o
REREFF(RR®E 1997, B Rk 2000)m5rq*#ftx v g ehficin v 21 7, ¥ ¥
;s,.:g?i@jrﬁgaw ‘.%i* Eg e P foip MY - s B 2 4L (2001) #3° (2 B F)
B pRFEFTTAANFREANFT O ONMEZIFALFAORAA T I B TR E R
BiE- ﬁ“ﬁ%;ﬁmfﬁﬁ-k\ﬂ}%zfp#m ° lw_? Aot o PRI G A FIRIF S § 14 Bt B e
R FIERY 2 Fif o FR A (2003) It FaAkE e (2AF) PHTEED
et o bR T 2 P F TR g pT e Y8 7o
3 A CEF LN (ﬁé#:—. B F ) (Huang 2004) 4c t B ok #7 B 12 chgi i T'F;‘?p(Chang
et al. 2005) & é& FEBRRE 1T E-2 ¢ chh H5h (ontology) o Bl mh MR IR~ 2 HEeEs
P L A SR k(R g 3k 2008) 0 F P e fpena gk ki S AT R ;,émrg;mﬁg@
(Fang et al. 2009) °
FRBRITFAGEFTEDERY N BFOAT 0 SR E Y Oi i iR (Lee
2012)#2 3% /2 4p ik (dependency trees) (Lee and Kong 2012)325 #im it o s i+ & 3% -
B RS bde o mew\&xp CEFE e s o S A#HRLS T (2 EE) ¢ D
iF 5% (Lee and Wong 2012) ; ¥ 2 A & B i¥ens 452935 5 37 2 & oh¥c 4 (Lee et al. 2013) »
T EHEF L ’}%‘ PP F AT o LR R P RE K (2
}%;fr>> T 5 ARAHZER > FEpe st N g (Jiang and Zhou 2008, Zhou et aI 2009) >
2 - BB TR TR e AT ot i S e Wil Ao &
¥ 2 FIPIT SPF > Voigt o Jarafsky (2013) » 14 B 3 i% 5 77 3 45 - Chen (2010) A jE_
S FR Y R hF SRR o
- hwm? O RAPRGF I n R AH m/w\%frl o i B2 AT ATR
Ao F - ﬁ"’]f]%.;?/ﬁ’ UISSE = ek SR B RF Al Y < TR R R feiE 2 A
FTendir e Ut RIS (2 BEF) TEFPR S E&@L £ & {7 12 distributional semantics
(Harris 1954, Miller and Walter 1991) 5 A # s $7 R BLEIF L ik $(style) o A7 &
A 473 /e BB Tk (collocation) » » ] # EiF et R (antithesis)*R] » 2477 B 3F ¢ 37
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Extended Abstract:

Background

Since Big Data mainly aims to explore the correlation between surface features but not their
underlying causality relationship, the Big Mechanism? program has been proposed by
DARPA to find out “why” behind the “Big Data”. However, the pre-requisite for it is that the
machine can read each document and learn its associated knowledge, which is the task of
Machine Reading (MR). Since a domain-independent MR system is complicated and difficult
to build, the math word problem (MWP) [1] is frequently chosen as the first test case to study
MR (as it usually uses less complicated syntax and requires less amount of domain
knowledge).

According to the framework for making the decision while there are several candidates,
previous MWP algebra solvers can be classified into: (1) Rule-based approaches with logic
inference [2-7], which apply rules to get the answer (via identifying entities, quantities,
operations, etc.) with a logic inference engine. (2) Rule-based approaches without logic
inference [8-13], which apply rules to get the answer without a logic inference engine. (3)
Statistics-based approaches [14, 15], which use statistical models to identify entities,
quantities, operations, and get the answer. To our knowledge, all the statistics-based
approaches do not adopt logic inference.

The main problem of the rule-based approaches mentioned above is that the coverage
rate problem is serious, as rules with wide coverage are difficult and expensive to construct.
Also, since they adopt Go/No-Go approach (unlike statistical approaches which can adopt a
large Top-N to have high including rates), the error accumulation problem would be severe.
On the other hand, the main problem of those approaches without adopting logic inference is
that they usually need to implement a new handling procedure for each new type of problems
(as the general logic inference mechanism is not adopted). Also, as there is no inference
engine to generate the reasoning chain [16], additional effort would be required for

1128 Academia Road, Section 2, Nankang, Taipei 11529, Taiwan

2 http://www.darpa.mil/Our_Work/I20/Programs/Big_Mechanism.aspx
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generating the explanation.

To avoid the problems mentioned above, a tag-based statistical framework which is able
to perform understanding and reasoning with logic inference is proposed in this paper. It
analyzes the body and question texts into their associated tag-based® logic forms, and then
performs inference on them. Comparing to those rule-based approaches, the proposed
statistical approach alleviates the ambiguity resolution problem, and the tag-based approach
also provides the flexibility of handling various kinds of possible questions with the same
body logic form. On the other hand, comparing to those approaches not adopting logic
inference, the proposed approach is more robust to the irrelevant information and could more
accurately provide the answer. Furthermore, with the given reasoning chain, the explanation

could be more easily generated.

Proposed Framework

The main contributions of our work are: (1) proposing a tag-based logic representation such
that the system is more robust to the irrelevant information and could provide the answer
more precisely; (2) proposing a unified statistical framework for performing reasoning from

the given text.

fema'tf_'-:s -| Solution Type Classifier
Math Word Problem Paragraph s T
(body text and questions) Language Analysis |

Semantic Sequences Logic Form

. Converter
|Problem Resolution| I

Question-Answer Pairs Inference
! Engine

Explanation Texts -—{ Explanation Generation | l

Question-Answer Pairs

(a) Math Word Problem Solver Diagram (b) Problem Resolution Diagram
Figure 1. The block diagram of the proposed Math Word Problem Solver.

The block diagram of the proposed MWP solver is shown in Figure 1. First, every
sentence in the MWP, including both body text and the question text, is analyzed by the
Language Analysis module, which transforms each sentence into its corresponding semantic
representation tree. The sequence of semantic representation trees is then sent to the Problem
Resolution module, which adopts the logic inference approach to obtain the answer for each
question. Finally, the Explanation Generation (EG) module will explain how the answer is

3 The associated modifiers in the logic form (such as verb(ql,# &), agent(q1,3 EJE), head(nl,,2), color(nl,,
4I), color(n2,,#%) in the example of the next page) are regarded as various tags (or conditions) for selecting the
appropriate information related to the question specified later.
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obtained (in natural language text) according to the given reasoning chain.

As the figure depicted, the Problem Resolution module in our system consists of three
components: Solution Type Classifier (TC), Logic Form Converter (LFC) and Inference
Engine (IE). TC suggests a way to solve the problem for every question in an MWP. In order
to perform logic inference, the LFC first extracts the related facts from the given semantic
representation tree and then represents them as First Order Logic (FOL) predicates/functions
[16]. It also transforms each question into an FOL-like utility function according to the
assigned solution type. Finally, according to inference rules, the IE derives new facts from
the old ones provided by the LFC. Besides, it is also responsible for providing utilities to
perform math operations on related facts.

Take the MWP “~7 HJE#E £ 2361 F7 425 R 1587 F5 B545 (A stationer bought 2361 red
pens and 1587 blue pens), S EJEHL#E G445 (How many pens did the stationer buy)?”
as an example. Figure 2 shows the Semantic Representation of this example.

{5 buy|&E: {5 buy|&E:
agent={3Z B &}, agent={3Z B &},
theme={#/1.and( 3t quantity={all| £},

{& .Penink|&Z: theme={Z& PenInk|ZE
quantity={2361}, 4. quantity={Ques|%& i}
color={4_.red|2} 1,

} }

{& .Penink|&Z:
quantity={1587},
color={E%.blue|&%}

}

)}

Figure 2 (a) Figure 2 (b)
Figure 2. Semantic Representation of (a)“ 7 B 5# & 2361 1<3‘ZZI$$D 1587 }7EE
(A stationer bought 2361 red pens and 1587 blue pens), (b) > 5 5L E%ﬂ‘fii
(How many pens did the stationer buy)?”

Based on the semantic representation given above, the TC will assign the operation
type “Sum” to it. The LFC will then extract the following two facts from the first sentence:
quan(ql,tf,nlp)=2361&verb(ql,# &)&agent(ql, 32 E.JE)&head(nlp,ZE) &color(nlp,41)
quan(q2,t¥,n2,)=1587&verb(q2,# &) &agent(q2, 32 E.JE)&head(n2p,5E) &color(n2p, %)
The quantity-fact “2361 f741 5 (2361 red pens)” is represented by “quan(ql,f¥,n1,)=2361",
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where the argument “n1,”* denotes “4IZ& (red pens)” due to the facts “head(nlp,2)” and
“color(n1p,4)”. Likewise, the quantity-fact “1587 % #55% (1587 blue pens)” is represented
by “quan(q2,f%,n2p)=1587". The LFC also issues the utility call “ASK Sum(quan(?q,t¥,
&), verb(?q,# &) &agent(?q, 3 2. E))” (based on the assigned solution type) for the question.
Finally, the IE will select out two quantity-facts “quan(ql,¥,n1p)=2361" and “quan(g2,
F¥,n2,)=1587", and then perform “Sum” operation on them to obtain “3948”.
If the question in the above example is “>C 5L iEE 24454128 (How many red pens

did the stationer buy)?”, the LFC will generate the following facts and utility call for this new
question:

head(n3p,28)&color(n3p,41)

ASK Sum(quan(?q,F%,n3p),verb(?q,# &) &agent(?q,~C £ J5))
As the result, the IE will only select the quantity-fact “quan(ql,f%,n1p)=2361", because the
modifier in QLF (i.e., “color(n3p,41))”") cannot match the associated modifier “&% (blue)” (i.e.,
“color(n2p,E%)”) of “quan(g2,f%,n2,)=1587". After performing “Sum” operation on it, we
thus obtain the answer “2361”. (We will skip EG due to space limitation. Please refer to [17]
for the details).

Preliminary Results
Currently, we have completed all the associated modules (including Word Segmenter,
Syntactic Parser, Semantic Composer, TC, LFC, IE, and EG), and have manually annotated
75 samples (in our elementary school math corpus) as the seed corpus (with syntactic tree,
semantic tree, logic form, and reasoning chain annotated). Besides, we have cleaned the
original elementary school math corpus and encoded it into the appropriate XML format.
There are total 23,493 problems divided into six grades; and the average number of words of
the body text is 18.2 per problem. Table 3 shows the statistics of the converted corpus.

We have completed a prototype system and have tested it on the seed corpus. The
success of our pilot run has demonstrated the feasibility of the proposed approach. We plan to
use the next few months to perform weakly supervised learning [18] and fine tune the system.

4 The subscript “p” in “n1,” indicates that “n1,” is a pseudo nonterminal derived from the nonterminal “n1”, which has four

terminals  “2361”, “#”, “4L” and “Z”. More details about pseudo nonterminal will be given at Section 2.3.
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Table 1. MWP corpus statistics and Average length per problem

Corpus  |[Num. of problems - -

_ Corpus Avg. Chinese | Avg. Chinese
Training Set 20,093 Chars. Words
Develop Set 1,700 Body 27 18.2

Test Set 1,700 Question 9.4 6.8

Total 23,493

MWP corpus statistics Average length per problem
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Explanation Generation for a Math Word Problem Solver
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Extended Abstract:

Background

Machine Reading (MR) aims to make the knowledge contained in the text available in forms
that machines can use them for automated processing. That is, machines will learn to read
from a few examples and they will read to learn what they need in order to answer questions
or perform some reasoning task [1]. Since a domain-independent MR system is difficult to
build, the Math Word Problem (MWP) [2] is frequently chosen as the first test case to study
MR. The main reason for that is that MWP not only has less complicated syntax but also
requires less amount of domain knowledge.

The architecture of our proposed approach [3] is shown in Figure 1. First, every
sentence in the MWP, including both body text and the question text, is analyzed by the
Language Analysis module, which transforms each sentence into its corresponding semantic
representation tree. The sequence of semantic representation trees is then sent to the Problem
Resolution module, which adopts logic inference approach, to obtain the answer of each
question in the MWP. Finally, the Explanation Generation (EG) module will explain how the
answer is found (in natural language text) according to the given reasoning chain [4] (which

includes all related logic statements and inference steps to reach the answer).

:::::gggs { Solution Type Classifier |
Math Word Problem Paragraph .
(body text and questions) Language Analysis |
Semantic Sequences LOgIC Form
: Converter
| Problem Resolution | 1
Question-Answer Pairs Inference
* Engine
Explanation Texts -—{ Explanation Generation | SI
Question-Answer Pairs
(a) Math Word Problem Solver Diagram (b) Problem Resolution Diagram

Figure 1. The block diagram of the proposed Math Word Problem Solver.

1128 Academia Road, Section 2, Nankang, Taipei 11529, Taiwan
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As depicted in Figure 1(b), the Problem Resolution module in the proposed system
consists of three components: Solution Type Classifier (TC), Logic Form Converter (LFC)
and Inference Engine (IE). TC is responsible to assign a math operation type for every
question of the MWP. In order to perform logic inference, the LFC first extracts the related
facts from the given semantic representation tree and then represents them in First Order
Logic (FOL) predicates/functions form [4]. In addition, it is also responsible for transforming
every question into an FOL-like utility function according to the assigned solution type.
Finally, according to inference rules, the IE derives new facts from the old ones provided by
the LFC. Additionally, it is also responsible for providing utilities to perform math operations
on related facts.

Besides understanding the given text and then performing inference on it, a very
desirable characteristic of a MWP solver (also a MR system) is being able to explain how the
answer is obtained in a human comprehensible way. This task is done by the Explanation
Generator (EG) module, which is responsible to explaining the associated reasoning steps in
fluent natural language from the given reasoning chain. In other words, explanation
generation is the process of constructing natural language outputs from a non-linguistic input,
and is a task of Natural Language Generation (NLG).

Various applications of NLG (such as weather report) have been proposed before
[5-11]. However, to the best of our knowledge, none of them discusses how to generate the
explanation for WMP, which possesses some special characteristics (e.g., math operation?
oriented description) that are not shared with other tasks. This paper therefore proposes a
math operation oriented approach to explain how the answer is obtained in solving math
word problems.

Proposed Methods

Based on the reasoning chain given by the IE [3], we first search each math operator involved.
For each math operator, we generate one sentence. Since explaining math operation does not
require complicated syntax, we adopt a specific template to generate the text for each kind of
math operator. To the best of our knowledge, this is the first explanation generation that is
specifically tailored to the math word problem.

Figure 2 shows the block diagram of our proposed EG. First, the IE generates the
answer and its associated reasoning chain for the given math problem. To ease the operation
of the EG, we first convert the given reasoning chain into its corresponding Explanation Tree
(shown at Figure 4) to center around each operator appearing in solving the MWP (which
would be convenient to perform sentence segmentation later). Afterwards, the Explanation
Tree will be fed into the Discourse Planner. The last stage is the Function Word Insertion &
Ordering Module, which inserts the necessary functional words to the segmented sentences

2 Where math operations include Sum, Addition, Subtraction, Multiplication, Division, etc.
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(resulted from Discourse Planner) and generates the explanation texts according to the
selected template (based on the operator encountered).

Inference Engine

Explanation Tree Builder

Explanation Tree ~— Discourse Planner

MWRP Explanation
Gen era tor Discourse Planner

Segmented Sentences

Function Word Insertion & - Su’fa ce Rea h"zer

Ordering Module

Figure 2. Block Diagram of the proposed MWP Explanation Generator

Following example demonstrates how the framework works. And Figure 3(a) reveals more
details for each part illustrated in Figure 2.

[Sample-1] f i &—E KFEHI—Z &% @ (/2 B—ErihFE ~ 6 KT r#lFZH 13 4%
ET#bE - P 7T 7

(A-Zhi bought a refrigerator and a TV, paid 2 piles of ten-thousand-dollar bill,

six thousand-dollar bill and 13 hundred-dollar bill. How many dollars did

A-Zhi totally pay?)

Facts Generation in Figure 3(a) shows how the body text is transformed into
meaningful logic facts to perform inference. In math problems, the facts are mostly related to
quantities. The generated facts are either the quantities explicitly appearing in the sentence
text or the implicit quantities deduced by the IE. Those generated facts are linked together
within the reasoning chain constructed by the IE as shown in Figure 3(b). Within this
framework, the discourse planner is responsible for selecting the associated content for each
sentence to be generated. Figure 3(c) shows how the contents in the Explanation Tree are
used as fillers to fill in the template slots for generating the explanation sentences.

A typical reasoning chain, represented with an Explanation Tree structure, is shown at
Figure 4. The operator-node (OP_node) layers and quantity-node (Quan_node) layers are
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interleaved within the Explanation Tree, and serve as the input to OP Oriented Algorithm in
Discourse Planner.

- ()0 EBOER0 EBO

Facts Generation Reasoning Chain
N —
—
@ Fact
Fact
@ Fact3
act5
acté I

Implicit Facts

Fact8
. ST
A | . T |'I : J \_)
ns Sentence Fx”hc't Facts; Implicit Facts
Tree leaves
BS# : The #y, Body Sentence in the problem; QS: Question Sentence
# : Facts, which might consist of fact pair, (#a,4b)
OP: Operator, such as “+”,”-", “x" ...etc
G : Generated Sentence
(a) Facts Generation (b) Reasoning Chain

v—

Function Word Insertion &
Ordering Module

o[ R Cundo 2 G e (O e
oz | = _—morom—(ms ) —\/—g D oo
63 [_»m_j{rwmen—Cne —L—Q/—{ > |-

G4 o st 20,000 0 6,000 0 - -—{ 27,3005%

(c) Function Word Insertion & Ordering Module, serving as the Surface Realizer. It
shows how surface realization is done with non-slot fillers (circled by ellipses) and
slot-fillers (the diamond shape is for operators, and the rectangle one is for quantities).

Figure 3. (a) Facts Generated from the Body Text. (b) The associated Reasoning Chain,
where “G#” shows the facts grouped within the same sentence. (c) Explanation texts
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generated by the Function Word Insertion & Ordering Module for this example (labeled as
G1~G4). Except those ellipses which symbolize non-slot fillers, other shapes denote
slot-fillers. Furthermore, Diamond symbolizes OP_node while Rectangle symbolizes
Quan_node.

Also, as shown at Figure 3(b), the (#a, #b) pair denotes facts derived from the body
sentences. The OP means the operator used to deduce implicit facts and represented as
non-leaf circle nodes. Each “G?”” expresses a sentence to be generated. Given the reasoning
chain, the first step is to decide how many sentences will be generated, which corresponds to
the Discourse Planning phase [12] of the traditional NLG task. Currently, we will generate
one sentence for each operator shown in the reasoning chain. For the above example, since
there are four operators (three IE-Multiplication® and one LFC-Sum in Figure 4), we will
have four corresponding sentences; and the associated nodes (i.e., content) are circled by “G?”
for each sentence in the figure.

Furthermore, Figure 4 shows that three sets of facts are originated from the 2" body
sentence (indicated by three S2 nodes). Each set contains a corresponding quantity-fact (e.g.,
ql(), g2(yr), and g3(7F)) and its associated object (e.g., n1, n2, and n3). For example, the
first set (the left most one) contains ql(#) (for “2 £&”) and nl (for “—& TLH#PEE"). This
figure also shows that the outputs of three IE-Multiplication operators (i.e., “20,000 j¢”,
“6,000 7, and 1,300 y.”) will be fed into the last LFC-Sum to get the final desired result
“27,300 71" (denoted by the “Ans(SUM)” node in the figure).

Ans(SUM)

B

quan(q2, ﬁ,ﬁf

Figure 4. Explanation Tree for Discourse Planning, where S2 means the facts from the 2"
body sentence.

3 Prefixes “IE-“ and “LFC-“ denote that those operators is issued by IE and LFC, respectively.
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Our EG of the MWP solver is able to explain how the answer is resulted in a human

comprehensible way, where the related reasoning steps can be systemically accomplished
from the giving reasoning chain according to the specified template.
The main contributions of this paper are shown as follows,

1.
2.

The Explanation Tree is introduced for facilitating the discourse planning on MWP.
An operator oriented algorithm is proposed to segment the Explanation Tree into
various sentences, which makes our Discourse Planner universal for math word
problems regardless of the language adopted.

We propose using operator-based templates to generate the natural language text
for explaining the associated math operation.

Admittedly, the work related to multi-template per operator can be further explored

after examining more cases. In this case, a statistical model would be required to select the
most appropriate template for each given operation..
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Abstract

Readability is basically concerned with readers’ comprehension of given textual
materials: the higher the readability of a document, the easier the document can be
understood. It may be affected by various factors, such as document length, word
difficulty, sentence structure and whether the content of a document meets the prior
knowledge of a reader or not. However, simple surface linguistic features cannot
always account for these factors in an appropriate manner. To cater for this, we
explore in this study a variety of extra features, including syntactic analysis, parts of
speech, word embedding, semantic role features and well-written features. The
experimental datasets are composed of two parts: one is textbooks of the Chinese
language for elementary and junior high schools (K1 to K9) in Taiwan, compiled from
three publishers in the academic year of 2009; the other is excellent extracurricular
reading materials for students of elementary and junior high schools, collected by the
Ministry of Culture in Taiwan. Two readability prediction models, viz. stepwise
regression and support vector machine, are evaluated and compared, while the
combination of these two models is also investigated so as to further enhance the
accuracy of readability prediction. Experimental results reveal that our proposed
approach can yield consistently better performance than traditional ones merely with
simple surface linguistic features in evaluating text difficulty.

Keywords: Readability, Textual Features, Stepwise Regression, Support Vector
Machine
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Grade Level =-15.59 + (0.39 x Ft94)E) + (11.8
x PHEEEIE)

Flesch Grade Level
(Kincaid et al., 1975)

The New Dale-Chall
( Chall and Dale, 1995 )

Grade Level = (0.1579 x

L) + (0.0496 x g

e %‘ e - R

) +3.6365

T~ PO HE RAYAEEME AR A AR

ARV e DU R A A S e nT R M A E > R R M E R I &

"’ VB B RIITERE « 5991 > IVEWFEE RS m B B R A2
i SCE M SRR CREEEZEA > 2013) - R ZAIAE Tt & S HR A
FoFR AT AT - L > S bSO IE - FEFERRAYEERL EELPFE L
FERUUE R A A
el TR PRATERE
Yang (1970) 4R = 0.1788 x FEH(EEAE 10 HTEE + ] e - A

0.1432 x Ft9a)E +0.6375 x EEFHTLE

] = 14.95961 + 39.07746 x 34ty - 2.48491
X RIS +1.11506 x

EEct YOCT] Y L

PEtR (1970) | &4 = (FHEEHETE + 8T8 x 0.7 A~ BT
FiZE (1992) | 4E4% =5.43035627 + 0.00657347 x T ERE +
0.02443016 x Fi94)E - 5.56746245 x FHFELL | BT ER - A& ¥ H

% +1.38315091 x FFHHE - 1.07299966 x [
g

FHE - S0

%S (1995)

HE4% = 8.76105604 + 0.00272438 x T EE +
0.07866782 x E5fJE - 8.9311010 x & FiF-LL
R +0.42920182 x FFEHCES +3.23677141 x UE
S

RN - AR K
FHE - S0

RIS
(2013)

Fefy =453 +0.01 x H:a# - 0.86 x EHAJE
EE®R - 145 x EHiEfaBECeEs +0.02 x ATH
R4z

e O
BRI - AT
AL

R oCE RAY AR A U A AR
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(=) ~ AR AT

EH M A S R M EER AL - G AR FEIRVR B B8 IH (AR
SR LA UL R SCAE S R EG) » MR o1 (Regression Analysis ) &7
et B BT BARRYIT7E - HAVAERS TR R (8 202 (B R a2 A AR R M T8
ERAERI D) (22 e B B FEUHIT e 8 R BRRR Ay S8 [ 7] - SEORAERY > AER AT
BN Y B E X ZERIR AT AV > IS P — R RES (R
FRETABUAERY g CEER SR [7] © 2 eiis R RiRad — R
ZAEH EREHIR R - A1 Y = fo + fiXa + foXo + oo+ BoXn o Eoofr fo By HE
Pro .. P Ry liRHAE(S] -

HTEEAR - BT 2T SEBAaRs r R AR R R — TR SR E I TR - RSt e
SCRHIE SRR B SR M B AR - sl R TEHEE
HES 2 mIEAM: « Sk B FAG B REA R B S R - FRAESS &
L ATEERY/ VAR (Support Vectors ) $RENFE-H - FHLLEHERHL] © S28%
A BT BRI A A RAB AR N R B AR s Ay 9] -
H AT % [ AR BRI AT 72 5 (o F ol 2 R A 86y LIBSVMIL0]GHEUR
IS B TH > S EFEERIEE - SlSREA - TR &R TS S SR
FEIGEZ AEHfER -

(F9) ~ AIEE M AR AT S

BEZ R trry D - 49 A AR FRAV T RE e 3 0] T - Graesser A & T R
BEHFIENEIET R WHEMFT 24 RRERE TN, - S5 T 48 L2 SURF:
#uorthras (Coh-Metrix) [2, 11] » ATHEUZ TESCARFT &

TSR EHEN BT £5R ) [12] 5 Coh-Metrix 2 FSCRRAS » FHEIIIZ H3
BREAENBSE TR R E E 1 E1F - 2% Coh-Metrix 3HTEER
FEREE A S gask > 458 PGS E 2 Rt SRS CCRa B BT
2 > DUE B & o iSO R A R A e 2 &% o

FFEE TN E AR B SR H B a2 AT SO Y ST > R e B SO A SE AR
HEFSFEAE NG &y 75 = H B bR 3 SOA > £ WordNet( Fellbaum, 1998 )[13] »
BI43tisa ~ AT~ BE% NS R KEEN SR fg R 2 SE R 1 B S B B Y
BE & [1] - FHEZ S WordNet» 1 327 VE S {DIAY A EE « 524 p&( Chinese Wordnet )
itE (EfE(C - #iErEl - 2010) [14] - HAVZIEIRMESEREAY GG Z (Sense) &
oy A s E R R (R KSR -

= R
() ~ HREHT Y

AWTFELL (OO RTEEM GG © faIREEE « R T BT iasd ) [1]
ZIEtR R AR > HE R RIEEE AR SOR B B o fTE &R
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( Chinese Readability Index Explorer, CRIE ) [15]#EHY > & v s M5V EE - H

FrEfEmeiEss SRR = - Hb&mEssEn " 28 -l T &|Al, & o

At RHE 2 e SRR 0 - Frad i A SRR AT RE TR A © AT
HATE & 2 ARSI Rt/ b AR FT DAL R bl » S5 et & HAt 515 »
DHAZE R SRS Z R g AR 2 B -
() ~ ARE T ELEE MR

ILEHERET H Feng 58 A[16]Frf2 AV A]ETHT (Syntactic Analysis) FFEU &6
MAEEC (Part-of-Speech, POS) F#gl - HprEFEAVIEREA 2RI -

siy% (Gram-mar) sgrE = BEAIMVAEREFRRN © ol DIER - 5BAER ~ sH4
Fa] ~ A FRYEEREFE R ERI[LT] » 3B AR M LA e T2 B 15 LIEEE -
R A E TS E EE -

s M DUE e s R 52 IRIBEEEA(ER » SERREER » Py HGEInV4E
R118] - HR S AR LRI - [T AT R - 0 e
B CRSHERIE | PR T SRR > HEE R - SO AR
PR AR -

P HEARE S %

AR

- L 7 ISP

o . NP N

2. 5 SR T

Y R DL

T 4. B B AR LA

SO R R LB
5. PRI
e ) SR B T
6. WA ISR R
NS BB T 1-10 1Y
7. [EEHIT MR
FITHE
AR I T 11-20 1Y
8. T e 8
FITHE
AR ERE o ARSI 20 I
9. EHEHTITH —
HIF T8
10, FIEPERY SR P T T
TR e
12, =78 M =705

77




13. HiH PN e ) =k
EEy=¥ tizt 14. &5 IN#ES B YA 2 S
15. EREEESI AT H# JIIEES T E P RETL
16. PG E SRR L8
17. EAJHITER STRSCE R HYE AR
HESHERE 18. g sBEAMEE R sTESCE R AagE | SRR S EfEE PR
19, 4 SEHK sTRESCE g A 45 BB
btz
NE SR MR
- 20. A58y PGS N R
21, AT AasEE In&Es E Y AR A4S
22. H P N4 S & i R
HpEE 23. IE[A PR E JINAE ST EE v Y I [ 2 ]
24. & [ PR E &S Y & [ ]
R= - AT Z AR B I BLUE 5
Rl fEtr ARt B AL T
1. Number of the NPs
2. Number of NPs per sentence
Parsed Syntactic Features 3. Number of the VPs
4. Number of VVPs per sentence
5. Number of non-terminal nodes per parse tree
6. Fraction of tokens labeled as noun
7. Fraction of tokens labeled as preposition
POS-based Features
8. Number of noun tokens per sentence
9. Number of preposition tokens per sentence

RVU ~ ARBFEER ] Z AR A e PR A A B e 22
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INPUT PROJECTION QUTPUT INPUT PROJECTION OUTPUT

wit-2)

wit+2)

CBOW Skip-gram

[E — ~ CBOW Ei Skip-gram fEAIRE [E[21]

(=) ~ TREFHE
FRE B ZAEE = A R EIE S 5 Ryt en 22 AV RE - B e (A S e R 2L - &
GFHIHOE RfE B EFER K — (R RN & > REAVEE 2 EE » Ho
PR T ZaVEEREE Ry 1 Her®E A 0 S{EESEFE 7T ERIAYE (One-hot
Representation ) [19] -

ETE 2 (Deep Learning ) S8+ RIIF] H 43 B =0 7~ % ( Distributed
Representation ) #7575 » (B —(ER4EENVEBAEFR R » Rl
2% (Word Representation or Word Embedding ) [19] - I A& P S 4EE S
H1E > R E = B AR AT YRR AT =) & 25 [ _E A EEEEAE . o

Google 1 2013 4 /,\BFAY Word2Vec T-E[20] B[IE A K EGE M &R0 ©
W R R SR AFEAA NI RE  EE R EESSEA (Continuous Bag-of-Words,
CBOW ) Bk =AY (Skip-gram )  #HAERIEESHUERIAHISR H I 245 € —{#5
M BT DITEREE(EE HERAUMER  fEpkme =0 A > SISk BRI Z 45 2 —1E
) o TEHIE RS avEs o EHREF 20T 5e i P =B R AR R e i > AT SE
F A B =R i G =) &2 oA Maa M [a B R AR FyFRHE -
(F0) ~ sEEERNEE
KIS (BB TSR AT ) [22]F 2EEmE s - WA
2 TSI S SRR TEE R A O AIREE - HETEIENEEE 2 RE R
(1) ~ BIERRERHE
ILEfEEETH Louis 5 A [23] ATz tHAVE B 55 EME S (Great Writing ) » (7 H: &
FAEIREMERTSE - HATEENEIEE 257N o H i Visual nature of articles 3 I/ &4K
F7&F ESP Game Dataset 5% SRR &R » [t B 78 B2 - S REEse ple o SO Rl
A B s & o
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1 o R B R T

. apposition

. possessor

EafivIRE 5]

. predicator

. property

. quantifier

. companion

. comparison

. goal

Ol N[Ol [W N[

. topic

10. addition

(EIE S IR

11. alternative

12. complement

13. conclusion

14. contrast

15. reason

RI -~ AR ZEEE N BRI ER

1 FetE ot Bt s
Visual nature of articles ESP Game Dataset ( #51& 1-50)
Beautiful language BT REZ BEFER R AEE (F51E 51-100)

SIS 5E A G 4GB SRR O B AR B R — P S
e F T E[24] (F51F 101-150 )

Affective content

TN~ AT Z BIFRE R R ELE SR

g~ B EHISER

() - EREH
UNEEREE SCARREBEE 98 EEAIE H ~ K~ N = KRRt ATHHARAY 1~9 S8,
(3 18 {fff) e NS » SIRAES ERH L EBE R R T -

B RSRSNEYIE B SUEEEE T/ NEAER RERSNEY) ) JEEEEFE(25] > LIEH
PREOR Z A R RS K - SPHSCEEEERE/ -

() - EERE

PUN B E B S 0r R bt « 28— S EEa AP HER 5= DL E BOsis

TH » 24 B P RTEE PSSR Ry EOHISE IR » DL SPSS 22.0 sAs HET vl s M B SR AU S

BERIARCEME 8 DR B ME L - S a i B E A SR A E

IRERE TR -
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(2) ~ BEECHFEE R

EGR = 11701 - 5362 x FEIEEHE LT + 0.176 x & /jaEZ8
+ 0.167 x 4 FysT8 + 0.024 x (CE378 1)

() BEIFE SRR 2R AT o AR SetEE DA [F] & R # I E 4R (E < FUHIE
Mt - ERARIFTR - Koz 0.0 Eigam 22 s 2 %ok 0~1 EHIE R 1
0.1 Ff5 12 s 2 7y %ok 0.1~1. 1 FIRIE By 1 (RIS - RS LSR1 2L 0.9~1.9
Ry MRS - SIS CE R S AR AV IERENE - TSR ANR 1A
T e R ABE A= 2N ER Z THRIEREM S - HSFER RS R B R
RS LA C B VES i Ry R SRS SRR DN AT RE B P AR Ry
T2 HEVNSFPEE T OCERRAR > SIEE RO BB SR SOK -

4 B
— = = i Fil N t AN | %

R
H 22 28 28 28 33 27 31 32 23 | 252
K 22 28 28 29 36 27 28 29 25 | 252
N 20 28 24 29 30 29 31 30 24 | 245
L 64 84 80 86 99 83 90 o1 72 | 749

R BIFECSEHRESFIOER

R R =R t RS 4
20 20 20 20 80

R/~ B RERINEY)I SO ER

(& 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

TEREME | 21% | 22% | 23% | 24% | 26% | 26% | 26% | 27% | 28% | 32% | 31%

TIL ~ B MR B F & R E 7 AN SCRE RS R

TR TEMEME
e — - = g H 7N t AN . (%)
— 4 8 6 0 1 1 0 0 0 20.00%
- 2 10 9 6 1 0 0 0 0 35.71%
= 0 0 1 5 8 0 0 0 0 45.83%
| 0 0 3 14 9 0 2 1 0 | 48.28%
Fal 0 0 2 6 9 11 2 0 0 30.00%
VAN 0 0 2 4 9 11 2 1 0 37.93%
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t 0 0 1 3 9 9 8 0 1 25.81%

J\ 0 0 1 2 5 9 10 3 0 10.00%

L 0 0 0 2 5 5 6 4 2 8.33%

Tt BV HER A CEERGER

B | AR iEREME (%)
1 FEERF R 48.57%
2 APETIAT B R R 42.04%
3 gk 256 4 53.88%
4 sEFINE 512 4 50.20%
5 sEFoNE 1024 4 53.47%
6 sMERIRE 256 4 34.69%
7 sPEFRIRE 512 4 31.02%
8 sMEFRRE 1024 4 31.84%
9 e R AR 37.96%
10 | BFREERE 11.84%

Tt SHRAERE SR EFENDCE RS 2GR

BEE TP IR R B TR » SR IR AR
FoT o RIS IER L 256 SEHT R BB TIAERE - LERARRRTA
BRSO - GRS IS (HIEE 1) R BN L TR
R S EREREIN SR el TAEGUB RS S A
FEI R o B R R A ISt LU e 6 P 2 RS » S5
FEEREIUE ik -

Btk - TS L B & SR BB 5 MR » FURTBR B
St P - B 1 SR S R A R A T SR A
RIS TERERARTE 2% » o] R UM BT - ARSI - ERELERIA T -
B8 G PR A T %5+ (ERERA SRS A SR BB 3 IR R /DI
% > FURATAE B 443 35 (NP~ B 38 (VP )~ 38 (N)~ f-{4:3 (Prep.)
5 L N AR B 2 ST TP SR R IR -

(1) ~ 8 BERI NPT E R
FE4R = 1871+ 0.052 x A/ 5578 )

A(2) B8 BERINEY 2 R AT - [FIBEH - FE LSRR LA [F e M # € 4R E
ZTEMIERENE » S5RNF+=Frr - HERRGERATA > BL1.0~2.0 Bl ik
ffe i ARG R A B A AR IERE M FOAIGESRANR A TUATR » iR+
VURIE H A R Z TIEREM s - HES RS M EHE R 2 -

P FRAPIPRET (o I S P2 =) BRI TR E - el s e e IRaR -+ 10
Ao - EERGREEEE CHRE ERGE R MRS - TR g s i) -
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s s - [FBHE - M E SRS & = P R B D IR
HsE BISE AR A-7SFR

HEh

"R | R TERREME
CIEEFSRHECEYS + AREEEE + AEEEE + K6
1 33.47%
44
2 EBER S + 2R B 49.80%
3 ERERE + B EERS R + AUAST TR R 43.67%
A BRI + 2 + aES BRI + ERNE 53470
256 4
5 B + RS + AUASITE SR + SERNA 53.88%
256 4 + FEMEFRIRE 256 4
5 ERERHE + B EERSE + dRE 256 4 + sMERTRA 56.33%
256 4 + EEEIHRE
, ERERHE + B EERSE + ERNE 256 4 + sMERNA 53.06%
256 4 + FEEEHNE + BIFEERE
T R ERAGS G S TURHEELZ 1 R o BN THA S EE A 4R s R
WRi | 00 | 01 | 02 | 03 | 04 | O5 | 06 | 07 | 08 | 09 1
TERENE | 25% | 24% | 26% | 31% | 31% | 28% | 29% | 28% | 29% | 36% | 38%
Tt =~ Z T AR [F & & B PN 2 SCEE AR SR
TERIAES, N
it {(RER4 HhAEAR =R Eiles TR
AR 4 6 0 0 40%
HAELR 2 8 0 0 80%
AR 2 8 0 0 0%
[ 0 8 1 1 10%
R0~ B R TN RS
=g | AR TERENE (%)
1 FERERS 40.00%
2 ST LR 42.50%
3 SHFTok 256 4 42.50%
4 sEFoRE 512 4 45.00%
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5 sEFToE 1024 4 47.50%
6 sMEFRIRE 256 4 45.00%
7 sMEFRIRE 512 4 40.00%
8 sMEFRRE 1024 4 37.50%
9 sEE AN 47.50%
10 | BIFEERE 25.00%
T~ SVM & RHEFRNSC B F AR S R
Hhe | BEARHE IEREME (%)
1 B [r R 40.00%
2 BRI + 2R 37.50%
3 AR + 2R E + AE B MR R 37.50%
. B + RS + AASITE SR + SERNA 52 50%
1024 4
5 B + 2R + AAS ISR + SERRNA 52 50%

1024 4 + sMEFRIRE 256 4

6 BRI + BEERS e + AT 1024 4 + sEMERTE .
. 0
256 4 + SHEHEENRIE

L | - ETERAE - ARTE 102408 + R .
. 0
256 4 + FEEEGII + BIERERHMN

TN~ SYM S SRR CEER AR

T~ S EEARKEE

ARG SChRH AT ~ sFORE SR A - BFREER RSO AT
sl ETEOH > AR RABIR S & DS TR Z TEREN: © TR57 5 #8120 el B S ff
[ A e T FURE I AT R AR A BEas R 2 Al R B ISR T N 5 R (B R
ARSI NE SRS - (B BRELE T nT LLISEIR - ( FIAYTE AR H RS 1 - FEMIIE
MERIE RS - SR T RERV PR T S AR USRI 5 AR -

A FETT [ PR B B T B 2 B B AR Y H Y - T REK,
HEIR A RS T B B BT i rl T TS SR ORI - fEA
AR A TS A DR Z s - AHBIEE —RE S A - AR
RN BRSO B S YRGS 2 AR MEFHIES] > BN ERLS IR ITE -
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e

MARHEPESEE > B EEEOVITEE - SOUEHE S MM EEZAEESES - Ji
IFUERE VB - BRI ((EIE)) ~ BEERIRME) 2 — (PR ERySEs - LRARFETHE - H
RBSOCERPOOUE EHIER - BRESB ISR - BHE QR TSR
HEEE RIFAERAYINEE -

PSR SRS R - AERN—ROCEEE - A AR ELEE o a1 TS~ T AHEE
SRR~ T3 TEER ) B IEASHERE R T SO - AN » BRilaem s MR R L FRY R
[F - FERSEAVAE LA SRR - [NIE - & T EBIREE S rm CVFESEM - M2 2R
SCHISCY RIS > Bt SO oy Sas IR EE = el SREUERT & S8 (IR 5 -

FERE S RH T H - SEMURECSCE R - et BB b > ERAEIISEE S B P E T &
FREANTAEEER > Ry T RMEATEEAVE Y > P HR BRI R > Bt
EHIAM (bootstraping) HYJTEAZEFIEEERCR - HAHGIGERYEESHA > TS CE R 78 THY
S e

FEARMZE T - PR —E &4 - LLAKTE (Bayesian approach) (58 = 325 70 #fr > It
BT RsWED oy 0 — RedlllSRIE R (Training phase) » 55 Ry I B (Testing phase) o fE5/I[6RPE
Be o R ERISOR (Corpus) BEIZEEEIEA » PR HFT RS frsm LT HYRERIE (Cite-
SeerX) EAIAERIAI (Initial pattern) i /rAra s - FIMH H R EHERER B ERE T
HYEITRTHISCY (move) » &R THAEE 5e SOV Z 1% - FIRTAHY AR H B ZEIE
FROR - MAENBHER T Kl SR AT FIRIEEIR - 87— RV > — BB RKITE -
RS > BGPTSR - PSR AR By 56% -

Il

R« EROCCRAF - WBIEE - XD

Abstract

English of Academic Writing (EAW) is essential to the research community for sharing
knowledge. Research documents using EAW, especially the abstract and introduction, may

*Iﬁtﬁﬁ%ﬂﬂﬁ[—ﬁgﬁﬁﬁﬂ » gEgE b 0 MOST-103-2511-S-007-002-MY 3
LEHEE 1852 Jia-Lien Hsu (E-mail: alien@csie.fju.edu.tw)
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follow a simple and succinct picture of the organizational patterns, called move. This paper
introduces a method for computational analysis of move structures, the Background-Purpose-
Method-Result-Conclusion in this paper, in abstracts and introductions of research documents,
instead of manually time-consuming and labor-intensive analysis process. In our approach,
sentences in a given abstract and introduction are automatically analyzed and labeled with a
specific move (i.e., B-P-M-R-C in this paper) to reveal various rhetorical functions. As a result,
it is expected that the automatic analytical tool for move structures will facilitate non-native
speakers or novice writers to be aware of appropriate move structures and internalize relevant
knowledge to improve their writing.

In this paper, we propose a Bayesian approach to determine move tags for research articles.
The approach consists of two phases, training phase and testing phase. In the training phase,
we build a Bayesian model based on a couples of given initial patterns and the corpus, a subset
of CiteSeerX. In the beginning, the priori probability of Bayesian model solely relies on initial
patterns. Subsequently, with respect to the corpus, we process each document one by one:
extract features, determine tags, and update the Bayesian model iteratively. In the testing
phase, we compare our results with tags which are manually assigned by the experts. In our
experiments, the promising accuracy of the proposed approach reaches 56%.

Keyword: Academic English Writing, Assisted Writing, Move Tag Analysis

N W E/H%

B AGE = F R T SRRl P R O HYERRE - (ERROE R ELAAT - sE S RHE & FIEA IR
B IEPFFESOASES: - HESEATT » AlgEE A BIEARR » BRI IEATHRERE R
FYFAY S BAGE A IR - PRDABR A a2 AR A TR T M a2 - A TRIEE
TR S AR B C B ZE IR R -

FOEARER E R EEAENGES » BT RER AR » WIS RiE — B iR
T BAESOEHEPFFAIERRGHER S - HIIE &R EA A - EiTRERGIESEE
o B B EEIIIESL (ETS) ~ B4 S ESCE RS (CLEC) B4R /RN 4RiBAC
% HiE%EEREE (Corpus) » BEMFBIEE S )T HAVEE S REEBL TS - FIFHEBRE » 7
MrEssBRV YA (FEECE ~ S0%) » EAET - KRB AMIFRE AL - EE 18R E
HEE s - FEILEENEEE > DURIRFA S E BRI -

EEMrem b > B —=ET > EE SR MENE R - TEENY - BRAE - SR
Gham o MLEESEREIVAERTE 2 K T SO - R AT (18] > SRRSO E I {E
6 AR fERE (Problem) ~ F57£ (Solution) ~ (i (Evaluation) Ei4Ezy (Conclusion) ZEE)
41 o EFFEFEER)E (American National Standard Institute, ANSI) [4] > iR EEERY
A 4ERE B HAY (Problem) ~ F77£ (Method) ~ 455 (Result) Ei4EzR (Conclusion) © Swales [5]
TE FAT i B ARRIEH = RSO EREAERE (Creating a Research Space, CARS) » 4% @ fyfd
TLH%E4EE (Establishing a research territory) ~ ZET7 %L (Establishing a niche) ~ 548 F] &
(Occupying the niche) » WAEE—{ESCHEREGEHE 2 T ERANET - FEILEPIRTSCEANS -

Fenlgt 2o 93 5 {F » Glasman-Deal [6] f2 B IE ESCPEAE » &5 @ /088~ T304 - 45
B~ 536 - Weissberg & Buker [7] EZEIT M L EIECE B BPMRC » B & (Background,
B) ~ H#Y (Purpose, P) ~ 7774 (Method, M) ~ 4558 (Result, R) ~ 534 (Conclusion, C) °

TEA TR i S {EH Weissberg & Buker £ H S EAYOP 280 (5~ HAEY -~ &~ 465
Gham) 0 MK ENErim SCE R (CiteSeerX) B/ &4 HAN > 3|4k H X HE (Bayesian
approach) » 2B Lr]H 5l a] 5P @RI S -

By T 50l ek oo By 5 IR PR S SCP RS HERS - AR BE— R R inas SCiE 1 > &
#H RS T SOV E R H AR HIRISCE A IERENE: -

ISR S S ST HERATSE (Section 2) » METIHAIALS Y HESS A B I E U8
T2 (Section 3) » BAEEREEET ~ 455 (Section 4) « £¢1% » 5w A KAIIFE T M BL4E SR (Section
5) e
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- THEAWE

PEEENERE > BT EEMRME - BN EAES R i E A > 415
FHVER BFEHREEEEE - PIFERIE - BRRES - TEREEHN RS0 T - A
—ZHIIAE (Swales & Feak, 2004) o = E5m iy BS% BA) 7T N R0y Atiise » &0aEs
W2 & FEH B RSB BEAERERR- T 300 o FEAWEF > AE S ¥ER-cny T, E—E
TEHIRGHT - R BB eSO SRR T -

KER S am LR A & B SCP 458 IMRD (R > Bl A48 (Introduction) ~ 7574 (Method) -
45 (Result) ~ 515 (Discussion) » #F2 22 e R AR ERYERCCE RS - (1140 Swales [B] K
511/ NEEEH CARS(Creating a Research Space) 154H » CARS £ & 3 APl By 11
SO (BIREFEE A CARS BAHEEET B/E_ LI(EREJ77% » Weissberg & Buker [[7] %23 H
BPMRC 2045 - HIE & (Background) ~ HAY (Purpose) ~ 777 (Method) ~ 455 (Result) ~
4w (Conclusion) » FyE2- B EL{EFHERALMIF )7 M BB -

ATRAFER - HiF 2R FEE 280 7 NSRS 508885 - 40 Teufel & Moens [9]
FIHAREZH H K73 885 (Naive Bayesian Model, NBM) 2 i & ¥ YA 58 B2 BRI s 1 ¥ 5w X 25
HELT SO0 5338 - Ling [10] $2H B E 0 A (Hidden Markov Model, HMM) F]H&RET % 2
MO AERE > Wu & Jason S. [11] #2HH—E %4 (CARE) » ] HMM Zz¢ 325 » Shimbo [3]
%% MEDLINE » £ —E 44 » EERHE T DIESE R EAISCE o HARSH S i
(Suport Vector Machines, SVM) » Z &R 11457 B VUERS 7Y > B EHEY ~ T304 ~ 455 ~ 455w
& AT ol AR B S AR R HIBISCE AR « Yamamoto & Takagi [12] f#E7 1Y
BT RE R B~ 5k R G JISRGIE SVM I s R A B A AL E E
TES RIS » BT SOPRERT -

EARSCE T > FrER AV SR E EE A B HIREHM (Bayesian) » HIREH T HAESEH
EHEW AR ET=(EEE (Statistical Machine Translation, SMT) » {EFR{FHRE R > FEHIR
A ENEE Res oy 720 RS IER (Jia Xu, 2008) [L3] » A REHVESCEN - #EHHK
EHERECEEE oA - BRI ET » B S AR i o o

BLA S AR RANIRASE By Guan-Cheng Huang [14] HIERSCH%E - T EEAIE B B AR A EY4y
B EFTAE > Guan-Cheng Huang $gH © #r5 (fEIE ~ 01 ~ BIAMAZE) ~ Asw=C (HAY
T3k~ G55 ~ BEm (ORI ABFFTAYELER LR ) B Ei4ERE (GR-cass - BIRMIE~ - NEN
THEEO)EE ) FEWURESCE » MARAERANSCE A (5 - BiY -~ 7304 -~ 455 - 45m) > &
JEH L FGCCE e EEV A A 2R > ASOER A HIK/3#H (Bayesian) i Guan-Cheng
Huang $2HHE AMHEE (Maximum Entropy, ME) » ZRI{E % B KA E R A —FIIATE 2o hatk
B » RIBAERIROFHEE SO R s R MR R R TR SeBR R (F - BTl 3950 > R
EEPMERSCE > EEISEE PR HA R - R Rs SO iR 5 -

A ETARZESCE eI SRR EASCE F iR —EH#HEE 24 - FIHERELEF
WIS B EE PR A N-8#56] (n-gram) > DA R A THEORAVRCA - TEFISRAVERE T > FIFH SCEFE
B BEE R - (FE RS DU ECCHI e IE R 5 0 FIAH BRI
Fanl o ERFESCERSE RS BB AR Em S

=3k

Fo T iR L A B B am Sty > AERNRIEEE (CCF) o] DA R MR 75 > FRII/ATE
ARECEWAEER SO 3 MR E LR - A LB TR iy SO BB KRR
f] > AL FRMTPRIE R B 5 B 18 H B E A 57k > AR NIRRT FRACATRE >
TR E AT -

PP a) 7408 Genia Tagger B 7 212  PRA — MG/ SR H A (OW, BF, BPC) »
LUAR (bootstrapping) HYJ7AEN BB > SR 2% - —RCEE T T - BEEE
—HE > RSO ER e m B A T T SO T B — iR CEE T AP RE
ad  MOEHAEE SO AT By N-3GE (S = {ngy, ngs, ... }) BIEAEIWIAR - FELLEEH
BRAVRLER -

FEMEAPEFL > RIGBER— R SCER T - B R AV RIGER » sPE SO RIS

FEREEER - AR E R EES - A B EHE TR EA et R B SO Rk - I
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] B R it

SEE ¢ DR R RAYEERIEE (Corpus) BLEIAHIISRAIAN (Initial pattern)
MMt E—EYaIEA

GIE ¢ —RETSCE D (D € Corpus)

B - RE—RXE (D = {51, S, ... }) PE—AT S

HIE w2308

B F SO IR (move"tag = {B7 P, M, R, C})

[E]R > Fr e AR A

TrEZ SRR B SR AH | SR AL -

3.1 ZEAfE

- Prior
w probability update

O
I

Bayesian
E:> [ approach ] E:>

B,P,M,R,C

1: Z4254% (System architecture)

S 24 Ze g E (& E) s Ay R R ER S —E a2 A CiteSeerX 2B HHE » B4k B (K958
75 0 Sy HIE o ISR Ay = A R as TR S iy A 1 -

TEFISRPEES - 7¢ Glasman-Deal [EEE FRIESOV AR A E R - #HEL 155 ) N-#5EE7F
WA EIGRF AN > TAEE R 7 E RS B P SR EE i sm S/ HIRE R EE (CiteSeerX) » ZH4G
R A R Genia Tagger #ETTEI M » FIAEZGE a8k —a—4 > 24
B EHA] I8 Genia Tagger FEALAVEEMAEEE (Part of Speech, POS) ~ FfR#EH (Base form)
BB G (chunk) PR  AFREHEIEGI AT B N-8#5E > [RIEIESCEERRE - &
B HT B RHEE PR ) TR AT SO Y > NI EEEIWIaasRE b KR B SiEiE -
PR A AEECHY N-ZER B T —RETEAVRE -

TEMERIS Y - BEHCHHY— R SCE » — B Genia Tagger #E{TTHICEEM - 53/l SIS AT H]
KEMAECSOPHY N-EEE > EIEAEER > M CELEFTEH 1% > Ba eSO s 2
IR » HEMEHITT AR -

3.2 FFEUEERY

AL HkiEE BPMRC G R E A7 B0 R - R ERRRE AT ERiEE Y
HREUDR A - RIS RS SR -

ML EFE AT (S) 48 Genia tagger JRIHF(EF 5 (W) » Genia tagger EHEHtF 5y
— LR PIANEATERRC (Part-of-Speech, POS) ~ FEITHE4A (Chunk) » Fli—RSCEF Hi—
#] (S1) By Glyoxysomal citrate synthase in pumpkin is synthesized as a precursor that has one

Bk
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cleavable presequence at its N-terminal end.” &% enia tagger 77HT 2 1% (32 m) » Feffe g &k
R BT R E T AR

1. JF#aER (OW: Original word)
RaFREFREER - GEBiN - BUES > BEERHMOFR  E5a0T RhEF
R > FrLUR SR AT (S1) @ RFEEEan T
”Glyoxysomal citrate synthase in pumpkin is synthesized as a precursor that has one
cleavable presequence at its N-terminal end.”

2. FFMRiE[H (BF: Base form)
B FESHET - BFEFIR - 5090 - FrLURGEF (S1)  RrgEpan T
”Glyoxysomal citrate synthase in pumpkin be synthesize as a precursor that have one
cleavable presequence at its N-terminal end.”

3. FIAETESEENE (BPC: Base form & POS & Chunk)
ZiE POS HyRRAT - BARESF (CD -~ LS) sEIFisi iy (FW) ByF ik
(one—CD) » MFFHE (SYM ~ §~ :) AIZRME - W% Chunk » H M EFHYRTRBMIE A
Ry—{E%H & Base form (F{FEF AL — » Al FE#ERATT
”Glyoxysomal citrate synthase in pumpkin be synthesize as a precursor that have CD
cleavable presequence at its N-terminal end.”

%= 1. % S1 = "Glyoxrysomal...” > &L Genia Tagger 77472 455

Original word Base form POS  Chunk Named entity (NE)

Glyoxysomal  Glyoxysomal JJ B-NP  B-protein
citrate citrate NN I-NP I-protein
synthase synthase NN I-NP O
in in IN B-PP O
pumpkin pumpkin NN B-NP O
is be VBZ B-VP O
synthesized synthesize VBN I-VP O
as as IN B-PP O
one one CD B-NP O
precursor precursor NN I-NP O
that that WDT B-NP O
has have VBZ B-VP O
. (Period) . (Period) . 0) O

3.3 AR

STEYI4E N-E#GE Y EER - $RA Glasman-Deal Fi#ESMEFRIE 0] 0 SLERWHIERESSE 1
2 A L — (E R (E 2R BRSO BT (R E 5 - (e PkiEE - PR N-2#5d (&
FER B IRFCCPGE T WR(E » LEA7a basic issue for” fEE PR 5 (B) &M - At
PURFIE N-iafe sy B IR R 13 B) - FIFIRERERE Sy N-iise] - S 1Rsloon - A
AR EHEEIm E 8hE A KBRS AT /)T Ry N-#igE > BIEROaE - E1F
N KASRER} - MER R RISREAVEER > D HI T -

PR EE B > 8 155 (EEA 5 55F Ry N-##5 (N-gram) - E{FUIGAVRT B2 8 H
VIRE B AR Y -
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& 2: ¢ Glasman-Deal BEEHYE [6] FrfEEUHIEL 7 AYRILGHRAN (Initial pattern)

Pattern

a basic issue for
approach was developed by
majority of the tests

in future it is

T 3 RHeRAG T HERRE > 2Ry Count table (CT )

Pattern B P M R C
a basic issue for 1 0 0 0 O
approach was developedby 0 1 0 0 O
majority of the tests 0O 0 1 0 O
in future it is 0O 0 0 0 1

3.4 HIRGZE

B0+ R T R « A SRR BT + FROLRIFI B S A AR R
H1EE AR E » B RS P SO (ST IR
PAHEET > FIAH [REHF R E P EEG AT AR - HEY - I35 - &% - 455
MM - BRI A TR B« A e MR RSO R A )
PR R - CBE e T AR AR - 8 TS - B EEGR
B S E 2 -

it Corpus BU—FIfiF~ (D1)  BRAERIUI SN By F BT + E R AR ) DR
BIRUS RSO  TIABUBMT ) » BLSE By RS BEAOA ) » TS5 MT - 0% sty
—RSCHRIE » PSSR E T (HAIT (5) SRR R (B) - B (P) - ik
(M) ~ K5 (R)  &ssh (C) BB

3.41 HESUBHER
BL Sy BB - BRI BRSO AR -

P(move-tag) x P(S1|move-tag)
P(51)

HT R REESCP IR - R EESCPRVETRIDTERME - FrMER R R EF &
(B) X -

A hEE TR ESEIES T N3 - [Ny S R0 N-EEE PR (S
is approimated by set of n-grams as follows: {ng1, ngz, ...}) BT AEEH A FRIFT B H S 1
5 ARSI T 15 B NEIACHORS - B0 Sy 015 n (8 NS -

P(move-tag|S1) = , when move-tag € {B,P,M,R,C} (1)

Sy <+ {ng1,nga,...,ngn} (2)
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# 4 HERIAT (Initial pattern) 1 > SARESEPHTRE S i

move-tag B P M R C
=/¢ ¢ 25 34 33 41 22

2 b #@fIE Dy = {51, Se, ... , Se}

S Sentence

S1  Glyoxysomal citrate synthase in pumpkin is synthesized as one ...
So  To investigate the role of the presequence in the ...

S3  Lmmunogold labeling and cell fractionation studies ....

Sy The chimeric protein was transported to functionally ...

S5 These observations indicated that the transport of ...

S¢  Site-directed mutagenesis of the conserved amino acids in ....

FFBL S1 HIMER TS B
P(S1) ~ P(ng1) x P(ngs)... x P(ngy) (3)
T P(S1|B) (bR e -
P(S1|B) ~ P(ng1|B) x P(ngs|B) x ...P(ng,|B) (4)
e FithEs - At @) Esn

P(B) x P(ng1|B) x P(nga|B) % ...

P(BIS) = P(ng1) x P(nga) x ...

3.4.2 GHE N-EEEHR

] F8OE s E 2 1% > 1R H T — B N-ZEE (ng:) @ Bl 5 ng1: glyoxysomal citrate synthase
in” > JeEt & ngr HIRAVHERS -

n-gram B P M R C
ngy  glyoxysomal citrate synthasein By P M; Ry
ngs  a basic issue for By P, My Ry Oy
ng, role of the presequence B, P, M, R, Cn
Bi+P+M + R+ Ch
P(ng1) = (6)

S (Bi+ P+ M; + R, + C))

Al HIBR L ngy BEFERIGE (R D) BEERTGE CT)  BIg: 8 NEaEs
P (B) REUHFRATHRR -
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By
Zz 1 B <7)

it N-HGE A AN VIERISEGEE AR Y RN HSCE - EEdl”a basic issue for” [ N-#8#
R RS R (C) » AIE4S TRUIME (0 = 1078) BE{FigR - B{g(E N-i#sE » EIRYEH
RIFZ (CT) » EHIt S ZBEERRGET MBI SCIHEERE - & SCrrTes > AR RIESCE
KB E R
A T4 BT E BETE EAVAEM: > PRI SERIERIE -

P(ng1|B) =

P(B|S1)

normalized (P(B|S1)) = # of n-gramin Si

(8)

3.4.3 SUPIEE

SOV B AR Jef—RXE (D1) AR TSSO RET R s S > 4 BT
TESL -

AR S0 B 2%l 7+ AIZIRIBSE ERIELBI R BETE - iR W Ber gE B/ N AT BA
U H ARG -

6 R (D) SUPHEEL -
move-tag  SCEAEEES] A

B 0.15x6=0.9 1
P 0.20 x 6 =1.2 1
M 0.30 x 6 = 1.8 2
C 0.15x 6 = 0.9 1
R 6-(1+1+2+1) 1

Ry TR SOP RSB (Majority rule) &553 > FFURIZSEIAE Corpus NCEIVEL
PIZHE - IRFPIRESCE (LA QR > JefE B HgIEF & € — P — R — M) - B EFTE
H—RCEHERTCE - RIBELH - HFIARE R B HIAT -

By = max{Bl, Bs, ..., BG}
SS9+ B (9)

A (Sh) DASHAE G (B) - B TRIRFSIS - &% e - wsdn B W
WNER—5]  ARGIEE N —E3F C -

x® TS ICUHRE

Sentence B P M R (C

S Bi PP My R
So Br P My Ry &r
S3 By P; Ms Rsz Cj
Sy By Py My Ry Cy
S5 Bs Ps Ms Rs Cj
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AR B - R CEE A TR RSO -

- Cg = max{C,Cs,...,Cs}
2.9 — C (10)

8 LS AR

Sentence B P M R (C

S1 B, P My Ry C
So By P My Ry &3
S3 By P; Ms Rsz Cj
Sy By Py My Ry Cy
S5 Bs Ps Ms; Rs Cs
=0 Bs b My fis G5

E'—)é %quﬁﬁ SHVETH AR ESOE » IR SRR - Eir CT HEE
FIFAL (£ R S1 WiEE B B A T8 P aa—(E N-#3:7"ng: glyoxysomal citrate
syntélase in” > KY—E CT » RIBHTHAEERI Y » ¥t ng 2 CT FWAE B 44 THIRRE
(F9-

9 AR

pattern (4-gram) B P M R C

glyoxysomal citrate synthasein 1 0 0 0 O

5 ng FAER CT o » BIEHKIE S1 WLEREE R - BT ng (B350 R s (& [d) -
AR EESET > WIHESRKRT 25T - FRRITEAERSCHER CZA AR A

FIZE ) > el CT o o FATALA L RIFE B E RSP e Ry I - A ENE (iterative)
A5 MR AR ITZE > AIVEISRER (training data) AYFHME -

% 10: FEHRERA]

pattern (4-gram) B P M R C

glyoxysomal citrate synthasein B; +1 0 0 0 O

o~ B
TEAET B BB E B T o -
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4.1 Rl

AL ﬁ?ﬁﬂﬂﬁi%ﬁm i SRS IE > AL PR I B P U B 55 2 i Y 22l S SCRE R R (Cite-
SeerX)! o CiteSeerX J&—{[ B j* SCRRHVIE = 51 % > ££ 1997 4F - 35 B PRI A B2 fi 3%
CiteSeer » FIL— NI EEFHEE > I CiteSeer HEEWRABHHYSIA: - (HSATUECEHILA
PR B 7 e RRIRYE - St RSB ERTE [ (CiteSeerX) » FY 2007 R ERE /YT %
HEhPraes D AERYER S ARRIRIRRS IR SCE » 1B [ 8 RS -
CiteSeerX LA 138 EXRHVUN - EEAINE /PRSI (A&E TAARHEE)

s LB E H Fy PDF A8 - 4048 B BiRiEfE oy NI EER A ST 20T
HERSE %%f%‘éﬁ??ﬁéﬂ FrEMEE IR Z AT > BAFTEESC TR B - IR TTIREE
Hrga s FEIESEEN —Ram L

4.2 HEREOE

228 250 (8 []) - BRI A (Initial pattern) » SR (CiteSeerX) 2L
XE > BRIl HE RO -TRIIGESE > AgHEUEHEET - EAmXE
o B E R = SRR -

IS B > SICiEER IR 20 R e REGETIGREYCE - SUBBR R AT SO
HAMTEBTEE R I 20 7 (3t 185 4)) BHE T3P HER - ?JEHj/HEP#{IAUJ:ZA%/@¥
AR AR R A Bl (= A DL EARE A8t 142 4)) -

HFIHE 20 RSCREETHE > B8 TR EARER - ZIRERA MFHER > (RIF 142 A RS
o HRHIEE B IERESCE Y A8 -

# of sentences with correct move-tag
142 '

Accuracy =

4.3 EHEGER

AICHIF CiteSeerX fEELHVER » SHEEG&KE—TRAVIIGE - Qg %/ N-EHR 55
FLAI &R Genia Tagger JZEIEZ@%‘ et &R 455 (Original Word) ;FE‘% 5
(Based form) ~ FMEAERC (POS) SF&EH - RIFISRITAGHI S CFER B IE == > BBERS
FIHIEESR

E
5
of

600

500 //
400 .
g _/
(=1
3
2 300 _#
£
=
200
—u—OW
100 BF
BPC
0 T T T T T T T T T T {
0 1 2 3 4 5 6 7 8 9 10 11
EllEe gra=—wa -1 ¢

(x1000)

2: LEHIENISR - BEHIAR RIS

BB —TRAVIIGR - A CT GHIN&y/NERY N-ssER AT SO > 102 A SRy
fﬁ% AR RN R EE THBZRIRT - SE RN RERMEER N-#E N R - B8

!CiteSeerx: http://citeseerx.ist.psu.edu/about /site

96



7= 11 HFHER OO A% (# of sentence with correct tags)

move-tag B P M R (C Total Sentence
# of sentence 27 10 21 60 24 142

FERIGPEES - RyBE TR RHE | SRR BUE S ESCP IRBRATISTER - FrLlEH b &4
—TRlGRET CT %> AT SO IR E & IEHE -

BB R R R SRIMSEIN CT &Rl - FiER 7SO RS RER -

FHE BISRISHERIGSER - o] DABE ) T SOPIREAIS TR - 830 CT BRREBEE TR
SISk > FFEIRVEE RIS -

HFY BE fiifyEEREEREL OW AE{EL - A DUE L S BER RS HERAVES R -

FBE - sHECEE A MR BT B ER B Y ) - FTall SRy CT &Rk - THHA) 7308
AR -

SRR EREE

B P M R C B P M R C

1000 9 3 9 26 9 1000 | 9 4 9 31 9

2000 9 4 10 27 9 2000 | 9 5 11 32 9

g 30000 9 3 12 27 10 & 3000 |10 5 11 32 12
4000 | 9 3 11 28 10 Boa000 | 9 4 11 31 12

5000 © 3 11 29 10 5000 | 9 4 12 31 12
20000 10 4 11 30 10 20000 | 10 5 14 38 13

3: BARY OW ELER] 7300 &R 4: B BPC HEE 1) S &R

I [T A - AR AR RO TR S - SR R ) TR - Bl
MEHY N85 - [N Ry BRI R R MR RSO R G TR -

4.4 &fim

RS > SCPHAMIERRE 56% » A DI o IS APEIEL T (155 (E5
Al - REEE—FHYAERER - BRNIETER - FMIRFFEEBIRREE -

ARG AR AT R o > SFHOAR RIS EUE AV R - FfMaioe =i U 5 -
TR RS R BT P I RR RS - BHARTS T F S BRI B E
Y o AHIACRZERFIHAYRCR (£ 1LS) -

HAIER = TR/ RIS 2IAVEE R - R IRaE R (OW) B RIE R (BF) EmifEfs &
SRR > (A TR - EME R (BPC) HYFRFECT - fHEY OW 8l BF » S0P
AREHER A IIRHETT - FIREN Ryl (AR AR Z T ARG 5 - (e T R RSO R
Hi-

%12 FHESEER (OW) FrisivistEs (Accuracy)

R 1,000 2,000 3,000 4,000 5,000 20,000
Accuracy 39.43% 41.54% 42.95% 42.95% 43.66% 45.77%
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h

* 13 MAFHER (BF) FriSAUEHER (Accuracy)

=20 1,000 2,000 3,000 4,000 5,000
Accuracy 40.14% 42.25% 44.36% 45.07% 45.77%

Gt

® 14 FIHEEMERRC R TR E (BPC) FfSAVRIER (Accuracy)

[ 1,000 2,000 3,000 4,000 5,000 20,000
Accuracy 43.66% 46.47% 49.29% 47.18% 47.88% 56.33%

* &
Rkt — B S g07% » PRI  BRIBOE REEISO R - ke

FAY N GE R - DU BIERAE R IR iram L - PR T7E » A BRI AT
TESCE AR IR 5 > R DA SRR A T A MR TR R AR EEAEEERY N
i) o RS EIRVFISRER > EREISCE o3 HEs -

FEARKIFE S - ARG = 0 SOP R IR SO PR ERER - fIa5T R N-#

] Z FEIEARDURE > SRR @ Y SOP Y AR SR BRIk B R AARR - W5 SO MRV >
SRR SR (F LR Bt VBB - [ - WH ESCPIRFF R E - 2 E B R -
FEERJTE - BHE N RER N E -t HE SR sRE R BB 57 0E
({4 = SVM, ME) EEES -
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i

s 2 a3t Ml (mispronunciation detection) fy 25 i B 28 2 5)l| 4 (computer assisted pronun-
ciation training, CAPT)if52 -y EHZEA —(EFRE] - HHAVZNIBGESEEH 26T
HEEAR—Eah PRy R SRR - — IS SERRSE EllAZE vl 7 B el 7y + DRl
FHEGRRUEAE - BN P S B R B A BE% FIA 22458 (acoustic model )Y EL ¥
DUASRRCE FERY EA #0228 IR E0 2) &l 7 SRS B PR S S Rl 0

HE S R EGE ) B R i B R (EER B E0ER R E) - AR L E R S il
WS E2H =THERR © DEEELAS & E BTN R EIH A 49ES (deep neural networks,
DNN) B FEFE 4 48 1% (convolutional neuron networks, CNN) 27 S #E Y B ELRE R [ 7 A=
B S IR 23 Mt aE & A E o TTE - DUHHRE Z SRRV S e
MFRHR 3) T iR S e HIPT B FRRVREAH 1T — 2V B2 HIR AW E B A BdaT i

E—EDIEERR M RS R HERE SR ErERE 2 Biss R TP timt &
25T S SR A A A RS T L S SRR A Y 7 VAR RE R R U7 VA B B AR T -
BT SRR - A - B - TR

Abstract

Automatic mispronunciation detection plays a crucial role in a computer assisted pronunciation
training (CAPT) system. The main purpose of mispronunciation detection is to judge whether
the pronunciations of a non-native speaker are correct or not. In general, the process of mis-
pronunciation detection can be divided into two parts: 1) a front-end feature extraction module
that generates pronunciation detection features based on an input speech segment and its asso-
ciated reference acoustic models; and 2) a back-end classification module that determines the
correctness of the pronunciation of the speech segment according to the output of a classifier
that takes the pronunciation detection features of the segment as the input. The main contribu-
tions of this work are three-fold. First, we investigate the use of two state-of-the-art acoustic
models, respectively based on deep neural networks (DNN) and convolutional neural networks
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(CNN), and compare their effectiveness for the extraction of discriminative pronunciation de-
tection features. Second, we experiment with different types of classification methods and pro-
pose a novel integration of DNN- and CNN-based decision scores at the back-end. Third, we
provide an extensive set of empirical evaluations on the aforementioned two modules and as-
sociated methods based on a recently compiled corpus for learning Mandarin Chinese as the
second language. The experimental results reveal the performance utility of our approach in
relation to several existing baselines.

Keywords : Mispronunciation detection, Automatic Speech Recognition, Deep Neural Net-
works, Convolutional Neural Networks

TN
NH G

RS 2IRAEAIF A KB mEE L EEES MERESEE BN - £
+HAELIRT > B R EAEES (BT - NSRS R 2 EREE
s EHIE e AR B EERERY N BRI B —18 - TEET 5 IFEEsERE 2y nii
BOMDA R EMEL S » HEaE &R A A— VAR EINEE S [11[2] - sBE2E Ny s
(listening) ~ 2% (speaking) ~ FE(reading) 1% (writing) ZEVUFHEE HH 0] - fEE s Y eEEE
Fi(second language learner)fy A\ SEd H{HIY » FFEEEATERY T K BOREK » THATES
BEEh BB A R T TR A i B RN RE = BN - (HEE S BT AR
N EEREES AR o (NI > EERSEEBEE = 25 (computer assisted language learning, CALL)
HY B 7 SEUSB R 2R BE B 0 R A R B E IEE W 9 SH I A TR IS B R B 38 91T 4R
(computer assisted pronunciation training, CAPT)— " 2f | AU flrasfE BEssT -

~FeE—_—_——_——_————— __ __ T
I SRS :

I B = back-end
BT BT I P E%Ed”;\ ( : I
S ETERYX S : S et el I
mm I '

B Mk (front-end)

I |

I |

I |

I IR I

I HY B 185 DU B :
3 Tl o 7T =z

: HEAHEE PN G| 5 == TS | Yes No

I |

I |

I |

I |

ESEITA RHBEIK
(forced A A
alignment)

& — ~ HEhsE el iE

— RIS > BN B 5% 2 I SR (CAPT) B 15 Wi (B 5 73+ 73 il 2 66 5t 5% 5 M

(mispronunciation detection)Ed $E55R 2% 22 B (mispronunciation diagnosis)  $H5R 2% 5 faH]
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YRR E R LR B ST S (Rl B EN R S R IR
(correct pronunciation) = #5425 (mispronunciation) » FEEC AY H A2 ] DL 235 2 (phone) @K
Baa(word)[BX 5 $EaR S Sl E RS ENE B B IR RIS T A E M
[Ol&% - e B E Fy T RliEi(shil fand) | HERE PR T IZ#i(chil fand) | - Z&FR T
HlEr R R A fhR I 2 AN ] DAOIBRERE H20Y" Bifi(shil)  ITRE2EK 12 (chil) e
A e SR AT el XS S E AR 38 el 2 R BE © B AT » 7E S e ad B s HIAT Rt 73 =X
H o A B2 (recall) MK 42 [ (precision) HY 43 BT USCE RV E R 18U 47 (receiver operating
characteristic curve, ROC)/& 8 T #ER FARE I 3 AE 2 1855 o FeffTad R AN IEMERE E
Hl(correct pronunciation detection) » FHaR 55 & el N EEH FH M S B HES S bl K
e 1R GEAT A [BIRAE ZE AR AR B B MR S e am b an 38 S fe HIHY 2 aE
T o

H 888 s 2 S R A gE RE 7 @ BN IR B fRE B M i 28 e > A SR EI{%
RS R— EG T S 2 E BT S AEE A E R B i E o AR SR FRATE
PO e AE AR Sy R U S SR AT (front-end) » [T 85 3R 38 S AR (0 DR AH AR S
ZE 1% I (back-end) o ATl Y A5 & W AH A0 S BE#E FHAE B2 A > A S 1E
(frame) B¢ B % (segment) fig 2R 1Y B A% M A2l By HL 882 1 MR PN 28 S MR 20 RIA& I (E0H1
PhaR % B I LAE RN 45 So 3 S e IR oG 2 i A B B2 38 2 IR S - AL » 5
B WA A ER AR Ay 2 AR 1Y [0 B R B TR e 28 S iR B R Y B BRI - fEaE Y
a7 b A R4 5 I R EIAE R (%5 (mel-frequency cepstral coefficients, MFCC) .
B EREY = HR & A -3 5 =% AT L fE AU (gaussian mixture model-hidden markov
model, GMM-HMM)fEEEEAEAY » 27 FE A e B2 38 VR A [ 3][41[ 51 B EE S e G Y 78
o SISk 25 [E @ (hidden layers) Sz A & HHHACTT (neurons ARG S 1Y 7 AL BB RN
RAEER g S 5 SR TR B 52 (deep learning) RIE » BAZE T 2T ARAVIATE A
fE o FF 2R E LB S S SRR A R S AS 49 % (deep neural networks, DNN) & {E5E & Haik
YR R B AR i HUUE 4 GMM 1Y A 0 2GR HE AT E HMM {RERAYE]
M4 (observation probability) =i tH{EUE (E (likelihood) © 7R DNN {1255 Hhask R L4
AHHEBRNEER - B A HITE DR 44818 (convolutional neuron networks,
CNN)TE & ZHEak[ 6] DA R K Gl S A s = ik [ 7] 75 LAY ZRIAEE (B DNN : 2 0]k
Dyt CNN gEfERE B R P R 28 Al iz f5 A 8 (shift invariance) VRFM: o i
CNN s Ry B i IR RREUEEAH - HAERES1E A FIR R AV EEREEE 3 2 5 3ok
rROREU e oA E ) - BEE R ERY S S e AR (RE TR At B B Rl TSR e
AE B Rt w el o PR HEIHITE R S VAR T - ARERSCH A R S A HIb
FHESHIEER B IPIEEE A & & BIE R e S A 4 pS (DNN) B FE AR S
AP (CNN) 2 S ey R B A5 D) s A o L8 Rl M58 S s AR F8 - IRFIEERIE 45
ENETEITZE DA Z R ERS S lIFR I ¢ el > SRR S foll 2 R Rl
4 > T —RVEZ IR AN BT EE 5 o

Kimam SAVZHEOT - 85 /NG r4asE a2t S o HIRERA 7S VS A0 5 35 =N
BRI/ AR 8 S MR A AV 22 » 97775 GMM ~ DNN B CNN = fd#f5 Ay
Bl HMM HY454& 5 SBUU/NET 48 = FE s SR S oIl 775 » il @R BB HEE
(goodness of pronunciation, GOP) ~ 37§ 5] & 1#(support vector machine, SVM)Eid #E iF 0]
(logistic regression, LR) ; 28 71/ NEFRIE /3 H7 A [F] B EAE AT (DNN-HMM F{1 CNN-HMM){E
AE73HES(GOP ~ SVM A1 LR)F YRR » Bl jid pa i B R 408 70 FHEs LR P 4Ry
FE T BEEG M AR AVEES » DURESY CNN BRI A [E]/ Hes P AR Y
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i L 5% 2 b T BSOS HE 2 PEFP RGP SRS SRR T ARG IR © ek - A2 7/ NET
PP e m Bl — CE R AR REHIBT 2 5 1] -

— ~ HHRETE

FER 2 B $E R 38 R I 22 o 2% T2 DL B Bt e W Ry s - 110 85 & Ui 152 R 7
FHEIREL8] - B4 - Franco S A[91( HBEsE#HT HMM Z 80 (LU {E (log-likelihood) 4
FEREEEA Y HMM 2 SR EEHELLE - R BRI EL (E (log-likelihood ratio,
LLR) » 3% SCHY B BB~ (68 A S B (U EL (B (LLR) R SR 2 hell 2 R ER P18 E %
{50 PSP EOREDL AR - Witt S8 A[10182H GOP {F Rssiaias Bl sEt 77X - 32077 A%
TR BRI P 7 A YU R 1R 1R (posterior probability) ¥ 5 2R g X AVEE F st et il 08 2
& | E I (threshold) 2fcla 73 IEME S 2 SRR S8 3 - A HEWIFTE AR GOP /Y5
EHETTIR[11][12] » 55— 751 - Huang 22 A [8]RHERIZ(F ISR EHIE GOP f53Hl > DL/
RAL F E & (F-measure) /iy HER(FEHIZUEISR - Tto S A[13]( FZA TS (decision tree)Hy 5
RAET A [F SRR F VIR E S HVP IR [E AR T o arsd Sl s am XY B BReE
LSR5 iR P 5% 2 S AR [ HUP IR (2 » Truong e A\ [14]EEREA St B LR MRS A o3 A
(linear discriminant analysis, LDA) F R el BRB 52 B & HY R s S Rl (7S - s EARE
GOP thf@i—FE T/ N 7574 > {2 GOP HAHEE| HiZ(EM) S ZHTIEE S &R
HUESBHCUEEE - AEERIE - Wei 2 A[1SI(EH] RS REH ERA & RAVEBAHOUE
(B R A Sy JE RS 5 S5 fU R 28 S0RF SVML 50 R /0 S B3 Ak MR D 5 R R BB FE A B
FoIEHESE S BHRR S HITAC » (HER T —(EE RAVH B U ERIE Rsg S el 20
Hu S A[16]4 S E 1SR Ay s iR 2 BERS M B A S R T2 RAHRL
MRUE EEAE DA S A 855 N A3 5 R MR (20 158 FHART PR GE R B e AR i A A T e o
SEE I X EETEE B I SR AR o R AR (data sparse) HY R © A [EIHY
[16]HEER - FeffTel Fokh HH B AF 0 SRR A 7 SRR RISy B il 1k 38 S he s
B0 FEA BT shE s S i lIHSOCR  INIE - AEm SRR BRHY A S R A L B R -

R A T A P R B AR PR S A R A T SRR SR AR > R TR
B R BGEE R Ry DS BB SRS T O AT AR SR SR A T M E -
Neumeyer 3 A[17]{s F] HMM &5 850 (DU (B Bl HI iz (forced alignment) 1R A
T RAERT ] (duration) B AR - MR L FRERE S 58 H) g R34 5 an B A TR -
Chen 22 A[18][19]1[20]f2 tH{ 58] Jg X5 rn B ¥ Aif » I3l 5 HFefoKE 73 34 E i S -
M A AR R A R P52 A (learning to rank)2fC4E & A [RS8 B AR IR R 38 2
a3 Horp fE20)EEi S S e IR By 2 2 D B 4 Fis R A R g Y 3%
=R EREE 5 Dabr

AR EARARL T H - BL{#HLE GMM-HMM AL - DNN-HMM {EEEF iR L0
R HRE A RS HBERRTH(21](22] - 15 L HIAERR L DNN sEf0fE St BRI BE
BEE S NIRRT N S A RES FERA (R IR - FRERe JIEE GMM 558 - (B RAY SRR
ahed S = RS E R A - (EE R E i H SR E 4 - H5T2 DNN-HMM JEH]
£ CAPT HYRUREMSRE 48 E 5y GMM-HMMI2][16][23] » NFLE SR ER TR
TRIRIVER PSR RISERI A ([24] > AR g A e A R ER AR S R
S R PR SEREER AT GOP BT A R A AR IIKUR © AR
DNN > CNN #5 Ryf2: oo Tl B RCRAY S R S e m] R G & shaE P
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sl LAV AN D H AE ST BPHEEAAH R 14 T AU [6][ 7] CNN B2 DNN A [E{ERL
LT A A 2 22 LR (fully-connected) DL R [5]— Jg By 2 5 (i e ] o M 22 7 32
FFEEE (weight sharing) - Sainath ¢ A[7]3@t CNN {E RS2 AU H P55 DNN AYJHIAE
IR By fth 7752 5 DNN 75 Wi TEHLES © B - DNN AY2ERE 4 A HAREH R B RE S 3R R AR
SRHHEVIIRE  PIAA [FEREE SRS T A - AR B A EMAY LR - DNN FREE
& 1552 F4 28 (speaker adaptation)f i 2R (R YL - DNN [ERFFZ ERHI4EES
RS R R B B Bl R A5 S (training sample) 2R Z2 )3 {F 55 ¢ {H CNN AEE 8 fE TR
(conventional filter)tsEHHEE AR I EEARIT > LU VY2 BEE T 2R A
M - HAK > DNN U 1 i Afy#h(topological &5 » TR ARH ] LALUE AT
i ARSI ERARAYREE2L] MG Z ST B N B EH B A S ENY
BRI > TTRE S F ARG A 5 AR BRI 1T R T AU HY CNN FERT AL ERTSCR E R
{EY DNN[25][26][27][28] » ERIIEL » A3 SR gl & i 2 A (G - I PR W A e A P
| SRR SRR (DNN-HMM B2 CNN-HMM) #2535 54 2 R MR TEUR: ©

_ N

I

ERSAY
3.1 FIEFATHALLERS

EGE SR 2407 HMM SRR aE S af SR A E i i _ s SR > (5 A AR ety
GMM Z T ERAER > {HUZ (0 e i R S A R REAE P A {nf 88 i (AR & s e
N E > KIMEE GMM ZEEIR o MATFER  EiEE PRk - BUCDUERIAE
[ fE 7 (generative model) » 7538 AT 157 Ky B =5 A (discriminant model) A E (HAE 4L [29]
ARAdHIE 2 R HMM JREE Z BRI FT sk il -

AL Z A
(pooling layer)
AR 2 WARAFH

(convolution layer)

e

static, A, AA

-~ | rmBEzERE

(frequency
bands)

AEHE

o b ~
"7 (share same weights)

B RS R
DNN 22— A (feed-forward P HEAEES - A S H G2 T & —

JE Ll ERIBSRE[30] - B (B T i o 2 el B (logistic function)risfi Al
Wi B —Jg > RN BOE T (] sigmoid R - Bt AR B0 > FtiE®
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NS B FNE + 1BHYFEREEMERS > e EE R D ERIR s
t=(H= W1+ B, (¢£=0123,.., ) (1)

_ 1
T 1+exp(—)’

ADF > ,eN> BEIEIHLTEE - ‘eR 1> WeR ¢ ¢15 feR 1)

ChESCENEE AR > WG EIEE - 35 REPET 944 E(random initial) 2
EIFHEESWIAMIREEW - JTF K B 342 A2 B (R 40K 24 21 (restricted boltzmann
machine, RBM)AY 3 EE; B = THE]I| 4f (unsupervised pre-training)[31][32][31][33] » &J&1{E TH
il (pre-training)DNN HY2:8 - £F7HA/ISR5C 1% - AR TH ISR S B TR E =14k
A& EE e L2 B 7 AR S RE Y IERESR[34][35][36] » Fk"&Ef& DNN
SHEHEH RBM KTHHSHEENIGHE > TURSEL 1B RE > hEIEN
fRiZERE . = €R CURIRR AES S ERTE 2 sE S R e M SR e
so i RHEPT R R AR o BRHERVHEE - Q)+ - () Fy sigmoid pREY » HARK
HEE 0 F] 1 Z[H -

DNN 78 i AJER) (A0 ZiR R B/ NEEA ) SRR MR TR RE R 45— (il L
KT — TR QT B ok € {1, ., H) > RIS (ElgHaTHIE
T AGEE BEHEEE R BEREN AR (| ) BEREmEE R
% IE7 53 ffi(multinomial distribution) » A FHEHE = ORYL, = 1> A LUERAE
A b (softmax)fE] » 40 :

() 0< ()<1 )

exp( )

= softmax( , )= Y exp( )
=1

)

static, A, AA

o B 548 \m;c-é AA static, A, AA

404

it

L
#0371 & % (context window
Rt F H( ) 1 &g 11t =4

4018 48 7% XS T EEEU
(freaquency bands) (spectrum) (input feature)

B - SR R

FERIRISES » 5 5 ST (M A 5 A R BT » 74 KRB state label)
HIFPA» i5 S a A B B =0 SRk i/ M B2 S I (cross entropy) H IR E— Y. log
B nvIMb DNN FHIY softmax B ENSZ1TE AR - K AHE
5 8 B (back-propagation)[24] {5 FH g 1456 & R % (stochastic gradient descent algorithm)
A/ IM b EARRR #Y > A R B AR e WHY BT rl s a8 =((4)
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AW!= (! ()

Hep FyE28 % (learning rate)  * Ry S5 LG HISEERERSR (error signal) -

3.2 fEfEHEAERS

CNN H#HAT BT E (convolution layers) ATt {L & (pooling layers) ATaHK. » FEF/E A
ALY RLT 7  f FE % (convolution) &t {b(pooling) - fETR & & 1B FERfZ R B0 A
AR > FERT L B B R e I R R (37] - (BB X RE S E Bl A FF (2
AR ERREL  TA B B PSR RHE TR AR B4 - EXE AREE SRRy &5t R
HHE > FTAAFH (EEHE - Fra AR E] (feature mapsJEFEFR R Ry FEARAET
REVERREEZ A RBQ ( =1,2,.., ) B ([EfEEREERTHR - AR E R ] LI
Ry EEEAERW (=1,.., 5 =1,., ) REARE BHPERREEQ MV
PET% > AI(S)FR

=[ —ow 1 e 41 4l

Q= ( *W + ), ( =12.,)

HepFoR RIETER > W | R e [ AR 255 (EFRE R iy skt S -
Folmts & - S HIAIETE25(26] - 1B T AYRE E [FI AR AL 12 18 S m) (R 2 B [38]
AR B PR Y 22 B A RS D FERRSE e el B 2 B A R S e A
HAlEESR > TRV EED TR E o ARV RIS R - 2)FETE e TR R E TR T DA
B RRrEdE - BT EETRE S EZHENEER - HEMSE 2R E AT Z A EE
SRR UM - 72 M ACEAMAERIER 73 - bR R A e R B > &
e B E AT — g fa e B R R R e LA R A A bR E
BRERREEREEMHE B A AR P e SRS 2 4 (local invariance) Ty
Rk > AR B At B (max-pooling) KP4 AL (average-pooling) e » DAz A
b2 AHEHI[39] - 8B P ATfEAIAY CNN - Hoth (B (pooling window) & G AHEE
B MAEE Z MR A 2=l AR R ST BAMHA B R REUGE RIS -

)

a -~ pEEREEE R
4.1 SZFEHTEE (goodness of pronunciation, GOP)

GOP B —mEirEaE— S R —EFHh 8 - WHE —(EFIRE(E 2K
ETZE R eSS LA - RPN S Pk 2 P& THVH B DS EETR
GOP » HCHGEF B EHREEFEUT /IO H HIE(E) & E /e R ZHESERIER
log ( |O)E(AEm S HEEEFHEIT Y02 Ry MFCC B¢ mel-filter bank fig tHHYEE = FF
BFTiERY) > Al GOP Ay AT LUE R

GOP( ,0) =log ( |0) 3

B ©[) ()
—IOgT )
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1) )

=1 10

%83 (01 ) () (10)

= log S 11

- max _ (0[) ()

P I B TR AT RSB T SRR - TR = S T B e AP | O R T e

A RIEE(8) mT 6 i HsUE B R F R R B (E (O] )R ESERIR ()
PRV IORIIER  A0ZC(O)FTR - iUV ERTIRER  (0)F] DA SR AT A 5 &1
B DUEEDRE - 0x(0RY T BEH - HE RorHRES P ERAVTEE - (Eii5
ST RIS T A EZ 2 F 2R RER T VB ESZE i MEEATAE R
SRR EHZFC ()= () BERQOAYTEHRGFRER AIHIIEEREAE
RIEEC(10) ] AR L RE(1Y) » PEEAEE R IRE AT S A IEE

Yes co ctpr ci

GOP( ,0) > {No mispr ci (12)

HepsNADAVEEIEE (O] YERE T E GRS BUE 2 1E - NIEERFIRE R AVEanRiF
[ FIEEAIE HCES o NEIEE R AYRHOUEE AT AR AL

1
log (O] )=———772% log ( |) (13)

£ GOP &EFMRHE AN » A RN A IR eR (AT Ry — T S S i IR 20
AGEITER > IEBPIEE A Hrsd s s - [Nt > ST BRI GOP BRUE
—fE MRS » HIAR GOP BN HIRSEZ (IEMIIE R SERIEE » T —/EiikE
AEUHE TR HRE RV BRI A FER P ERaskKeE GOP Ay e -

4.2 5725 (Classifier)

P/ NERFE T Sm AR 73 SH 28 (SVM Bl LR)#: B P& A H s s S il e % - fitime
SVM Hi# LR 73 fes » #0F Bl A SR BUERY 2 s N as R,  MHER
NGRATEEA - Hp [FRIEMESE S - MAARERSE Y - [JFord EREAUNE EHEER
HIss SRR R RN ERY AR S V(R F & - WA SRl
H¥#E RE & 1% (log phone posterior, LPP)[11][17] 81 H ZE 1% i L{E (log posterior
ratio, LPR)[16]FF4H &M » FeME4E 4.1 /NEFTiE VSRR T =(13) » R EER
BE k(MR LPP E Rk

LPP( uir Oui) =log ( wilOuwi) (14)
PRIEZAMRMIEFRZAE HEREE(EMINE R (HEEEEESE IthE - it
LPR » HASt ST #k

LPR( ', wi»Oy) = LPP( ,0y;) — LPP( 43, 0y) (15)
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PRER DB BRI E RS TR E  RMAEREEE TSR GFTHIEDN
BT TR AE(6)

i = [LPP( 1,0,;),LPP( 3,04),...,LPP( ,0y), (16)

LPR( 1 ub Oui)i LPR( 2 uiloui)l 'LPR( o uby Oui)]

LPP( 4y, 04) & R LPP( 1, 04;), LPP( 3,04), ..., LPP( 0, ) (Y H 1 —IH » HE R

( =1,23,.., WHF—HENREER IF - LPR( , 4,048 5 0. 4.1 EiFEEHY

GOP FHEHEZERNE STllR | B FEayH b — @4 2 F8 5 KNIt - AR

LANBRHHI AR G L GOP #iA H L RN SRR « BEE R 48 A SCE B LE

R WA T R A o

BEEE(LL)
FHNEL2)

NE(CN) 62 63 115 40

R
TERESS E(T)
HERIER
RS (F)

HEFFE] (/NS ) 9.32 1.04 13.79 9.03 3.97 0 0.89 0.94
sEAIE(aE]) | 37,976 | 4,827 | 50,856 | 32,726 | 10,384 | O 1,994 2,003

L1 L2 L1 L2

BEZ2EERE)| 76,638 | 4,976 | 119,512 | 36,862 | 38,939 | 0 [ 12,449 | 2,539

LR #5802 A AR —JE O JA TR (L5 T [161[18] - A sigmoid HYRHAEARFRE R
Hyor i > (BAEsE R B RMHIER T > AFE REZHE A FHY LR 38888 - SR ATE
TR RCHE TR AT AT RE R BCREDRE o LU es 4 e LR BIEHERS - 8
RS R AR (1) -

( | ui) = ( ui ui)

17
M D=1=- 01 ) (47

() Fysigmoid pi&Yy > (| ) REAEZFFWNFEL |, FEE AR (M] )
REREEFATHE S EMARR | AIEEBSEE K E i E (weight) - A [F]
g ) PHERYE RS AHEAEE - eSO EwE

“OIm o DY o ) (18)

=1 =1
=—In( ) (19)
HPFA®HY o ={0,1} > 0 FoREHERIE T > | RSB FH M > o (B3 E el

ui
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BRI 2R A G Ry 1 MOEF B R/ MBSO B AR Ban=((19) » FEE&(EH
MRS M Aoy IME B RS - 415(20)

=Y T WD (20)

=1 =1

A= - 1)

ui
ui

HRHFHISE BEE | FEIFRSEE R BRI S B TER R 408
X EeERIfEE AR NI B EW A SRR I ZE
S B TERSEIERAE (| )= ( . )

SVMI 15/ & — T RE R RAFAY T JHES - Mt o] DUE B R e A 21 5 = 4 FE Y 22 f
REEFERIERIEA A AR - FAFTE R Es(O)FZKETR SVM S TR AR
B 3s()FA sigmoid i (VAIMFREHBZIME (| )= (( )
KiEam L python HYFRA1EE4H “scikit-learn[40]” A2 fEHY SVM B2 LR T H. » #000eE
P8 [E) B A 8% (radial basis function kernel) °

F T~ EEEBEEETER[E HMM A7 $E55%% (character error rate, CER)E1 & Z 55
25%3% (phone error rate, PER)

HEE (%) EEEZET (%)
ASR CER PER CER PER
performance
L1 L2 L1 L2 L1 L2 L1 L2

GMM 66.53 80.16 46.00 58.70 55.83 57.29 39.66 39.45

DNN 22.25 37.11 13.34 24.71 15.62 24.37 10.20 16.46
CNN(a) 21.17 36.32 12.76 24.23 16.06 22.61 10.37 14.95
CNN(b) 20.15 36.05 12.01 24.32 17.16 24.37 11.89 16.08

ho Hiw

GrEE S HYSE R ] 47 p = F& : B (substitution) ~ #8 A (insertion) ~ fif5 (deletion)[41] -
HEEREARER - B - (character)ER B A —{E =& - Mo EHE S N A Hr =85 5 - Rk
(initial) ~ #EE}k(final) ~ B (tone) o HNAEEEEEHERIVEEEMS WA B LA
FMHBRAIEE R (B EEGE & —18AE P55 = (tonal language) » BEEAHY S S AHB N LE ~ BREE
RIS 5288 o [8][42][43] HIMFEABRITERIEZE - A ORI SRR T
& e (8= a0 o rpiE tE K& B L (tonal final)Hi{EE 2= -

5.1 sERHE

HAHIRERHE (i H] =R E R SR [ THAR N SR TR Y HERE B & LI RE B R S
BT ENAE R A R Z EER RN 15— AR - SRR T - B AGERIEIERS]
Fy 23 BEBRFEECHIEER SRR EEERE > HUGRIEMEE - /R R
%% MIFREEREEREEE (L)MRERIE & H A KB N 1 - Wik 17 IS
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F AT - R EIEERE A 2 (BT > B RIEHERE B IR 4 5 2

BEAREEFEREAIRE RS NI A g R R A % 25 R g X
il - [FlRR At E R B iR - BEEshrE T » BAEHRAIEE R 21:34

BB REEL DR S Ha B A ANOE A - JEREER RS S (L) O E
FESEE ~ THUGHL ~ B ~ FRE ~ HAS - PRIESF ~ PIARES 23 BRSSO - B
B L1 R L2 SGuss 7 IEMEBLSERRRYEE Y - BRI B ERE A E S — [l oy &E T
S ALY 2 {5 R o W R SRR A | SR S AU A0 (I RE AU 5 IR B A
AR BT > i A SR B S 2 b S ey 1 o (o P g 3 e BRI RV R B > DS
ZE RV E A/ SRE Rt A MY -

" DS-DNN-GOP
L R 0.9 \ R DS-DNN-SVM []
, | —— DS-DNN-LR
o8 o ] R PR —+=+D5.CNN-GOP ||
07 07k e TR — = ~DS-CHNN-5VM ||
'\ —DS-CNN-LR
AY
08 06 S NN
—_— =1 \|
Bosb o LI NN Tost A
o =4 1
04 N (1 S W B
35 15.\
o3l MSDNN-GOP | 9 S 03 NERS
MS-DNN-SVM T
02H ——MSDNM-LR | R 02k e N A
==~ MS-CNN-GOP RN
O1H == =MS-CNN-SVIM [rrererremmmrmmr g B R 0.1
—— MS-CNN-LR [APT): otV S
0 I I I 1 1] L 1 1 ¥
0 0.1 02 03 04 05 06 07 08 08 1 1} 0.1 02 03 04 05 06 07 08 09 1

Precision Precision

VY~ b B B (e ) B e E (D 7 [7] HMM. Z<ELH AR E A [E]
53FEES” Recall-Precision {47

52 Hhast

SRR U 2 SR 25 BB S R A R R S SR - e R M e
i AR STL R © AT RE e T Y LS 73 )[R B (training set) ~ 5% fE2 5 (development
set) SLHIEA R (test set) » (i FH SR S AR B 13 ISRER AR ELE SR s ITHy 0 - DARERRY
GMM-HMM ARy S Bl fiE 2 $ERE (A 24GkE T DNN-HMM £i1 CNN-DNN-HMM
EREEEE AR o34 > By Tl (3 - R R A GMM-HMM ~ DNN-HMM £ CNN-
DNN-HMM F&f# £y GMM ~ DNN £2 CNN - %245 H B £ A S S AH BRI AAE
Al SRR 25 3 AL A BB = (over fitting) > IRIEEHAMI DI —BRER AR 2T [ B AL A 3|6
A BEEE R SREE - 2 PR GMM ~ DNN 2 CNN Al i HURE & Wk as Bl
FAEITHER > PERGEROF -

HATER Kaldi B MR TE[44] > B8 H & ZHE S AR U S ER - 48
AT 5 HERE 5 B AT E B (context window) » FEEERAIRTR 25 5 {EH1E - #83E 11 {H
FIEREF—(EAITE YA - EF AR Z NI HUE 13 468y MFCC 0L 3
HEFERYE FA(pitch) > ALHS 16 HEEZFFEHUHEDY— B 2= E A% (delta coefficient) N1 &
72 2 (4% (acceleration coefficient) & {F DNN Hiii] ASF/E o JeiFiE GMM $HaE 250148
4% 22 (monophone) VR ER R AL - B B Bl EinE Rl B B 183 (R H R ()
A 248 > BFHEREA 159 {[) - FEERYE GMM R RITPIATRE « iR iR

BIHVEER - HUC GMM > iR L E EHERTE I HMM IRREHIIER - FHRIRSR
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B E UGBS R ER S IERE > AETREET ZERIEER - E1F
HMM HBHIEAR - ££ CNN 8y ARFEECE T - I e B AR (A B (mel-scale

1 T T T
———DS-DNN-LR
09} 0G| oo Ry e eNNLLR
—DS8-C+D-LR
X
06 06k
B ost fost
o o
0.4 0.4
03 03k
— ——MS-DNN-LR. \
04 H == =IMS-CNN-LR |- ermermmemmameminiein % enee o L T £ P
MS-C+D-LR.
0 — — —— 1 1 1 e o 0 1 1 1 1
o 0.1 0.2 0.3 0.4 0.5 06 0.7 0.8 09 1 0 0.1 02 03 0.4 0.5 06 0.7 08 0.9 1
Precision Precision

liEl 71~ EEEEE R E A B EE S S (A HDIEA [F] HMM fEHH Y38 S i IR
i LR S3Hgs A [5 HMM #85fa0H1 2 LR 38 w5t o0 Y 4 14:4H & (M/DS-C+D-
LR) Recall-Precision f43

frequency spectral coefficients, MFSC)H {5/ ¥ 1 58 B0 75 18 R 2340 (filter banks)
FTEELERY 40 4 By CNN AV AGEE R0 AT S e IRMERARR S 5 EE1E -
5 11 (EEHE > SEEHE S By 40 4ERY filter banks Fi i 3 4EFE & R > W 43
Henh R EHUHEH— S 2= 2 A 8(delta coefficient) 11— & 7= & (A% (acceleration coeffi-
cient) » Riffif ARVGEZ R EGEEE 52 11 {# 129 4ERVEERE o Fof7:E CONN R ERE
EfERE - WA 2 BV CNN > Bt DNN /E B Rl B T2 8 magps s 2]
ERERESSEENIIER -

CNN(a)f1(b)HEFH 40 4% filter banks FFE(N | 3 4 E Fa%Hzl - 72 DNN Ei CNN
YRS B R L £ e A TR E Y S T - DNN [EFREAN 4 fgfsiEg - &fegh
1024 {EH£E 7T 5 CNN(a)ffEF 2 44 CNN gL 2 & &4 512 {E#igk Ty DNN [

;» CNN(b)(EH 2 4 CNN Jg L 2 Jg %A 1024 {EHi287tHY DNN [EjEig o RN A
X HN B R g R sERRaE S gl > R IR R BRI R T (L) H 5 R
AR R R R ERAT ARG Ry 2 AF S e a8 i A T AR A=

53 BE4ER

e PUF A EE R T 22580 DNN ~ CNN 43 RI{#EH GOP ~ SVM ~ LR 3 s E £
1Y 6 TE4E R - AEAE AR A B 4 Es i s A= iy ) o0 Ll 725 28 SR R T (B A 4 2 ]
VU ~ HELIXHY Recall-Precision 4R » e APIHEF 4R o 73 ]38 B4R 8 FEAH [E] U B Ry s {diAsE
He o Hh A o REUE AR PR BRI BUE B B E R S S VA FTIUE T E > BN
IEHEREE AR A S e my 28 » RILTE A S SOy B B b A A SR MR IR R s 2 Y
Recall-Precision 45 o B oM EEERVEL 7 (BIUAD) » {25385 GOP » SVM -~ LR {2
R [EI AU (CNN B2 DNN)AfE 4BV 28 & o llRHE DR Ry BRI - 35 EREE
DNN ZERE R ch R [5] /3 BB Y I » LR HIZ2 548 GOP 49 12.60%HY K E S iU - 118
B R 2= T R BE S B AR B TS » GOP /Y45 7F DNN B CNN th 7551 36.03%
35.15%  BIEHE N Al SRR RS (HEEE HEI(EVUA)RY DNN B ERERILE /30588 LR o
HIFRIAARE Y GOP £2F4Y 18.44% > #EP IS FELL B S 6 5 I (RIEE BT A] DATE [
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VORI R E] > SEREAE T 0 M8 s B B RV R IER MU R 1 o] UG 2 4 AR
HEIREER -

Bl s SEEFER S A B RRAWE: B BT Z e -
RS AR B B AR A S R R M Rt I AVARFE T SR A B 2 FH 5 5 TE AR
A TR GRITTER - (B SRR Ay 2 5T (boundary) EAR IR 1 ERE B ira/l[ SR A A S Y
A - LR H A sRA A L SRR AT ERHE RS E & %Lt 5
R BB 2 B B RE R R S B R - S5 (I A] REAY R IR e BT E R E AR
BREEEE/ VIS o NI — el B SE S 2 W ARAE S SR o . -

fecm e B A B B > AT DU E 0SS LR YRR (R SVM M
RS DNN 2 A A e AR S Al R ey S 5 A M S B B BT SR D o A7
si(test on train set) » FEEFR G SVM AYBRIES 2 37 3 5 i HIHY Recall-Precision A
[FJEF AT AZEE] 99.49% > o7 35iEs LR HIE 86.73% > (HIEAFIMEE R HE LR R34
i SVM o ZRFTETHY SVM ZBERAAN LR S3AHas AR S Wit Az R © 1)F_Faicsh 52 aTi
225 SVM S AT S VIR 5 - (HIG A ST NEUE R Teh 3 58 2 ha IRp Y 2R A0
THI: 2)Fe M A SVM AZ U bR B &I T (BB B = O 4 P DU A T 4R M A 0 A
ATREEARY T AN A e B YA E R (R S M ERE T oRAY E Bk PRaT 704848 LR
FEAERE AR LR A E oA da ) o B E AR PR & L AYRRIR -

E$ELEUE DNN B ONN 7414858 LR T4 [ (95 RBILE £ R 150 5 T il > 32
FANME 71 > B CNN-LR (50 JEteRn#ioE ik fR () > DNN-LR A58 sy
TR DY () HESTA2 NI o b N (0 B ( LDFILETR

(= W) W (22)

R C = %) W (23)

RE gRAEEENNAFEMEAAERES PV B ). FRRHESTE
HUHEE - ££ 4.2 /NEIASRIH AT A LU R BB (E R R FaallaR - ARSER
AV IR S A AR > FERE AR — s T E A A AR - EE R HEE R —
SEN - BERR0 < <1 ZSRARGHESS OV B8PV AuEER

(W= "k C2+a=)" & () 24)

(D RIRSEEREEE e Al DNN-LR B CNN-LR # i r8iv4i & - 20[E] 4.1 /NEfY
HO)EZEFTEE AFE T BIEMHESGES - EE AN E P IRFTRASE £ 0.5 > A6
AMEE SHEAAHEE - B A B e E b o] DI Z 2GR M4 & MR T
A TR E 1 0 USRI AR $5AY K RE » 1 DNN-LR Y 63.81%#E Z4R 45 &% M
67.23%4JH 3.42%MHER > MEEE(E LA KBRS ST IE 54.47%F] 55.98%15 2]
1.51%Fy#E -

FEEEES RIS A CNN B 2R R B AV RHETE A [F] 43 BHE8(SVM
LRGEE IR > A E s s B A A —20 FrARFIAEAZNQCAE S
HEO FERIRPIRENEEE ZEANE s 2 S RBEER > I HERRAE RaT B A
#(harmonic mean) > F (M EFEiRank ( iy (D)) FTREFHE | EMEEN RS
SVM @i B R E S HES o Wl ENE R S PR3 2 IEME » R E FaA1 g
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Bh( )RR

2-iRank ( §( ) -iRank( &Y ( ,))
RO )= (25)
iRank ( & ( ,)) +iRank( & ()

T T T ™
== =DS-CNN-SVM

sl 09} | ===DS-CNN-LR 1
~ — DS-CNN-SVM+LR.
08} 08 SR
Y
07 07 X
0B 06|
05 7 0s
1 I
04 0.4
03F 03}
== =NMS-CNN-SVM Sy
01H ———-MS-CNN-LR s .R.‘.g‘ e 01k e . . . "~
— MS-CNN-SVM+LR. T - o=~ =
0 T T T T 1 ! 1 1 0 L L L I L e o ot e
i} 01 02 03 0.4 05 06 07 08 09 1 0 0.1 0.2 0.3 04 0.5 06 0.7 08 0.9 1
Precision Precision

[ 7S~ b 1 (7 () L B i (A H)7E CNN-DNN ZEH AR AR [E]
Sr¥AES(SVM Bl LR )iy o3 By 4R 14 4H & (M/DS-CNN-SVM+LR) 2
Recall-Precision f{45

Rt Eh (O HYEm N BE ek g (O () SR RIS - YRR REE RS E
PRECh () ELiRank(OWIEE A1~ - HE RrIEENEREIEEARE - (EE /S ()T
DAESTRARESFEAT CNN 2 B I /4888 SVM B LR 2 455 F BB HiNVFRIA(65.21%) 1~
WIE ()R EIRHE A 388 LR Z458(67.23%) - SEEEIVRIAREMEK » 1557
JEZS SVM Hi LR 4E& MR R DNN B2 CNN 1945 & > 45557 Al By 58.54%(411El
NAE)E 55.98% (4B FA5) °

PR THRETAE Recall-Precision HHZRAVFRIAAN » Tt AT e Bl )\ (I A1 51 H B
BHEE I F ROC 4R _EAYFEIR » 1 ROC ZE BB (EE ] 47 By VUFE @ EL5 M (true positive,
TP) : 24y EfEsS  » FIE D2 IEMERE S E2M(true negative, TN) @ Z 4 HE M
RotEenit T o B L EEEREE (A5G (false positive, FP) @ Z 47 M Ry IEESE -
B B RSERREEE  (RF21(false negative, FN) @ 2 HEM Rybland s - B B Ry IERESE
o T E R )\ B FE R R T E A 2R [E 1Y E PR M (true positive rate, TPR)EL{£
F5%M4:3% (false positive rate, FPR)FT4G 84 p AU HE 4% > TPR 1 FPR AYETE 5 =0 a00(26) Bl
(27) :

TP

TPR = o PR (26)
FP

FPR=p 1o (27)

BEZH AN 4% N A& (area under the curve of ROC, AUC)ZE N = » BEahAy AUC &ff
51 A (trapezoid method)>K75: > fi£ DNN 45& CNN fYRBRI(AI5R =1y C+D) 2 FIHK
E > TP 81 TN #iAFHEFA > i FP Bl FN tAHHEAY T » AUC BV 53 MHEE DNN 1Y
84.42%HIHEN T 2.28%ZE 47 86.70% » {E[E - rh o] LUFHEEE| DNN £l CNN 456 7 2
EERIRFRERY CNN Bl DNN £ H R AT E A LEG T 2 S aafHER
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TPR £i{E FPR AHEEATHY 1 AR -

T=

2P Y FPR FE{FEAH 35344 (equal error rate,
EER) » {52 =#Y ROC ZEfE{H{EE (TP ~ TN ~ FP ~ FN)EF LR © BT I3
DNN Y EER £ 21.67% > i€ iasE & HER (AIETHY C+D)A] (K2 19.94% - f£RI
B\ AE R S 6 ROC ZEfEH{E(EE - ROC Hh4REL EER - [& /(1] LI$3H DNN HY
EER 5 24.30% > & =4S S RIEAICE /\HY CHD)RITE#{RZE 23.08% ; FRIU{E AUC HY
H oy n IR BEAIGE 1% 1E CNN 1Y 80.90%3#E5 2] 82.58% -

LT ATE 5B S LR fE R R

A ROC ZERA{E(TP ~ TN ~ FP £ FN)Ed

R T IEFR(AUC) Z L

AUC
TP TN FP FN %)
DNN 9,609 2,896 805 2,658 84.42
CNN | 95569 | 2,880 | 821 2,698 | 84.02
C+D | 9.821 | 2967 [ 734 [ 2446 [ 86.70
s K D =1 il Bk
Y~ EEREIAE TS LR £ [

RIHY ROC Z2fH{E (TP ~ TN ~ FP Eid FN)Eil

4R T EfEAUC) > Fhik

TP N FP FN /?}/i?
DNN 921 185 61 301 80.90
CNN 925 186 60 297 81.18
C+D 940 189 57 282 82.58

N S BRI T S
BN
Sy U7

fre i A B BE Y7 s

T T T
TPR : 80.06. FPR : 19.94

—
—
——

08¢ ATETITP PP rIe
IPR : 78.33.FPR :21.6
-07 47 TPR : 78.01, FPR :21.99
"W
=
‘50,6-
&
L 05+
=
g
& 0.4
g
= 03F
02 Soeriieniiiieiiiiieniiend
= =—=MS-DNN-LR
—MS-C+D-LR
0 L . L L L L T T T
0 0.1 02 0.3 0.4 05 06 07 08 09 1
False Positive Rate (FPR)

B - BEEEIE s LR fEA[FEEE

IR ROC H4R

-76.92 2
09| TPR:7692,FPR :23.08
DBk orereeeieneens o RS R A
1 75.37.FPR : 24.63
[+ I
=
w06
B
2 05F
‘=
3
& 04
g
= 03F-
02F- eieiieiieieiieeiiiiiee o]
——=DS-DNN-LR.
0.1 | ==—=DS-CNN-LR |
—DS-C+D-LR
1] 0.1 0.2 0.3 0.4 05 0.6 07 0.8 09 1
False Positive Rate (FPR)

[/ ~ B EIE e LR fE A EEE

A ROC g

Pra R 2RI (DNN A1 CNN) LU EMHVES S8 e Him HIERY =2 28 -
(EE SRS AT AR » AEmsC P AV =95 81 7774(GOP ~ SVM A1 LR)H

e EE TSR E RIS DL LR R AL (L - #EZ% DNN-LR B2 CNN-LR Fifdshasiss Zin
AR MR SR RPN AT LAE B B B st st 54 2 ha U 74
[ ARELKEAE G FH RIS F 3.42%HHEXD I F] 67.23%HYFRHL 5 [FII - (FEE S EsE R
fall b > ZOERMEH SR ITGE] LS1%HVED IHETT 2 55.98% © [T ROC fh&RF B EE

AR Fe3 53R AT (BB A B
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PR B R IR AU RIS & (15 EER B AUC WYRILEVEFTHEST 878 DNN-LR Eid
CNN-LR £ H i FHRVG R BR A R - B SRFRIRCRAIL P8k EF A FRY
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R

A EeH T &/ S R 25 E 25 (Cerebellar Model Articulation Controller, CMAC)FEF 7~
st B 58 2248 (Speech Enhancement System) » Frf2 Y CMAC (R —(LERRE ML
(Normalized Gradient Descent Method) #¥47j] CMAC 281y B #8 EEH M E » EaELEY
JAMACAERS 7 A RV T 8RN H BN AL RIS B S 0= 2R RS R 2
B J7H > £ CMAC B MMSE {iEbss > Fy T ERfeMERE - TfTH T = B s %
At CMAC JHBRFEE 2 MMSE JHBRHE S (% I EUE LS 53 71 Fy(Perceptual Evaluation of
Speech Quality, PESQ) ~ (Segmental Signal-to-Noise Ratio, SSNR)[L 5z (Speech Distortion

Index, SDI) - FHHEERLE R 041 - (£ =FE5Hh 5% » CMAC BRE2ZE R EAVAER -
Abstract

Traditionally, cerebellar model articulation controller (CMAC) is used in motor control,
inverted pendulum robot, and nonlinear channel equalization. In this study, we investigate the
capability of CMAC for speech enhancement. We construct a CMAC-based supervised
speech enhancement system, which includes offline and online phases. In the offline phase, a
paired noisy-clean speech dataset is prepared and used to train the parameters in a CMAC
model. In the online phase, the trained CMAC model transforms the input noisy speech
signals to enhanced speech signals with reduced noise components. To test the CMAC-based
speech enhancement system, this study adopted three speech objective evaluation metrics,
including perceptual evaluation of speech quality (PESQ), segmental signal-to-noise ratio
(SSNR) and speech distortion index (SDI). A well-known traditional speech enhancement
approach, minimum mean-square-error (MMSE) algorithm, was also tested performance for
comparison. Experimental results demonstrated that CMAC provides superior performances
to the MMSE method for all of the three objective evaluation metrics.

BRsEEE ¢ /MEREAIERIEE - sEE ISR - S/ NI TTRRE
Keywords: CMAC, Speech Enhancement, MMSE
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SO NG A S S G o B [ BE B 58 £ 4t (Speech Enhancement System)
TEEWNER VSRS fEmfs sl EEE(SNR) o 7EVDHEE S (hE T Rz FeE =
% EEEA IR EEAYEE S Ry > 0 E #5831 (Automatic Speech Recognition,
ASR)M1B)EE 25 (Hearing Aids) [1, 215 EM - sAE MR EIERE Y B - BIFEEE
(Unsupervised)F1E5E (Supervised) B2 » JRETEREH M BUAERENFZRDVEE R
TEE RS - — (BT ERE S R R A RIS [3] - MEEWAR A
0 H IS A PG b i e B > DA 2R PR S - SHEEIRIR Y T A B R ROA
(Spectral Subtraction, SS) [4]F1;5JE JE K #5(Wiener Filtering) [5] > Bt {0 25 FEZE(H [6-9]
AN > SRR AR Y U7 A I S Y e E SRS A e i SRR AR A5 8 (Probabilistic
Models) » peBhHIHIFEFE R N TTERZAZ(MMSEERE ST [10-14] ~ S KBS IR
(Maximum A Posteriori Spectral Amplitude, MAPA) {55128 [15-18)F15: K 1] SEVEELRTE
(Maximum Likelihood Spectral Amplitude, MLSA){LEF25 [19, 2015 - HAYE AT BN
7%(Noise Tracking) {5t AT DR AHEE - & RAVEE B HEEEE S /EE) il (Voice
Activity Detection, VAD) ~ fz/Ni517A(Minimum Statistic, MS) [21, 2215 - {58 EEAIEER
HREE% - RIS EISEATERAELL(a priori SNR)EAZEE{Z EH4ELL(a posteriori SNR) » R4S HY
T ERAELE AT AR S 25 e/ #(Gain Function) » FI[ ] th3E 45 eREUSEE S 1S58 - B RJ{hETH
M PR el AR - B e S e R AR R IUR S I FEERE  DUFERIRAE4R
(Online)zE 1458 » IRV T 60 Deep Neural Network(DNN) [23] ~ Deep Denoising
Autoencoder(DDAE) [24] ~ Sparse Coding [25] 5 Nonnegative Matrix Factorization(NMF)
[26]FEE M IRELES - AT CMAC sEE e e R HETE R -

T AR AE 55 5 1 58 £ 4t (Speech  Enhancement System) | 7 ZF 2% 1% 25 £2 3 (Machine
Learning) /772 » #1: DNN ~ Sparse Coding 5z NMF 2 o Az Hil{# | CMAC » 714 CMAC
T AT R 22 [27] BB RS A [28] MIMO [291#2:1% - M AE s NS pa B T 18

JE4RME(S 9 (Nonlinear Channel Equalization) DL s FEEHUFER(Noise Cancellation) 2247
E3H BHFERE [30] 0 FAFTRIMTZE It J7 724 5 58 5 4 58 £ 4% (Speech  Enhancement
System)_EHYRUSR o FHATEFRIEAYEIE T ol & d iGGE S aloi A H - B REFRES
HY S ERIEE AP SDI RS T AR E CMAC 281V F6 % 7% 1% {1 F SSNR B4 PESQ

P37 PV SR B

NIRRT H 2R (CMAC) #281 By e E5E 2 32 1% (non-fully connected perceptron-like)
Pt A =L B 4g & (associative memory network) EE #1577 1k (receptive-field) [31] - ‘T A DA
TR RIS R (fast size-growing) N[ RH » BA A MK ML EE FREE - H450Y
CMAC i et (local) [l & — #EHIHE 52 18 (receptive-field) FHEcr &Y - BAELE I &
{EEALHREER S » RAIREETTENIE R - BEEE CMAC Wi A R dEatat s o i My
WrpigEz SRR o RIMTTECREEE SRR CMAC NBYRTA 2% > RS B A
72l CMAC Model 7] A] DA AP -

AR B4 CMAC 220 S=24148 CMAC 2B EIES EE % - U

O EERELEL % - AR EIETELLUR, CMAC JHREES P BE > FEST CMAC &28
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CMAC ZEAEE R E—(A) » 2 H— e A ZE= i (Input space) - BAHEC iR ZEf#](Association
memory space) #5715 ZE W] (Receptive-field space) - f 5 {57 2= [H](Weight memory space)
L1 2= [E] (Output space)dHpY > & —(B)/& H— (B —4EF0 FHYIEERE -

X1
X2
j y
b;
Output
Xy utpu
Input
Weight memory
Receptive-field
Association memory
(A)
Variable x,
A
1
h o
f 0.6
d g « State (0.3, 0.3)
= / bll o2f.".F.
gl \B/ | 02 [
e
c 0647, .
a) Variable x4
T 44 L 2 03 0. >
Layer4 M\« Layerl
kayerg —c ] — D —|e— Layer2
e _— g |} F e Layer3
Layerl E F y
| _—" G ~—i_ [ H € Layer4
(B)

[E— ~ (A)CMAC Z8f&[E (B) 4 CMAC /REE

. i AZE[(Input space) * B Ax; = [xq, %Xz, -, xy] " € RN » Hirt N2 A 4% - 7E[E]
—(B) EN =2 x i LI B AL FHERE RN, > Ne 78 Fy 7T 22 #(Elements) » 7 7]
iR F5(Upper bound) = 1 » 5 (Lower bound) = —1 » N fF A K 5
TIEIR S FE4r({-1,-0.6},{-0.6,-0.2},{-0.2,0.2},{0.2, 0.6},{0.6, 1}) » FTLIN, =5 - K
X CMAC ZEfas i - TTERE(Ne)FR/E & (Layer) Fa2ER 1 -
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2. BAEECIEZE R (Association memory space) : 2% 7T 2 (Elements) 1] DL ZEFE F—(E R
(Ng) » Ng = ceil(N./Layer) - ceil {CRERBIEIRIFHENL - BFENg > 2 » fE£E—(B) 1
Ng =8 (A,B,C,D,E, F, G, H) - Ny\ZF R EECIEZZHEE(N, = N X Np) o FEEHE
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A AR F(5)Z

NRr

j=1

U[E—(B)H » (State B H{E EH21K(Bb, DA, Ff, Gg)7fe -HH % FEAIE =44
e
= - 53 CMAC e85

CMAC HSEEFIAE S RN TEREERE - AEEREEN S ERIAER R HE
B8 (Objective function) fHA i ASEHVER > HEREER R F(6)=(
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En(l) = 3 (409~ y09)* = 7e2(K) (©)

ForpraaERgke() = d(K) — y(K) » SRR EAVERE (O RIEN 26 Hy (0 =~ FIAg38EE -
FE (] R ENE » HRESER (BRI P A T US4 (DR - T Chain rule)
N -

s+ 1) = 500 + e (P, (K ™
Forfipg BB (Learning rate) TS TTEHRAL |, m, 00 53 BIRFRHEE T -
% RUHTE L - PO R Al LU

dy _ 0Oy dy ay '
PW k = = )y » T (8)
k) =7 j 15 - 5 5 NR]

? ? ? ? ? ? dy
pm(k)z_yz[ y %% Y Yy LYo y 1 ©
ami]' amll ale amll amN] amlNR amNNR
9 9 ? ? ? ? dy

Pc(k) = _y = [_y JETTIN y JETIRS y FETN. y JETTES y . y ] (10)
aci]- 6(511 ach 0(51]' aGN]‘ aGlNR aGNNR
B 1% Py (k) A DUEE R DL =1
Y (1
o,
ady 2(x; — my)
omy 1Py (0y)? (12)
d 2 Xj — my; 2
oy 2T mg) (13)
doj; (011)3

VO~ B BRI

(—) ~ BHE A

TERHE T - T T =MEaEE a5 755K i CMAC K MMSE JHER#E = RV B LT
43 7l Fs(Perceptual Evaluation of Speech Quality, PESQ) ~ (Segmental Signal-to-Noise Ratio,
SSNR) DL fz(Speech Distortion Index, SDI) o

R S a8 E =R Tk ¢

1. Perceptual Evaluation of Speech Quality (PESQ)HYEE(E 1742 IR EE K M ((ITU-T)
A BB B—ERBHERE S BN L LA B IR Y e ie st il
JRAGHZFEEE " 2 A - PESQ Yy S#iE F 0.5 £ 4.5 75 » r Sk AR HE
AR FREE - A E R 1 R 1% 55 & 1Y PESQ B "R HEE & 1Y PESQ"HHI
BeGE s B INE > Bl EikE T - PESQ 1 AR Fs(14)=X

APESQ = PESQe, — PESQpise (14)

HHPPESQen & 5RI&EEE Y PESQ » PESQpoise /e AiEsNat = 1Y PESQ -

2. Segmental Signal-to-Noise Ratio (SSNR) 557 Ex T aR DR BN DAV L - BIBE%
BE3% - BB S SSNR BB HESHAR TR0 SSNRVAER - I4Ear o5
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SNR #4fi0E - Blor Bl ity - SSNR a] LAFER Ry(15)30

ASSNR = Pclean _ Pclean — A%lean _ A%lean (15)
l:)en lDnoise A%n A%loise
AP can BUEFRETII » Pon BRI » Prose HIRHETGE RIS > Actean
RRZFEEEIRNE - DUDAHE -

3. Speech Distortion Index (SDI)/ZLE#" Hy5R t&ah & a1 i danz F b5 sh o VAL
B B SR I IR AERR R S SDI'BL 38 %38
Yy SDIMHIR > BiEsatE R B R D& - NIy Bullis ity - SDI A LIFRoR Ry(16)34

E[(Sclean [1’1] B Snoise[n])z] _ E[(Sclean [n] — Sen [n])Z]

E [Sglean [n]] E [Sczlean [n]]

S cpeqn N BFHE TR » Snorse NV AAPHESHAEE K » Sen [n] ISR RE S

5 -

ASDI = (16)

(5~ HEBITA

EEREDTHE - FMIH T =REAERERERC G 7 A FERIEEEEL(SNR) - B 5 A 1)
N B S (SSN) ~ H 7 FE & (Car) ~ B3 &L ¥ & (Pink) - &R EE 5 B A
-5dB,0dB,5dB,10dB,15dB,20dB » #&3t 18 ffiA [FIHVRIEMHEEFIE5R - #aFaEE T > 3K
I 300 EFHERE A A FEE = N EREE - Hiniaiat s B # 8 5 EEE1EA 3
P > HUER(Sampling rate)¥5 5y 8K o {ERUEEEF IR - MR F5E S K NGE S
IEMAE - 40F5 SdB i - litEZ s E Re B398 SdB BV REHEE S s & © 4075 10dB
I > StEZ SRS RE BN 9R SdB BURHENGE S RE R 5dB G - mi&A 18%300
(R A RER 2 B e 300 (B FaRE B -

=R A

L G ANEBHEZ(SSN) © gEE iV - EETIHAR S HIREE T -
2. HETHEE(Car) t FEESHAEISHVAE R - UL SHAE B IR -
3. MEIFEE(Pink) @ RER TS - EEEIHAREHIREE T -

JAGE E](0dB)

Zfaher(Clean) | {5 NEEE (SSN) EFEE (Car) Fr &L & (Pink)

I,'If:'ll'iliml I.‘."I'Ifi’ﬂ'lr'l _“".T' ’I.J’["!.l'llli|]||l.]
TPty AL i |l|".lli'. ¥
m‘;‘,*ﬁa,;;' JJu.;ff}:.;j;h-,;.{p' f
N

i ”Wﬁﬁwwﬁw Wm t'iu Lo | ‘;m A 0

PR
| el et
G | " il et I*Iﬂ H{LI’:-:’LHE mlll"liml\ ik

1-
&~ EEREE T AHEEE(0dB) - BHE BB (i URIRAE R - BHOBEL IR EMK -
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EERITH » SeftrZ Fel e Ko FEafEE & HUE HE (Framing) - R Ryal & ot e A I 88
(Time-varying) » HUSEEER » AlRFEE S R (L R —(BIE e FHHARVER SR - DIFR R

AREBPRMNVEHES 32 ZFN(256/8K) - MR E S ERTERIETR E—{EEE &Y
i (Hamming Window) » FHfY H 0y Rk (7 & TP iy FE22E0ek - M0 BRI & e (I
AR - 2 &k AR GE S s RSR  2R (17 B8 (Fast Fourier Transform, FFT) » {551 256
{EME > 256 {IE {5 FH £ B ARS8 (Mel-frequency domain)_FER%ERE 80 {E{E - B BRI -
FRFC A 250 7R RN GE 2 ) SREE N Training) » 5550 SO {7 RERHEE S HOHIEEE RN Test) -
S GRHF - RF 250 AR EE S B AT — i (FIER G H R AR LAY SR8 B R - iz kEtk
FECEC H 80000 R EHISREHE » N RaE S/ 4EHY - AT DASEILA 80(HHIEL) X 800004k
HB) R SREHE - 52 EEE RS A AR ENEELLAIRON - ([HEREREE - [FEERE 8081
150) X 80000 (| SR B2 RE AT N SR8 - 75 AEataE o M2 FeE E P A RS TS TE - B
SRR g (EREREE 4] CMAC Model - £44E5 374 80 41 CMAC Model -
&—4H CMAC Model ] 80000 3| #F%#5E2E - CMAC Model NHYE A =BT eRELHY
PE{E(my;) ~ R (o) ARAEEE( ) o HEET - 50 (Ei MR EE S [ESE PR 1
#Ef#E A (Fast Fourier Transform, FFT) » SEIBERYERE 80 - [fif&im A BHESEXE FAY CMAC
Model 1% & BB B R FENGT » S PRI 2 (Inverse Fast Fourier
Transform, IFFT)iE[a]lfIE - - RIS E @& aviZ Fai g sk o B =5 CMAC iE&
SRR TR N (n) BRSBTS A RERSE N (n) B a5 s 9RAS H FFT
%AVEREE > y(n) F5 CMAC #ERaE > e(n) = (n) — y(n) Reiz=afak > 415Re(n) BZEA
F CMAC FtHENsR o F# a8 st - y(n) By CMAC $H ERFR4E H TFFT 1242 [ HYER
5 °

Clean Signal (n)

Noise Signal N(n) ++ N (n) y(n) . T
FFT » CMAC
e(n)
(A)
Noisy Signal N (n) N (n) y(n) Enhancement Signal "y(n)
———» FFT » CMAC —>»| IFFT ——»
(B)

[ = - CMAC sBEEH R A4 78RE A4k (B

129



(=) » CMAC £ MMSE J57ALEER

B B B B R A AT Y CMAC 5% € B2 MMSE J77AMSIELES -

FEAE T CMAC R0 T ¢

[&#(Layer) : 3(Layer)

5 (Upper bound) : 6 ; T F(Lower bound) : —

—JENAVERE(N) © ceil(106N, /3Layer) = 36

PEZIEI(NR) * BEE(Np)

I AREC RS ¢ o, = exp [~ — my)*/0E] fori=Tandj=1,-,Ng

ﬁtlj ceil (RRERBURMRIFAENL - PN T AREE ST AT s 280 Ao
Eﬁ%:ﬂﬁlﬁﬁﬁiﬂﬁﬁﬁl ST P (E WA E (my) 3 B H B B A S (Ng ) AT IE
A BEEYIGE (o) = 1 FEEIIRE( ) =0 B2EEp, = py = gy = e = 0.05 ¢
%gi% Ry CMAC Bl MMSE J57A({s F = A& 555 55 574 PESUR -

S o

F— CMAC J57A K MMSE J57AHJAPESQ IR EL#L

Evaluations APESQ
SNR (dB) SSN noise Car noise Pink noise

CMAC MMSE CMAC MMSE CMAC MMSE

-5 0.141 0.006 0.492 0.228 0.442 0.061

0 0.387 -0.263 0.511 0.291 0.679 0.329

0.678 -0.308 0.552 0.315 0.788 0.467

10 0.808 0.041 0.576 0.339 0.800 0.484

15 0.852 0.152 0.559 0.352 0.776 0.456

20 0.820 0.123 0.532 0.289 0.687 0.415

Ave. 0.614 -0.042 0.537 0.302 0.695 0.369

K~ CMAC J57& 5 MMSE J57A#JASSNR SR EL#L

Evaluations ASSNR
SR (dB) SSN noise Car noise Pink noise
CMAC MMSE CMAC MMSE CMAC MMSE
-5 14.618 4.635 13.221 7.703 12.619 8.021
0 13.523 4.344 12.728 7.173 10.919 7.400
5 11.550 3.811 10.528 6.262 8.843 6.437
10 9.536 3.015 8.806 5.034 7.583 5.066
15 8.061 2.020 7.125 3.597 5.957 3.429
20 6.228 0.940 6.145 2.014 4.134 1.716
Ave. 10.586 3.128 9.759 5.297 8.343 5.345
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F =+ CMAC J77£ K MMSE J5£8JASDI %5 L

Evaluations ASDI
SSN noise Car noise Pink noise
SNR (dB)
CMAC MMSE CMAC MMSE CMAC MMSE
-5 1.680 0.110 1.223 0.118 1.008 0.051
0 0.717 0.063 0.715 0.046 0.381 0.017
0.244 0.023 0.216 -0.008 0.120 -0.009
10 0.070 0.003 0.060 -0.023 0.030 -0.022
15 0.016 -0.004 0.012 -0.022 0.003 -0.022
20 -0.001 -0.005 -0.001 -0.017 -0.005 -0.018
Ave. 0.454 0.032 0.371 0.016 0.256 -0.001
Bz E(Enhancement 0dB)
HAfEE (Car) I &L4EE (Pink)

{17 N (SSN)

m “iﬂ'
(IR 1/ N
bl
k|

UUTUAT L

[V ~ SRR EE S AHEL E] (0dB)

FEASDISHE 574 » A IRZ F =8 1E 20dB A K 2B KHYE - (HAEASSNR
aFEJTES » 20dB ERAEA RS ENRELE - Bt Al RIS IR R —FE

CMAC J57A &R Z FIEL MMSE B EERVEESR - (L5 E (APESQ) {7 N (SSN) 552
Tt 0.656 ~ HHEE (Car) PIIEETT 0.235 ~ FHELHES (Pink) PHIHET} 0326 - fEEELD
(ASSNR) /7 NEHER (SSN)FH9FE T 7.458dB ~ Bi1-5fi (Can) F-H2 7T 4.462dB ~ #4L.
HEE (Pink)PH52 7T 2.998dB » {E8 H B (ASDD H{J7 AREHER (SSN) P45/ ) 0.422 ~ B
M5 (Car) AR 0.355 ~ BY4L S (Pink) 2736k ) 0.257 © [EVU 55 SNR £ 0dB B - 3B
EEsRILIAERSE > ChEE — UG H CMAC sBE 1 78 S 40 F B IR B A IR B -
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(V0) ~ [EHFERE A sHAELD

REBHOENEEERT » BMEEEHAE TEREAVEEELL(B) - Fr A E B2 EEE
B[S P FTA B L(ABYAHERS » 21 SRRSO SRR«
FEAE T CMAC R0 T ¢

1.  JjE#(Layer) : 3(Layer)

2. 5 (Upperbound) : 6 ; |5 (Lower bound) : —6

3. —JENAVEREI(Ng) © ceil(106N, /3Layer) = 36

4. PEZIE(NR) © BEH(Np)

R . 2 . .
5. WSROI ¢ = exp[—(x —my) /o] fori=1landj=1,-,Ng

oo ceil (URERBUAECRIFHEL - S MAF RO ESATAEZ RS FRrELE
R AN BV ELIE - ST S P E A E (my) )3 EE B B R AL AR (N AT IE
[H] - SEEEOIG{E (o) = 1 > BEEFIIAME( ) =0 ° BER =ty = Wy = K = 0.05°
RUWELRNFy CMAC J7AH = TEsE S SRS -

RV~ =FEFEEHIAPESQ RURELHEL

APESQ
SNR(dB) SSN noise Car noise Pink noise
-5 -0.185 0.570 0.375
0 0.134 0.539 0.568
5 0.299 0.478 0.566
10 0.295 0.333 0.449
15 0.156 0.112 0.284
20 -0.006 -0.169 0.102
Ave. 0.116 0.310 0.391

T~ =TEFEZFHYASSNR SURELEL

ASSNR
SNR(dB) SSN noise Car noise Pink noise

-5 11.919 11.920 9.216

0 12.325 12.196 9.626
11.217 9.908 8.637

10 8.932 6.829 6.375

15 5.438 3.183 3.216

20 1.268 -0.825 -0.543
Ave. 8.517 7.202 6.088
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FN > SREHEEASDI BUR L

ASDI
SNR(dB) SSN noise Car noise Pink noise
-5 1.567 1.197 0.957
0 0.645 0.690 0.362
5 0.198 0.169 0.097
10 0.007 -0.035 -0.014
15 -0.094 -0.125 -0.058
20 -0.165 -0.169 -0.084
Ave. 0.360 0.288 0.210

£ SDI g i oh » o] IR ZR 2 Efs = SNR 55 N BNV IET » BB R AR
N ST ZRE AR - CMAC fAHEETIATA SNR(IB)MHE & HIER b/ E - EEE
R —ER = MMSE JANEEREGR - CMAC J77RE 20w MMSE 57X -

i~ S

AL R L CMAC SEEEE AR > DUBPREE Sl e S S - fEE M 5T
CMAC J7AfEA [ EREE S TR BLRE JT > DU CMAC Rt th B {E S E YR -
FRIZER —(EARE TR AR D T CMAC S8EEHE - & T EREIIREEHE - A1H
EVEHVERE BRI RS R AT - FEREREEL(dB)AYIEN T - APESQ ~ ASSNR KZASDI
a2 ARt AR AT DUE A B EAY R B RE © FM#E—25 81 MMSE #HEE - £ FEHAY
AVEREER o > CMAC J77AS R EAVEER -

W
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AR - JEHEEAEEE (Neural Network) fERBEF IS CHVBIFTAE S EMHAVRE - A
ROthR VIR DA s S SR AR B B NIRIRT TR (H A MHVRE S b
s AE A TCE R - ASm SRR LY B Bish S P R 90281 - 45& Environment
Clustering (EC) ~ Mixture of Experts S {HAEAEES LUE—DHRTT 2 4A0RE - FeMTiRiHEaR
F:&ft3 By Offline B2 Online PR EL © Offline [f B ({2 AR 14 et S {181 o) <o e B2 o T ol
ZAE TSR E R » WIS TS E R HER G B (DR 48 7 2 ) - Online
P& B Al F GMM-gate ARIZERIHFHALT-4ERE AR H o BT Y S AR Or e 3[Rk
FHVRRERE > sRfEEEE PR ARS - Bl b WML Aurora 2 HUFEH FRE T BRI -
B ¥R (word error rate, WER)EL#EHMIHE ! HURE B Bl S A i B i DU K
ARSI HVIEER AR > P TEERRRIED 5.9% > i1 5.25%[E(KE 4.94% -

Abstract

Recently, automatic speech recognition (ASR) using neural network (NN) based acoustic
model (AM) has achieved significant improvements. However, the mismatch (including
speaker and speaking environment) of training and testing conditions still confines the
applicability of ASR. This paper proposes a novel approach that combines the environment
clustering (EC) and mixture of experts (MOE) algorithms (thus the proposed approach is
termed EC-MOE) to enhance the robustness of ASR against mismatches. In the offline phase,
we split the entire training set into several subsets, with each subset characterizing a specific
speaker and speaking environment. Then, we use each subset of training data to prepare an
NN-based AM. In the online phase, we use a Gaussian mixture model (GMM)-gate to
determine the optimal output from the multiple NN-based AMs to render the final recognition
results. We evaluated the proposed EC-MOE approach on the Aurora 2 continuous digital
speech recognition task. Comparing to the baseline system, where only a single NN-based
AM is used for recognition, the proposed approach achieves a clear word error rate (WER)
reduction of 5.9 % (5.25% to 4.94%).

[5§H5A © Neural Network - 5R{EVEEEF PR - IEEEE - HURG R

Keywords: Neural Network, Robust Speech Recognition, Environment Clustering, and
Mixture of Experts.
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HEZRGE S R AL LRI T o] DUER A BRI - (R e EIEEA L fit
¥ B3 18 32 (environment  noise) & 4 HY 111 3% M 4 1 (additive noise) JZ 7% 78 25 B (channel
distortion)jz A4 1Y GAE MEREEH (convolutive noise) F 15 - 1& pialll 4R S ORI IRHI R A UT
FCRIRE > PRAGIEE S Pk S S HIRRE -

AR oty R VSR R - E AU 22 [l (model  space)HY iz B H A 5 25 155 AU B 4
(model adaptation)dy /=, > FIU1E A& Bt L (L (maximum a posteriori estimation)[1]
Bz A ALLIASE M 18 B (maximum  likelihood linear regression)[2] ~ fx /)Ny 48 #5550 45 4 [A] B
(minimum classification error linear regression)[3]Z5 2 o

TETRfE MRS P - A T2 (0 T e ps - a0 (EEREE R UCECHY
TR T (58 SR A R AU [4][5] © 457& GMM-HMM E1 DNN-HMM #E{T7#Hi[6] 5 45
TREC RS 2 A 73 il By B AR e RS BB e R R (Bl > (SR BV &E SRE TH R [ 7155
FH 73 - (R LM HRBATH T - BB S [F]— (B A s SR PR B P BR AR (B 0L
1EEEHGEEE (ensemble learning) Y FHEAAFEH » A bagging[8]E/E boosting[ 915555 7
=, o BEFEF AR Environment Clustering (EC)[10] 5z Mixture of Experts[11]HYZ2#
SR SREAEFE SRS > AT A % B — (i B A e A A T,

EHETRNALR » BB E R AR (RS PRy T 2R A2 DU — A RE A58 75
ko B BRI MR R S R AR A - SRR A ERRIE S WESIE S T EERRE
FHAF S E © baseline 41 LUK AGw L Z24tHY Word Error Rate (WER) © 25 7185 Ry [FEAff
A OEST

= ORI R AN

F M 6 R AT i B A A AR EE S PO AR » R R P A S B R S A
(Gaussian Mixture Model * GMM) Eig 12848 #E (Neural Network) °

(—) ~ sEE PR

(] — Ry — (B ARHVEE S PR AR - 0l o0 Rdlll R SOREAPE B - B e RARGE S eI HIFT
f#l(feature extraction) » Y1 EIFEEE (%% (Mel-Frequency Cepstral Coefficients, MFCC) ;
P FI R A A 55 5 R BT 5 4 P B 31 4 5 28 (model training) » BGAE HI A R B g 1l
(decode) 5 3L =7 gl 4R P B RF 728 42 2 B2 5 Y (acoustic model) Kz 5 &= f5: A (language
model) » &S HEPE BRI (E A « [RAh - HATSRE 2Ty )7 =0 E 2 Ry GMM Bl
L HERE > RE N —Ef /1 8H o
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Training Stage

Feature | ) Model
Extraction Training
|
Training Speech
Acoustic Language
Model Model
Testing Stage 7
Feature Decode | ——» Output Sentence
Extraction i P

Testing Speech
& — ~ EEE YRR AR E

(7)) ~ SR &5 (Gaussian Mixture Model, GMM)

e R AR AR P AR BHE M S R ATy AR R A - —(E S BTE ST ARy K (E S
PR L AV IIRERR S > 4050(1) -

K
p(x|¢):ZZkN(x|lukﬂzk) (1)
k=1
/\qj
1 ) €0 ()
N(x| ph, 2)=——F—¢ (2)

Q2r) 5,2

SN > =y, 2, ) Fo S T S8 u, 5oy, 57 RS kAE = AL 73 (Component) 1y
15 (mean) fz 8% FLAE [ (covariance matrix) o 2, B k (S BT A SRR - I H ok
e

D=1 and 1,20 (3)

K
k=1

SHTRAEERI 28 - 7] LUH#EF EM JEEDE(Expectation-Maximization algorithm) » &%
Expectation 25 &z Maximization 2 Bg i 8 A AGHES THE A 28I fhET -
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(=) ~ FArEaiEs

JATHAE A (Neural Network » NN)JE — 75 {5k A= ) A 9 1% 25 £2 5 (machine
learning)f5 o R — (EARIHIEE MRS AV E A TR Ry KT (neuron) » A11HE —Fr » —{ElH
KTTHIEERS - RS (E A ORI S > WALE M B (activation function){& L
By -

X1 Wi
Wy
X2 y
W3
X3

&~ HEOTRE
HTEHA@®FRR

y=f(2i‘,xiwi+b) (4)
o {x [i=12,.,n) fxli=12,N} B A GE ~ {wi=L2,.. n) B HE S (E
(weight) > {XFERHZE Rl ATHSOTATRESR S b F3RAS R (bias)  B1% 0 (o) Foladens -
T RAM SRR

1
1+e™

Sigmoid : f(x)= (5)

X —X

e —e’

e +e

Tanh : f()C)Z (6)

Rectified Linear : f'(x) = max( 0, x) (7)

1

sigmoid
tanh
rectified linear

08

06

04r

02

0

L2r

04

0B F

08F

-1 L L L 1 L L L L |
-10 -8 £ -4 -2 il 2 4 & g 10

& = ~ Sigmoid ~ Tanh K Rectified Linear
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BEAT > —fl5e FEH RIS o 25 (B (AT 2RI A > 1 1 R 25l (hidden layer )
SRS - SRS R T (ER O TAARR (S — A = (BT TR - 55 A1 R W
AETTETRD) - BRlm A2 —EAVHLTTHY o R e AR RS — R - Hd
28w, |i=1,2,..., n}B1b W] {E{Eif (back propagation):II SR 13 5 FEAHMTAREEHI SR
ferf25(12] -

- L,

X2 \\
N

. -

Layer 1 Layer 2

[ VU~ R ek g A A A A T T

=~ RERS IR

G —AE S SRR A [FIRYEE S - IR B E IR SR A S (A » R AT
B FERVEE TR BlantER] - sREEEL(signal-to-noise ratio » SNRYESE » [ —{753
SREEIHEE 7Y B A [FHY 75 » M DU 4% B2 GMM 8 g — (IS P RRHY
R < MBS - Bl GMM AL e HIEEE R I - IR HAE R - e
TERRFRASERSIEAY - iR e R AR AR S R L - ARG PR R -

HeAMIHF 2247857 B online B offline [&E% » i 7171 Fy— online HYRAZEE - offline Fif Ee (X
HE T (Rl E ER MR AT ORI » 25 IR H S FE A JE 1 AR 4R (NN, NN, ..., NN, | (DU
HrHEpstE > ) o WHE4S online FEEZ(EH © 5551 » 1F online [ E%{sH A —1[E gating function
SRR AL S VT L WS B R HYHRRRES SR - 1% FRAMEEHE GMM iU fy gating
function > [l GMM-gate f# .~ -

B R R IEEE 2 (Environment Clustering > EC)[10]2A iz mixture of local
experts[ 1 1]HY 25 EHHAST-4ERE 190 S 45 & 25T 4gisili 2 2868 » T —EiiF /148 offline HY
SRS FAZ By online HTHIERFE
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HMM observation probability

Gating
function

[ 71~ ARG S RS R E]

(—) ~ Offline Z4fi A

F£ offline Z&7EH RGN SRERHRAIE L I LU ERIR EE 73 57 -5l SR B HE
B~ oM~ BPER SNR ~ B3P SNR ~ 2ot SNR LUK 204K SNR 5 40[&E 7SFTR

(NNaLL)

(NNmale) (NNfemale) (NNMH) (NNML) (NNFH) (NNFL)
&7 ~ EC fai2iefs
B SRS T 4ERE AR - E S DA SR B RSB HY global HY NN, » BEZARIEA[E
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BRSBTS 305 BIES NN, S SRS
S > (P TAEES NNy, NNep, © NNpy » NNy~ NNy BUE NN, -
5351 - GMM (EEEARIAR » 155 DIIAREDII S =X (1) - (979 EM B3I 6k UBMI13]
A > GMM,,, - B — 3l 4 & R 82 L MAP(Maximum a Posteriori) estimation
3 (adaptation) H 75 fE T4 GMM &7 : GMM_,_ ~ GMM,_. * GMM,,, * GMM,, -
GMM,,, B1GMM,,, °

(Z) ~ Online Z4t/3F

/NS Y BB SR A T-850507 » HRE4S online FEEX(FA - 40T

7 » 1F online FEEIAS - T IRB ARIAFORFIAIZN(D) - S HIFHEE T4 GMM Rzl

CETHREE - GECE TR p, p. ..., py » REIHIR A LRSS
FEATES (B T8 Hefif

izargmaxpk (8)

k=1,2,...7

Btk TR T S A S T GBREIIBA L F 2 HMM YR -

HMM observation probability
1Y
Y GMM, <
-
Dy
GMM, <
Y1 Yo V7
NN NN NN P7
1 ’ ’ GMM, <*—

B+ ~ Online P& EEZokE &
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VU~ HEREAE R

FEAER - TelTR 4B BEERAVECE ~ WM EEE SR A ST A e R AU R 2400
DURASC R R sRIEMRE T W AR HEE R -

)~ Bl e BRI EERROE

so e A E By > FMIEA Kaldi ZEEH NGBS R BIURGHE TE[14] - Wit
R baseline NN-HMM Z45 5 DL Aurora 2 ERHEE[15] MURAREERIVEERIE -
Aurora 2 Fy—{lE 5L SHER FEE S HYERE - B8/ GEA RV EHEER IR (Subway,
Babble, Car, Exhibition, Airport, Street, Train Station, Restaurant) ~ {yfdEA &)Y 288 78 FEEH
(G712 and MIRS) H1-tfER[EHY SNR (clean, 20 dB, 15 dB, 10 dB, 5 dB, 0 dB, -5 dB) - &
RHEE A > 2 FERAVEE & Fo N ORI [EIHYFEEREREE L SNR £I[5Z #3555 |- 5541 Aurora
2 AL E I ARSI ¢ ISR S clean-E2 multi-condition RTFEIZE
sEcHEE » AN B (E A multi-condition I BREERHER © B RHE L & PUREIR S AL (Subway,
Babble, Car, Exhibition) Eid7f# SNR (clean, 20 dB, 15 dB, 10 dB, 5 dB) » —3£75 8440 1] »
U AT B DB/ IR 53 5 = (B T2 Set A ~ Set B & Set C » &I T4
rh BB R [E]HY SNR FEE > 7 20 dB Z2-5 dB il clean © Set A 2 BAZl| 4k E R A [E Y PUfE
3% > Set B HI| 5414 Restaurant, Street, Airport Ei Train Station FYERIEHEEN » Set C BN
feE (Subway, Street) Hl_Fi@iELE -

e FHECONE S HE2E{E )& (European Telecommunications Standards Institute,
ETSI) At R #ET T B (EE = Pk AFE (Advanced Front-End) - {05 B HAVRE
- SHERKE R 25 ZF) » SEREIRER 10 21 - #HEC4ErSHIEI9REEH 13 4 AFE jjI
R H P R FEEIRRE L WATR SRR 5 (EETE 0 T AR E L 429 4 - HMM IffESE
RREE By 3 (ELRRE - BEAVE S Ry 16 (ERAR - 25 179 (RS -

EERET s IAMIE 1 EfEETE - —fga 2560 {EHHEETT 5%k H
dropout[ 16] L% overfitting » [Hh4h » dropout rate £ 0.8 ; sF4IAYE Bz E 0] £%(17] -

(

(2~ wHETTA

B RS RAYSHE T > PRI 85555 (Word Error Rate, WER)ZGEFL B EREH R -

HE AR TR

=(ii3

WER=%><IOO% (9)

e S PR o o W (8 5 & AT AE & 9% £ 48 A (Insertion) ~ il % (Deletion) LA K2 5
(Substitution) = FE(9)FH > S BB UFE > D BlHFRTH - I Ry 8 N B8 -
HE9) » SEPRRGE R T8 > BT AT DA R AR S Y - paRg -
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(=) ~ PEamaE R

FTe— JF " Fy baseline Z4AEA[EIEEL FAVAT SR - F—FIH = (B RIE A 195
bEaR - BLUECGICH I REEERRav4E R R TAIFIHIRE SNR N » SRS RRayE
Bpsh R (R — MR TV E A R A DUE - (F F = R S (S 4EE AT sets B Bl C ORISR -
SRR R AR BN [EIHY SNR EREEHR - AR A2 AUHERAS R o M — Bl et 4 -
RIAE SRR & A I ERIHEERREE & P AE )2 Ry Aurora 2 HYFIISREERI & LAGII4R
2 GRS o 7E45AH 512 ~ 1024 ~ 1536 ~ 2048 ~ 2560 Jz 3072 {EHE T E % -
2560 {EHEOTIES AT AR AS S - BRI AR — e e 4R AT E & TE R
baseline Z4f °

Z%— ~ Baseline JHH4S PR 25 2~ s 5

Set A Set B Set C Avg.
1 4.65 5.83 5.28 5.25
2 4.78 6.95 5.76 5.85
3 4.90 7.26 6.08 6.08
4 4.98 6.61 5.80 5.79
7 ~ Baseline JEIZEGERS 25 Jg 0 2548 SNR | Z PEias
Clean 20 dB 15dB 10 dB 5dB 0dB -5dB
1 0.72 0.69 1.03 2.16 5.50 16.87 47.28
2 1.24 0.81 1.25 2.55 6.37 18.24 48.53
3 1.48 0.87 1.39 2.66 6.57 18.90 49.67
4 1.18 0.79 1.19 2.40 6.10 18.49 49.53

HAPT—BHAEHETT TR R AG P R R T SR AU (o I 4 1 4H vy U7 2 S SR A A i i
> AFPKE—4HAE & (A B w - (ERSSTHEE A B Ay thofe LIS H (A Beg BT d Ll A==
R Ny - L EPEAT

argminZ(tl.—X,.w)T(ti—Xl.w) (10)

Hrp X, By i EERECERES 7 (B AEsaYim i - ¢, Fya | EE RSB IR AL
A HER T ~ w RAORISHYAHEHEL - ¥ w KRB —RALIH AT 5 Fs
w=Q X/ X, +6 D' X]t) (11)

FUFAT AT AR F w SR PR & B e R B R e - S RANR = - fediiRn]
LUE H HSSCRIHBA(KRY baseline 214 > BAFTHEMIR N K B B Ml & RS (8 IR —40
IEEETHE YA FEEIEFEAR S ER T BELG R EEIHN SN E
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IR -

T= ~ GMEEHGEE baseline [RET
Set A Set B Set C Avg.
Baseline 4.65 5.83 5.28 5.25
Linear Combination 4.78 5.81 5.48 533

FEHETTRE S W B e > BT SNE ] GMM ACHE TRV BEHRATRE T - E3R

PRy E B

» J3 ARy GMM 73115 64 (8L 128 (&S Hrpi o AT RHRs R - &R

ATLUE R 128 {E SR s HysE iR (i - ifi HALAE A sy - INIEEAER HHY
b > JMIEEH 128 (&SR HY GMM A F TS GE PR Y 2R -

RV~ GMM MRl &R

GMM components Test Error Rate
GMM 64 7.8
GMM 128 7.3

T A EEBAS R A M

2H 7
REH

B Z G baseline PR A AEHY SR HEEIRE » 1E

ZEMER T o BT B PR =R F8REVE 7 A SRR AR - R
Y baseline FLAIHREARY T > SPHIAVEERESERAEK T 5.9% (& 5.25 £ 4.94) - k(M
RS EEWREREE R SCRF IR R SR 1 DG SR EE R » A Mot o = (R A R A A
Foltts o BIRE & USRS58 5 PR S S RE M SR (e i MR AT

A~ ARILT7EE baseline LLFE

Set A Set B Set C Avg.
Baseline 4.65 5.83 5.28 5.25
Proposed method 4.39 5.41 5.10 4.94

i~ S

TR RSSO » BRPHRHALR BC & Mixture of Experts (94| SAC 48R ; i
P SRR AR NG DAL 4BRE L GMM BUEME R I SR 75
SRS - FHELRAE B GMM-gate 15 SISHSEATEHE RN BRHERS » SEIBIR e
PR 8 P B 2 T LR « BRI > SR Aurora 2 (50 BRBRIRERNEE » ISERH K
PEVERILUR, SNR 197728 DB SRS » L8 T 450 DNN-HMM 28 A oia
ISR (S Wk 2 - FRPTER L0 3E 5 U 2 S AR ST B R B T W 2
5.9% o AT [F 1A S MR (I gate function » 3 BFAE ASHISE
bR -
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fEmE - ap i E AR (NER) WToe#l U RIS E F A OCE PRI ~ #i# ~ dHE
TR MM LIRS R S b - (NI A RSEE N A S
A RS R R H A a4 B Al - 500 5 B ) | SR A -
2RI > Sl — (AR AR AR A IR | = B a mr B RS SRERER - A TR
ERIEECER - BB THTMHREYERCR - WHE BB E V)E ~ 94— ~ IEM
b > IRFFRUERYEGT ~ EfE XA EE (Dictionary) % > T{FIFHE IHIEERE 1L
Hh > A EIE S B [Fl s AR FR B AR LA TR - ASmSCHY HEY > JREfRR B alidy
TR IR 2 AR R TR S 45 E ER1 B AG A T RS a5 45 B B B |
SfEkt > 45 & Chou J Chang [2]F: 2014 SEAERE H L ARSI FTZ Tri-training
FEE RGNS NER 52l - BhE - (A TR DEMEAFERES
Ry B RGHE  1E T SRR T Y R RE T2 86.1% » FF H SCAH AL T Y
AE F EEF] 80.3% o AET AR SR AT AN RE P EEE] 83.2% » HHasA [ EREHY - S
AL TP RE FTZEE) 84.5% > 951 W R a4 E RS AN TS bk R S St e
RAEHL AT 22 R 97.2% f2 94.8% -

Abstract

Named entity recognition (NER) is of vital importance in information extraction and natural
language processing. Current NER models are trained mainly on journalistic documents such
as news articles. Since they have not been trained to deal with informal documents, the
performance drops on Web documents, which may lack sentence structure and contain
colloquial expression. Therefore, the State-of-the-art NER systems do not work well on Web
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documents. When users want to recognize named entity from Web documents, they certainly
have to retrain the new model. Retraining a new model is labor intensive and time consuming.
The preparatory work includes preparing a large set of training data, labeling named entity,
selecting an appropriate segmentation, symbols unification, normalization, designing feature,
preparing dictionary, and so on. Besides, users need to repeat the previous work for different
languages or different recognition types. In this research, we propose a NER model
generation tool for effective Web entity extraction. We propose a semi-supervised learning
approach for NER model training via automatic labeling and tri-training, which makes use of
unlabeled data and structured resources containing known named entities. Experiments
confirmed that the use of this tool can be applied in different languages for various types of
named entities. In the task of Chinese organization name extraction, the generated model can
achieve 86.1% F1 score on the 38,692 sentences with 16,241 distinct names, while the
performance for Japanese organization name, English organization name, Chinese location
name extraction, Chinese address recognition and English address recognition can be reached
80.3%, 83.2%, 84.5%, 97.2% and 94.8% F1-measure, respectively.

Bt - an i E A > 1(FJEIR > Tri-Training

Keywords: Named Entity Recognition, Co-Training, Tri-Training.

v S

i 4 E RE e B 2AGE S A — TR E AR TF - YRR EER SR @ EE T
( Semantic Analysis ) ~ #&Z8%lz% (Machine Translation) 25 HZAGE S R EHE B KHY
s SERENFERF - A A - i - HEBXFEAERNEF LR - AR
JEH S TR AR SR BB AR e 5 > B DA B —REEEFTGR - RIE R A
L E RS AR A - A R e A B RS RN B L E ~ FRIEGEE M B A
FEE - R R AR BUE R [E] - AP SCaH 8k 2t Wk Rl > B RTEF 22 RN dHER 4T
WERAVIST - £ BRI R B — e 1 =CHY S B | SR AR AR A R A [ 7] [11] [13] »
{B/24grs b g shaR AR md A IR an 240720 B« RS A st FRRE S ~ B4R
FET-RIEESE - M e R =CHVRS B A A 5 B A T THR B IE R VAR A% 3408 - 40 © (e
Hew -~ PR - SN EE > B4 L3R antE st B ae i S R RE 45
Bl g e By B IE S OCE A A o RPN E - WR—LURFEZFR - HFIFIH
2,000 FECHBAE K ERARASRE T 1Y Google =45 5K Bs (Search Snippets) 161 &
ST AT R AENE R > FH#E A Stanford NER' (Named Entity Recognizer) 2R {544+
MR E S > F1 BRI EEEE] 54.3% © 590 » AFTHAIA 200 SErpSOthRL 48 s
BH#E > FlIFH Google search snippets £, 2 B FHY 1)+ Ry st &R - [FEFEF A Stanford
NER SRt B A FE B B B 0 F1 SR 2 20.1% < BURIRAHYA R NER T B ¥4 Web
FIRIEASCEN A E RIS AIR - R ENI R REE AR -
iy A EAG PR A R P IREEC (Sequence Labeling) HYRRE - i@ ] Conditional
Random Field( CRF 2R i FL[HRE » CRF fy—f& R ZERE RN 4 ] [ ( Undirected Graphical )
R H MR E R - BMIFIF B REY CREHH 32 EITE SR > /5 T [ CRF &
SLREA IR MR B R ELTFERD a8 N TIES R Bl B EE
B By T P HEAH PR VA B ERMSE E V)& - B T H - i—159% -

! http://nlp.stanford.edu/software/CRF-NER.shtml
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EIERAL > DUCEE B AR SRR EUE - BEat TRIgHE S < SR R HTEE S
AR e A E A - B E AR DL EAVEhE AR SE R AR iR A N T B R R 2
PRAEAS R am S SRR DA E R B ERREAEA L - N B S pl— (B an A B AS s A Ay
HATH-
Z— ~ DA Snippets o RIEAE ¥ Stanford NER JHIEEE

Testing Data
_ Chinese Organization Name  Chinese Location Name
2,000 200
38,692 2,638
16,241 600

2 ~ Stanford NER #f Snippets S5 &R} A5 2 B R

Task Precision Recall F-measure

Sielijelge Chinese Organization Name 0.518 0.542 0.530
Chinese Location Name 0.215 0.188 0.201
EHAARTHE A G {ERVIISRAFERES ~ AR e A BRI - B Hak a4
BRYIRSATAENEA - RYEHSUEERER Google =GR B » 1AM HEMES
( Automatic Labeling ) BURHEERYAER] - EAENSRER] - By TR ap L BRI A o
HYRSRE » DArp SCAH & R 0] - FRAMTA R AT B — AV sH S A i R i B AR sC (2 By
UniLabeling ) - BRI CRIAVAH AL AOEITEESC (82 Ry FullLabeling) - K H )
TaC AT AR R SR E R E AN - RIEL PR EBOHIES (Self-Testing ) AEHE—0 0=
ERE o HEER-FETE (Y (Semi-supervised learning ) 757% » 5] A Tri-Training 3%
NIFNSRE R - $ET PR 7 TR -
BN R GAE T RS AT ED (7 DL Tri-Training S EUAMEE (G F-Measure B #E
—WHRTTE 86.1% » AL H SCAHSRATH - MAET SEHER AT ~ OB TR ] 2 5]

80.3%, 83.2%, 84.5%ZWAE ¢ SoSME R a4 H e S ik DUR SR Y R _E
F-Measure #¥af S o7 B2ZEE] 97.2% K 94.8% -

-~ HHBEAIWTE

a4 B A S S E PREE S R A — (B 6] 0 3 R a'r 25 B F SRy B
AT H > BRSO T B AR E BB e (A - #ths - dHER
JRean 24 E AGAH R S ML B 0 ~ itk e A% HRTA TS oG HE e
XNEHEREITTE - FIH PP IRl SR TR AR £ E RT3 -

® il FUET A ERE

Zhang & A\[13]A 2007 SEf&26(E CRF 5L s il A A1 T4H A5 4 f HEask  BR RV EUE
BE S RRisim e Sy 2 E G ~ F RAVAHSR AR5 - WA BI4ERE - N-gram o
WA S AR H#o it & (Ell &R » Ha iy SCAH R A TR Recall o] DUZEE]
88.78% > Precision t]#Z %l 82.35% o

2011 4F Yaol 111 th S 4H 4% 4710 77 s = (850 & & A & 55)( Prefix words )~ 1R EE( Middle
words ) ~ EC%5a (Mark words ) > 2220« T R EENAE ) v DIPrEL T E+HE
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BN E] o FE O HSAA A IR ~ MRS WG S BTaETHEET T
% o BEREH T AN RMEHEREHETIIG - IR » Frasag I # e RS2 4Enh E =AY
i E (EAEE R > Hrp SO SR T Recall RILUEE] 87.24% > Precision HZEZ]
95.9% -

2012 4F Ling 55 A\ [7]# R S Sk A4 fl st R a1 g Ry 25 {EE Gz (Modifiers ) +£Z0n
¥ (Core Feature Word ) « 7E4RETHIISRERHMR » HoiH AV OFHERE - EETAZL
Y E (R AR AR AVEE R - W DURHEHI B s SR 3a TR Y EEs - BUfS(sEEE 2 1% - FIIH
FARIZCHIHER 772 (Rule-based Named-Entity Recognition ) #E{T{EIE - F %AV E R R
FE7 » F-measure fg = 0] 22 85.7% o

® IR SCE T A E A

H RIS &AF & 2 it fE =X S & ay iR S8 8% 4 T8 WEEE ( CONER > Chinese
Organization Named Entity Recognition ) #FZE[71[11][13] » {HFEE: ISR E R E A RItERY
TR S A B S S E IR IE A S E PR SR A A - R TS (@R > Lin
HEATE 2014 SE[6] > DA EE S H 4GRS HUAS 0 B 22 A4 TE W A H RE R E T H B

(Automatic Labeling ) » F¥FI|H HEfEaC & AVRERH 4R CRF [RAIfEECHEA o e Stk
HAE LUK Google 8= 5 [T A s Py [ {EAVIE Z45 R 7 B &R R AT % 44
TR EI TR (82 Ky Full-Labeling ) AREIHENER} o 5B SN H h S 522 1%
HEak F-measure £ 2£ 39.8% ; MU =455 F By F-measure TJZE 5y 79.1% A SRl
SEENEMR A - B HEE AR [EI4E B 1Y S0 Ay Fan K H UJERPREE > b4 Lin 25 A[6]
BB I ATRE ) (HEEETE R S SR MR S Ry B e o {F Google 8= &t
ANRER ST > Lin % A[61ERFH5E%E Google =45 7 BUEITHISE » M RAVEER R B EEL
[N R - W8 AP ERER -

AR SCIES Chou B Chang (215 2014 EHSENSCASRYBRRITIZE D » By T 633k
EOHE ) S RRSCR R R O YRS T RS | YRR R LS o
HELHTEER I YRR A AT R RIS 2« R S
AEORHH E A RS > BRI R Chou S5 A 5] A 1 I,
Self-Testing 747 o] (& RERCT A AREERY 5 RIS By T RERIFLAMECATEDR) i B
Zhou % A 2005 #2415t Y 5% Tri-Training EUA(12] (A3 ERBEEIRI(U)
PRI SR R LU SR A 5 - LU HRBIERES » J4% F-measure 7]
ZF]91.3% ©

= ZAE

FAMIEEETHY Web NER #E4HE A4 248 T B2 P2 (T H B R AR % EREYIZ » 1 Google
PERaE R EY R T E BT A A ISR AR > FRFEDRE S E EE ( Dictionary ) 21T ~

F{EfEHL (Feature Extraction ) » ##H] CRF ZEf5 o[G0 Byifii H B 2 A0 » M
XA Self-Testing B2 B E =X Tri-Training 3| S ES AL iR ST O A T R E R DUz
FIPHESRERR Y B - AHEA USRI SEE A P A TR C a4 E e B LR
B ERRHEGIFH RS Web ULEEFISREE 0 H EMEEEC AR AAE B DR 2 - 28028
EaE— - FESEABEEISER SRS - BEECE - FEUE R4

Tri-Training 5l|&RE4H KORENFREUSAE » A AR T AR e Al -
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3.1 Bt R H BhEEaC A

B N TR BT AR AR A B AR G S RS20 B Google 1
fryssAe] o ISCEE Google s [SEIEL (AR N SEIEEEEILH BY o FEAHIZEH Skt
353 Google 55 [ [T 5 EHUAEE R B » M 2O ISR Google 185
o [SE[al TR 10 SEfEms H B -

Entity list
Fetch Entity _ | Go y& . Fetch Query
Name Snippets Snippets
] — ' }
Automatic Pre-processing Pre-processing
labeling and Features and Features
- ] on extraction
2 > TP e e M
3 String Splic Dictionary e Jnlabeled lesting
§° ¥ ) data. / data |
‘@ ~ Feature Mining » . .
3 - Training Testing
¥ v v
2 Generate o )
‘; § " Feature Matrix ! > Tri-training v "“: ':’Fel - Extraction
§3 —4 T
ke |

[ — ~ Z A LE

® HIfFsiamER

LIE CRF FRoltEac i Ayt & o A L7z A - MEPAE R E i DUETE - (=
FACEANEARHEEA ] - ;I N THHR SRR B T E =R A S - Rl > A
THEACH a2 ERRERER  BHUEGERA RNEETH B s IRCRRE
FEHCHY FR - A0t ] LAR & R E ISR E R A » BRFY Lin S A[6]AYNTFERUR - [/
BH—AIpE R LfEsk B EhEst (7822 UniLabeling) AYBESSCEREER F AT B R 2 A8 2
HEFTRERC (5.2 FullLabeling ) ZAREYZE - JFAZAE UniLabeling 58 » BRI &HHED
ZREEC A S e, - (EF55AE N ¢ 17 FullLabeling fERU{5E A AT Y P R A HE T TR
sC > BEHEERAIRERCD » Rl DRETEZE - AR A &UPR A FullLabeling BT UETT 5 EIE
El

® [L¥AECRamAUER

HEMEECHIPRERE N R B RHF S SR an A B R (52 2 MHEC (Exact Match ) iR AE
HRAEED - 5 RN B RIS e R E RS 1R =48 H o = i E R 7 s UHEE
HACEEAEN:  FlaE SOt EE R g A EER - PR RGES T —85%F
HE o HEAIFIF“1131 Mountain Rd NW, Albuquerque, NM 871021 Google f8=5HF >

BEREES (5% () SRR EEERA EH A= - HE s 9L RErRE =4GR A
EYNAE a4 B ie i 0 se 2 — 30 =S R R Bl R e =5 P A [FE
BERTSR » BOR A AT al e i = A 2K - fEE R LB EIAE Google #55Ri 10
SRR B T EAERE - MEMAEEEF R —HE -
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1131 Mountain Rd NW , Albugquerque , NM 87102

1131 Mountain Rd NW Albuquerque NM 87102

1131 Mountain Rd NW - Albuquerque , NM 87102

1131 Mountain Rd Nw , Albuquerque , NM

1131 Mountain Rd NW Ste 2 , Albuquerque , NM 87102
1131 Mountain Rd. NW , Albuquerque NM 87102

1131 Mountain Rd NW Albuquerque , NM 87102

B — ~ “1131 Mountain Rd NW, Albuquerque, NM 87102”4F Google =155 2% fE 54

W A SE AR 2R M E Bl - S bRy G A st Ak - B T R R4
e AT RENAERL K i B F R S AR LRI IR FAMEAPEEE (Alignment) #Y
AR HEEEER R RAE P AR A an E e (L B - (AR R R iE HEa R E
G P S AEAC B IRRYan R AGAETE SAE IR R B rh B A i e A VS BC HY BB AR A
gy > NELEATaes T T HELAREC A (AlignmentLabeling ) FEECEFAER A By - BLBEL
st R R B D R i E s pT A A AUARAC Match KRG Gap AvIN o R Fe MHIET I —Hk
FERAVEE RS Mz PRaC IR R - Wi s R R B B A S B R EE R S (DA
B an A ERRE Len ARG/ —F > HQ)BE—(EPFLACHERTF 1 BI85
—EFFEEECH EIY Y Eay R EREEREEENL 3 0 ARG R G iR A R
{1 -

Len — Ga
(Mat h > T) H({C - 1)—Len|<3)

IR BELLAR L RS I E S A S R R A5 S » OO E RS o

TR R R AT EUEA AR A 3 HA S —an A B e T R I AR

REATHE © FIEARLRGAEY Google R & (1 ES (5t - NILAEMEIRIZEERA By

R ERGHERG S 2 B > W R MF AT AT 2= MHERERLE
( ExactMatchLabeling ) 1= H A RCRAVE H B -

3.2 e UJEI BEECEAH

TEs SR B e b BESRA] DU 528 Google S 45 L H B SR BEA B ST BT T3l 48

(BB RAY &) T B 2 SRR AL R - hEEA AV HRRSCR - (BRI =S RA BTV E
SCEE AR SRR DU AR R A B R R BRI & — iy DI AR S G |
SEAREHEZBANHMER R - BEEEERERFIR T IR EER R B
FEVZEAT I M B EERCHE R REERTHIR W T R LAV AR B P E g

PR HSGEE W Ry 20 > T3ESCAlEE W B 10 > (DI RET 2 SR > DA SE R —1{E
ISR > B & REREEAVEA > AL r (s A E dn 2B G - RE A EHYIRam
HERGEY] o B = REOE W R 20 HU)EER -

CIPERSF_SkEBET < AT EAE LEEE > 104 ) T
hitps://www.104.com.tw/jobbank/custjob/index.php?r=cust&j...104. .

CIPREE BT 3 i TR A S EE T EwER FE MRS » s 58Fb
HIEFE - FATEEEFRIEEEERE: - FiEE (BEECL] E588Es - B8R

BRefed E 2 _CIPERSF_SkERT- 104 ) JI5RT
www._104_com_tw/job/?jobno=3vgn5&jobsource=104_sjob

CIPRR®E Sk T lRtishE a8, | & RenEl T - 2 12EBREF 2B TSR
RBFs (40 EEETE - S - 1o - RERERERE) - JafmmiESAE -

[ — ~ O HS TR R B > HUN=20, DUskEpstT ARt

153



R Z AR RN Bl o ST R R AR PR B B T Token » A SR AR AR Ryl sl anl e AL an A B
Rtz o Bl (el Re] 28 S el e i RRE - Rk D issR 28R - R NG 28R R BRI
T RS G ek FTE ATt BP9t R =Fr -

F= - IR R RG]

((C = ( [{THKE T = [

BRI UMM StartEnd RRC0% - IERCAIE S (EERC B 1-E~S~ 0>
W Fonan A ERRYBALG « T - &R - PSRt AR ka2 EReRI YT -
Ry BRIENISE R A& TR [FERIERRC > AT DUR FE ISR -

3.3 FHEUERHUREE

FHER e USSR E R EFH T IRE EEN—F B RAVR B Al —ivEt hEA
SR BIAE S BB BUE AR o INIEAE AR B A E B — 3 - — ik
SR AEHAET BT R R e e e R E RN > FIRENER R BRI MR
(Outside Feature) > FSFEFFECE AL ERA/CA - 5 AN a2 BRI R E
(Inside Feature) o ZA[f 5 LA U A B GE-E FAGERE 5 BB R R Ig T Y A 2K
Z—EEA > AERMEEE T SN S HE T - B S B R GE L BRE S
HA e ses SR\ B2 i -
Ry T ES A S A S o0 s flat = Ae ) s vk e ERYPR Mz Z 3 A Y B 8> B
B RETFEIHEARR > BB RAVREEE - 55 E > WETdar 2 E AR T YA
I TR ETFHBHRL R R R — T~ R R = HEER > IR VU ID 4~9 - 4T
5 PR ARG IR TR T TE L F T B0 T T
T G T AT TR ) F=5 o T lan R ER AR A Y
T B RHEAE  GEtHBERAIR T ~ §8ER - A0R0UH ID 10~15 B R/ MR EUE -
HAPIMF B EhBEEERT M (5 IR A eEa A AL RS sl e - (£ B R aie A s R 5
sl [ A NEPECSCR s BB TE R - PR EAC 12 (8 5B E 2 RrEsh - B st
WA R B R VR B 4T R LR ~ M (POS) tagging ~ &7 R ERL o
FHRHEC IWNARAEREHE Pan 2 E R A BB HERAEL > NI — BRI S
FREE R RSB BT THIRERE ST — (oo R 9 - st E A BIIETFE (Start
Feature ) » E I TR ARITTAVE RN N —EF BN - st AR E (End
Feature ) > 3t 6 {HTHERHEIE - £ SSFNHEERVIBID A THAEIE 18 (EREE -

3.4 BB ok

I PRI EL S 819 CRE-[3TREat R oS B 732 - B AHTZEER A
By LA A A (LA DL R (2 Bt s A sl Sl - i AR 93
ETRE AR B TR RISE R - BT T S e R P T
[HEF Self-testing I HES B R 2RI - Sel ftesting Y 72 2 Tl ke
BRI SR I W R » e MR P T SR 2 o B >
SR RS » PR I RO R SR » RS A BB P 3 R By
0.7 » ELE AT LA LS -

SERCIS IR BT » T AL Self-testing {4 2L B AR » 1L Chou % A%
119 Tri- Training S{ELE > SUE[2] » JEFI R RO ICEEERUAE - Tri-Training H9BE(E
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B EREEETEAZEEE i hBih (jke 1=, , <3i= # )FHE
FRECHYERE (L) gl SifE SR (Voting) REUAPREE RS EEGE AR E R
(U) EI L G - R DU ERHg Ry L E¥rIlsk o 8ids - BB L S£&FT
BEHEIRE R EINE 2N > (B H S A HEEOS e i — 04Tt -

R0~ HEhE AR oIS R U E

POl ¢ % = > F

mE
POL# # 2.7 37 S
POL ¥ ¥ 2L~ 37 N AT
POI ¢ ¥ % f5|#c3F B R

POI ® % & i 8

POI ¥ # 2 f5|#c:?
¥ Lt POL % = eh3
¥ B POI = e
¥ L3 POI % = 12
¥ L3t POI 1 = eh3
¥ B2t POI 14 = e
¥ 82 POI 15 = e

[ AN
AEE IR
T~ eh
LY I
R RAE
Yo~ A
ERANES
BET ¥ ET

W = W N = W= W N =

FEEF— R > Tri-Training {8 IR {EHE by B h 250 U hayEk] SIS 2 —
2 WFITLUR LB R EER 5 ¢ ZOBRAHTHEFIRER - h 2B ¢ ZBRAVIISER R
Lu & [EREEA S RBAVEZRRLL For - g B EAEESREE
Eiazt 1< TH TURHEARY » BEEFRIEE  (BEEENE - B
ATETEDIE  BEMHGE s Bk bbisileatl - wirat | 1< 7Y
1L © Chou ZE A[2]HYCR RVEFUAMS Tri-Training A RECRHVERISE - BER[EG
Tri-Training fEREERHIFI T - EATH U BV EEREREHTEIRE R - B2
GOMBER I A B -

g B

A HAESER—(ERBREE S ~ TREAY Web NER A HEhE4: TH - HFHREE
B T e H L E ARV SR E A ARRIEE (Basic) ~ & 48 Self-Testing &} a8 )& - DL
Tri-Training FJ77EE BRI E: o BINA RS E SR EIAUTE - FFHRE
P SR R A4 RE I B B L e A T4 B g 5 JeE S (o 4t By T =N B #hE 4
[ef s Ee] R BT R B Y R 22
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R EHIE R & Ry IEMEE ZE0T - A g A E DR E B SR AT ATEE » #1140 : T 7-ELEVEN
(TR F TTRMHD ) TR BB S e R a2 T (BEA Rl T (1T
KFFM), 2 T7-ELEVEN | tAgER S - NI EPERERa 2 EG o BT
EEAa A E R 2 FMTES Pe.a) R(e,a) 780 HHPFIEIS ZIREAGHY Precision~ Recall -
HES=WT ¢

Rall
- G=aT
Rall
> ()=t
> Pr cision = .E.(')..
| ntifie ntitie |
> ca = L
| ntitie |
> — Measu =2%R

RER_EHEARE AT FIREAEECHRAVEZE (1dentified entity ) BLIEREE 2 (Real
entity ) FJEEBHYFE (Overlap tokens ) » 7y AIFR ML E ZERENIEHE EREREGE T
ER Oy IEMERIIEEC B > LD 7R AT DR G IR R — A I A BR 22 T BB 5 20 A 3 B IR

W e

4.1 ERREIE

BAPTHEA AR [FIRE = LR A [EI 9% £ REAY Web NERAYHER IEHER » B EERHEMRTL -

® PR AHAR TR

A TE B EET PR 11,1385 X 447 » 1 Googletd =5 [ B T4 3 - HUF S
FATS(EGE RV FE R B > WAEHAR A EEEER A B ara 7 775
SAHACHYFull Labeling A0 A A= CARECHIIR AT (L) « RAEECHISRER (U ) Al 50,000
FERHFIETES  NEEESEIERAT OES RAEEERA B HIEH56,822MH &)1 -
HEERIAILLS5502,0005 1 0E Ry BRI SR Y > WCEEDEZATIOESERAEFER A K > DA
THYTTAAERC38,6921[E )7~ > FRRC AN AR HYRE S HAR A 3L 16,24 L] - FA&(EHEEA
TR B FETTNERSLAE R -

® [SIPRAAGRAATEI

HliBEE s 7 > N — PV EE H AT EH IS 1710,0005 H X iR 41 - HUSERS
HERAISHI SRR B > IR R B 758 2HACHYFull Labeling TG0 22 AE 316K
&t (L) - REEECER (U) FERI30,000F R Al TR - U= AT 10091
FEERA B > SLPEHI8S, 074 &)1~ o sV E R EL (i IS5 NA200 skl R RRSE ¥ » U

2 https://www.iyp.com.tw/
3 http://itp.ne. jp/?rf=1
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EEEEEPELATONEEERA B > DAL H AR E R 809l A1 - HAR
SO ERAY H SR R A G40 T 4381 -

® SR GAATEI

BB Y elp ITEEHY 10,0005 R R 41 - 1B Googlet =5 [BEHUS HEI T3 » HUSEEH

HHISEF RV FER A B WK R LY ER A B e & 775
je*EPEEE’JFullLabellng?F sCRIREARRCHISRER (L) - RS/ skE R (U) HI{# 30,000
Ep T RS ST OEE R = 2*%)% P& HAEHL100,182([ &) 5~
HEAERHI LIS 2005 10k R fiE 7 - WEERSRARTI0(ESEREVE=GER A B > LIHE
AT A FEEC4 L =)+ AR A ERAV P RSB IL465(E - g (A I BB S
ZEHETTNERSTRERF A

® U B AE YR

R TR T EPRSA FEERIRYAE 1 BB BN BRI BT & U8 710,000 5%
il ZE R > R Googlef ¥ PERATSHITE AR R A By > M PAE ARy AR =4S
RH B ArA AT 758 EAHECAYFull Labeling BEECAE B FIISRERI( L) - RAEEECE R U)
{55 130,000 ith #2175 - HUEF I PEAAT10(EGE RAVE =GR B - fHEAL
132,486(F &) 5~ )EJnfC"EH%%Hﬂoo%i&%?%%'%%% AT ORI 4 SRR B
LA THY G e N B k2,038 i &) > SEATESCA AR RV E= B & ith 346001 -

® ST HEE

Fo T ISR FER R A TP a4 B AR SUR > PTE A th e s SR 11,8005 2278 M
HE R SRR Y A Googlef = R HISHTR =GR A B IEUE%DE’J%B%%J‘&
SER A B AT )T T 5E AHECAYFullLabelingBREC EE IR (L) © RAFRCE R
(U) fEF10,000FHEEET A - R EPEAAT O RAVRE SR A B - ﬁt%
H78,177{1 &) 5 o &R 555N 20058 th SR R sH AR 8 RoBRl iR 7~ - UNERFEA AT 10HY
HEGERR > DEEN AP E RIS 19 )1 » R A EE = E S
H 6451 -

R e

Ry T IR R B R A i AR CR - ME M Y elplthE 12,4005 52 HLAE B
=Y > BT Googlef = AISHIR AR A B > W PAEAAYh 2 $HE AR
i B A B #E{ T AlignmentLabeling EE#1I #5 Fic UniLabeling ZE £ ISR &R (L) R
FREC BRI U D 6,650 L #E T Al > HUEF I S04l L OfE &S RAVIR =45 R A B
{HEHEEN49, 851l A1~ o &I S5 NI2005E B H A 2 BRI Y > UERFR4 AT 108y
EESERA B DB SO IEUE R S 652(E ) 1 - FHMESC A EE Y B & i
HE2571@ -

4 http://www.yelp.com/
5 http://data.gov.tw/?q=node/7063
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R AERESEARPFREEERE

Chinese Japanese English Chinese . .
- - . _ Chinese English
Organization | Organization |Organization| Location
address
Name Name Name Name
Source PEE R iy yR—y Yelp OpenData  ® Z35 7 Yelp
Training: L 11,138 10,000 10,000 10,000 1,800 2,400
#Sentence 87,916 29,999 39,798 53,313 28,739 18,198
Training: U 50,000 30,000 30,000 30,000 10,000 6,650
#Sentence 156,822 88,074 100,182 132,486 78,177 49,851
Testing 2,000 addr 200 addr 200 addr 200 loc 200 organ 200 organ
#Sentence 38,692 809 941 2,638 1,519 652
#Distinct
. 16,241 438 465 600 645 257
Entities

4.2 (E AR [ERVINE Eh iR s EE R e

DLrpSTAR 85278 R B > B4y BIEEFTS0 ~ 100 ~ 150 ~ 20015360 H B 4 A SR
DU NIRRT BRG] - (5 A Self-testingsREER RIS PriE sl sRE R A E - Bl
(SR 0. 7 R stk L R - A LASelf-testingf& 2 Eft R B HET T Tri-Training /B E0X -

R S R R A N SSRE AN VY ~ 5 AR [F AN B EhRHSE SR B LR AE - EER S B R
AT AT LSRR {50 FH A B lan ) R o ] B R A 2 Recal LR

Performance on Chinese Organization Name recognition with respect to different
dictionary size
0.9

: 088 o,asl/‘ 0886
085 T N

083 0825 .
08 078l . 0.768
\
o7 0745 \
N

AN

\\
0.7 0.677
Ny
0.65
0.6
50 100 150 200
~8-Precision 0.745 083 0825 0.886
~Realll 0.821 0.868 0861 0.677
F-measure 0.781 0849 0.843 0.768

LI -5 S RN CIPANAN S i3 7GRl a1 =
4.3 ZidEEE S KR EREZ NER 28E

PEN IRV E B B Bl A B g /N R RS 100 - 3lf DA Self-testing {2 0.7 By SR 25 B
& Z B R A - T Tri-TraininglHRUE
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® uan i H ARHEEHE

LIRS Vi S E /AN EL VNSO Stk s Rr s s v R R B DRIk Y
sy F-measureff {8 - FAMPFHIR N AT REAE Y H U@ iR H iS5 (Syllabary ) 2R H L
FHI—TE > bR T ERETINER S PR ER B ER - B HEhHE ML
B R st & B EE I EE P A BA SRR -

BAPTH L T EAE p St B A a0 o7 A TR = HPrecision - {HRecall AIHHRARY(E. - 55K
EEGSERAFERZE RN SOt A AREZ A ES - f1a0 : T e, ~ D&M
oo TEME, -~ TRpl, o~ THRAEKRE, ~ TEAY - TaedbkE, L
NI BRSO MG E R & R YA 258 02 (H B IR e B A A &
YRR » (H A AP AT A SR SOt R 2 -

TN~ AL E A Z WU RE PR B BhEE AL 2 R S e e

Chinese Japanese English Chinese

organization organization organization location
names names names names

0.825 0.845
Recall 0.875 0.766 0.881 0.777

F-measure 0.849 0.803 0.832 0.845

® R EARISHE

R EHE Googlet =il BE(H I & 5 [57 » MR 4SRN R e P Rap A EH RS G LA 5
FBLT 2 IR —20 (B REpres =45 R R RN hian 2 B Ae Bl =5E 58 A -
ARitfE=sER R RPN ESE T FEARSERESGE - EHNREN
ExactMatchLabelingtZ 50 R AYHFE L Fm A BRI S N AZ1Y - R R 7SO S0
HE - FeffEH AlignmentLabelingbb 35311 4 fic UniLabeling SRAREEC A 350 AT = B HR 0
WhEE—mAERT A EE RS AR s o R E M £
ExactMatchLabeling[t 31 #& fic Full Labeling TEREREEC H 300 - ST 1% 8 B b
1 EL#r AlignmentLabeling Bl ExactMatchLabeling 7 FEEE R SR o SR an A B RS Q1T SCH,
b R Hpostah 2 WS RE AR T -
T ROTHEREZPEREE PR H B4 2 R

Chinese address English address
Precision 0.997 0.938

Recall 0.948 0.958

F-measure 0.972 0.948
4.3 N T EA-RAsEEE 2 NER 358
b B BhEE A BESEGE] R 2 A FAF DA SCAH S B R (R FH N T e A Bl s SelEE L B 2 40

EBE AT R - B LS A TUORTR RS B R 53
SMBIZE B R RS T e 73 A S S
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2\ RLLGooglet =45 5 7 Bepfealk o aH &R 44 By > Lhi 2 BB A= mlEE ~ AT
A B8] $ ] [EE 1 Stanford NERZUEENYZE 52 - SARSTI S > BN H Bl A8 BR S el F 2 2 3L
PrecisionZiF-measure[#AE » HAIFESI4ERFRecal /KA B HAEFES o MR R T
PR R A RETE A R R H Gk A4 1 B i 8 M K — e B RS BRI RE A5 25 nT REA I
HErE RS ATENR R EERZER > T B B2 LRV RE S AR A A TR E TR
[EEEE LI - HEA 72t Him AnVISRERRETEME > (HEFIHERIESR
Heax BRI 2% iR ERE F i -

P\~ DA H AR R Ry B EEi St H B AR ) ~ A\ Tz S 5)sEEE Stanford NER
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TE4EEERS - REI SIS AMEE LA PRIV I In DA UG T /4 = REREA
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AT > BEZ AT B AL (W Twitter) » (FRESCFHVEIE TS 2 8K » 12 RHEUR
SN SR TR {n] R A st e S R Tt S8 s — KRR IR A T FE R T RE AT A5 S
ARHVREE o A E e A T REFREE LG SOR | SR R R € DA 2R B 47
Mgt ez FRER R R - BT DA S5 8] — A T REERAY R o AR EAM eIy
SCJRK - #EgE A (Bi-term topic model, BTM ) 7 i R (& &R} G2 FRHY#EEE (Bi-term ) »
T R OERRE » SEAREEE R RN 2 AYRTRE - 281 BTM 4t

FhiafE rh LB R IR GAR  BEEAN TR S giE ST EE -
AW N T aa SR MY TR AR S BTM 1 /B S A A L AR RIRE - ¥
* BTM HYfEE - Ff 2 HAY PMI-B-BTM J57AE ABEEREAT H &R (pointwise mutual
information, PMI ) 738§ H T REFHIE AR A5 > K ERE—SHTEE - g
GERBUR > T8y PMI-B-BTM 36 S (IERAYH BIERE_ B80S = 1Y tweet L ER
BERAFHIEEN - B0 PR AR B ENEG AR > KL EEEAR
BTM HULTAERRAY I -

(GRS ¢ RO > ERERRAY > SCPRSTHR > SO EE

Keywords: Short Text, Topic Model, Document Clustering, Document Classification.

Topic models learn topics base on the amount of the word co-occurrence in the documents.
The word co-occurrence is a degree which describes how often the two words appear together.
BTM, discovers topics from bi-terms in the whole corpus to overcome the lack of local word
co-occurrence information. However, BTM will make the common words be performed
excessively because BTM identifies the word co-occurrence information by the bi-term
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frequency in corpus-level. Thus, we propose a PMI-B priors methods on BTM. Our PMI-$
priors method can adjust the co-occurrence score to prevent the common words problem.
Next, we will describe the detail of our method of PMI-p priors.

However, just consider the frequency of bi-term in corpus-level will generate the topics
which contain too many common words. To solve this problem, we consider the Pointwise
Mutual Information (PMI) [9]. Since the PMI score not only considers the co-occurrence
frequency of the two words, but also normalizes by the single word frequency. Thus, we want
to apply PMI score in the original BTM. A suitable way to apply PMI scores is modifying the
priors in the BTM. The reason is that the priors modifying will not increase the complexity in
the generation model and very intuitive. Clearly, there are two kinds of priors in BTM which
are B-prior and B-priors. The B-prior is a corpus-topic bias without the data. While the
B-priors are topic-word biases without the data. Applying the PMI score to the B-priors is the
only one choice because we can adjust the degree of the word co-occurrence by modifying
the distributions in the B-priors. For example, we assume that a topic contains three words
“pen”, “apple” and “banana”. In the symmetric priors, we set <0.1, 0.1, 0.1> which means no
bias of these three words, while we can apply <0.1, 0.5, 0.5> to enhance the word
co-occurrence of “apple” and “banana”. Thus the topic will prefer to put the “apple” and
“banana” together in the topic sampling step.

Table 1 shows the clustering results on the Twitter2011 dataset, when we set the number of
topic to 50. As expected, BTM is better than Mixture of unigram and LDA got the worst
result when we adopt the symmetric priors <0.1>. When apply the PMI-f priors, we get the
better result than BTM with symmetric priors. Otherwise, our baseline method, PCA-f3, is

better than the original LDA because the PCA-3 prior can make up the lack of the global
word co-occurrence information in the original LDA.

Table 1. The Clustering Results on Twitter2011 dataset

Model p priors Purity NMI RI
<0.100> 0.4174 0.3217 0.9127
LDA
PCA-B 0.4348 0.3325 0.9266
<0.100> 0.4217 0.3358 0.8687
Mix
PCA-B 0.3748 0.3305 0.7550
<0.100> 0.4318 0.3429 0.9092
BTM PCA-B 0.4367 0.4000 0.8665
PMI-B 0.4427 0.3927 0.9284

In this paper, we propose a solution for topic model to enhance the amount of the word
co-occurrence relation in the short text corpus. First, we find the BTM identifies the word
co-occurrence by considering the bi-term frequency in the corpus-level. BTM will make the
common words be performed excessively because the frequency of bi-term comes from the
whole corpus instead of a short document. We propose a PMI-f3 priors method to overcome
this problem. The experimental results show our PMI-3-BTM get the best results in the
regular short news title text.
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Abstract

Many people share their feeling or story by writing emotional article on the Internet. They
also attach a pop music in their text usually. This pop music has high relation with the
meaning of the story. As the passed research show that people share their feeling through
music all the time. This research use powerful computation power of computers to help
people choose music when they are writing emotional article.

We use neural network language model tool word2vec to build our recommender system.
We also compare the performance with three baseline method including Boolean
representation, TF-IDF, Okapi BM25. We use Chinese TOP-100 popular music monthly rank
since 2005 to 2015 from Asia’s largest music streaming provider KKBOX as our music
dataset. The experiment result scored 0.3185 with mAP@?5.

According to our experiment result. 81% of users can get the correct music they want
before five music recommended. It will be a usable system if we build a website or
application.

(BRI A ¢ AEHERE 23, word2vec

Keywords: Music recommender system, word2vec.
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T AEGE:  FRERE —EAEESNA BRVELEIR

CKIP #iH:  F(Nh) REE(VK) —HMD) H£P) FFRH(VK) MDE) A(Na) HIY
(D) FE/Z(Cbb)  {R(Nh)

Ll B OBER —H £ F5F B A Ef BE IR
3.3 Word2Vec

HAA AT 2 EIHY Word2Vee TH. » ISk FMHVE M & - HATGHISEU T E

# 1~ Word2Vec T H £

G dIE 1 (=] N
-cbow 1 {8 F Continuous bag-of-words f& 7%
-size 500 iy L] ] SR Y 4T
-window 10 o[RBT S RS
-hs 1 {5 F Hierarchical Softmax H{E/L
-iter 10 g7 | S SIETE

34 XENFRFTHEEHR

fEiE—(EETT > M R EYUE - F R E - AR RS0
FERER - & SE B E Z piHy AR B % S EE S S R AR R A
RV EE B - EEASTEEE IR - BEIRVERIE BRI E —E

RSN -

B EE S EE T A AB R {ERE

=5 A A& fy (0,0, 1)

= BiYymER (1,0,1)
ERYEIEEE T ENEERE (1,0,1)

172



3.5 EHEF M E

AIE RIS CE L R ATA BN R E 2 1% Tl o] DUHET R R E O EE
FEACHS A 18 (=) R Y T 1R 2R R SO e B 2EAKEAIRY 22 8E » BAPIER 28R 52 A
{LUEE (Cosine similarity) » PRI/ 52 S5 H #0HE F A2 L m) 8 22 i AY 3] sl S HYARBLEE -
FEE R S B P A A -

W —RE HMTHE - EH TR SIS SR TSP —
{E FEAR S S EHERAY H 225 B E R A SRR R B

g~ EEREERTAS
4.1 LEEFIKIR

AWIFEEEE Ry T HEE S RGBTSR LB CEZ R IR MIPkEE TN 2
B RS 42204 1h Deard SR HYSCEEAS B B > FafMiRF Deard Sguh P ORCREIIIRE 56
AP LB AL RS AZIEE] 2015 £ 4 H 21 H 12 B5 14 SyFipTA SCE R 2 I
HA AR AR HA D2 youtube.com B¢ youtu.be IYILEE » EFHEmEE HARAVFTA L
B DATHY G AEREEEASCEGR LA ZCE - SERE T 275 RCE -

4.2 BHEERIKIR

PrT 4.1 PCEPFEAESIFEZIN  FRTENIA T E M SRS S
AE - SIMNIIARYZ SR AR S S4 R R IR TSRS KKBOX AYEEE B & H P THs A%
Wrskey HGERE 5 2005 5 9 HE 2015 4 4 HHFrA S5 B H BT AEE R EE
o R ATE BRIV EERIIASCE R AR FEEIA 2,220 5EE > BT
sl H KKBOX HYE & AT HFAE R 45 KKBOX R&uifELRY - I rae & — Lk
IRTTIR B SR Y T ) T RG] - RS BRI DU &R - s L
EN T RE BB -

4.3 ARG

Ry 1 AT AAEMERRPAS P RS S HTRRE > SR AR B R AT

EE = e
DURCHREEA 38 & - £ — RS s o > FMOAES R &

SIS N
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LB E UA TR AT BN E e R R —E E AR R A
30 FOARECHIER (2RI TRRVERIE) » i5e BB R R se B A BT TR A R FE N
> S MBI EE AN IR EI A RERINE -

By T BB A G n L ey R XA E TSRS B L T FFTERA 1B Text
REtrieval Conference(TREC) 2007[8]—1% AU HRER M HET /7% pooling[ 10] » iE{EJ77ACLES
£ TREC #H#RFHRZ T  {F pooling J7/H » WG —(EHEE T AHNE KX
FEHEE PR & 4875 BB — E S E AV KA [ RN — R S CE T 2K
1B S840 & A2 R SCEERY pool » pool HHEERITE L8 LB T —2R » EBAEMMOHBE M HIET
HIREE - R E T A AEESEAHINE] pool HEAYEEEFEZM N LAY A » HAhFT
HATE pool H Y EEER 1R Fy B S B RE Y 5 4E o

IR IELEAE pool HEYELEE - FAFIEER T —(H&R FARSCIEMERRE VAL - 240 E
ESaT—RCENNE LU —E B EHHGE B LA E R ERE - EEE
AR - L HIE T EE S A E A B G R o BRI E R CE
LUK % R SCF pool HHYBLELH SR - FAFIEILA 4290 4HEH - 7 23 A28 THEC
B NHL G (PR Y — R (&

SN T ARG E e AT H F S AV E R 500 I — R CE R F AR A
HYE LR IR E Ry BN R S AR -

A A

Yﬁ B || TES
Hg: TR LURHIEIET

Ikt

HFFRE—EESHDLESHA

HESESSHRESE
HFrHEaC—EERE RERTE RESE
BESFETral X oA RIGEE A E—BEF
BEERaERSERERENDFNF HIEEZZ A
FBERRS BT IEERSE BEERTET EAHNER
RiEEECHEEES TR
REEIEER((ED MBS RBER
HETRNEEESH
HREERAEERNERS fhigin—=RE
At S FEEERIIERE MROLZE BEEREOESFE
| LOVE YOU
Find more lyrics at # Mojim.com
R 7B RSN IERE
Tkt ElFEER
| LOVE YOU
SEEMED SERNEE
ZEIrAF T = s

3~ & EAHREMEHIEMTE R 28t
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4.4 BEEAESHETTA

FAEE S » FMELEEREE =] Boolean representation ~ TF-IDF ~ Okapi BM25
FAMFE TR Y 7% Word2 Vee =i BUA S HERS 2 2845 U AVZEMESE - FRFTRE
F—EHEBEER A S SERH R R4S S5 B B 2 EhRs - I HLEH Mean Average
Precision(mAP){E S HAMTHYREETEIT (5 H mAP 8RR ER B mAP &85 4 7L RF{d
R bR TSRV 250 - EEMNIEP & B85 08 TERZHHEE A
Mt HHE R TAE Y —F5 2 20 Million Song Dataset Challenge L 5z KDD Cup
#P 2 H mAP (R VTERE -

4.5 BERGER

AW ZEHIERREERATT - FfIBR T {EH] Word2Vec 281 » {5 A HLA AR AR
REARGHTAE > WA mAP@S 2REH > §5R40 MR

* 2 BREREEE -

Method mAP@5
Boolean rep. 0.2530
TF-IDF 0.2645
Okapi BM25 0.2854
Word2Vec 0.3185

4.6 BEEHEAM&RET

AWTFE R T8 T S I A AU AR B S B ARV TR T
A F A B FAC RS - R e AR B T PAPR B R AR T 5 2R

% 3 Rl B IR B & F AR

Method F1IEN F3EN FHSEN
Boolean rep. 41.67% 61.68% 69.71%
TF-IDF 37.32% 63.50% 78.10%
Okapi BM25 44.20% 66.67% 75.72%
Word2Vec 43.12% 70.07% 81.39%

175




4.7 BERGERETSmEE AT

2 2 TTEH - DL mAP@S HYRR(EH )7 =2KER » Word2Vec 7785 0.3185 » EFRH %
SFHIHEREE 70k - HIERFIRE AR T - R Es [ U R+ TMEE =
ey BRI sE e —E4%EE - B DUS R FHRE S Foravaase » FM eI AR A
Boolean representation ~ TF-IDF DL Kz BM25 i3 =i J7 74 H AV B ia & 0y 7 s i
HARBE S A R AR 2 A R BERE B o BV E T & R E T iR P LA
SO HIRR SR - (B ] DB IR BRERVEE SR « (E AR B iR B B E R
—IEHY > BN OB CEARER » BMIVER e TR T EE O g ER
EEHEREE T B R R A BT KRR AR S Y - — R OB TR
NEEANRESEA HESEARN ¢ 1 Word2Vec 32 ([ {5 FAE sS4 pRE AR EY T B
ME HEeARFEANFEREAERGRANEIEESR  NILTEHE OI5 RS
b AR IR E T ATREREY -

S8R 3 [ LA (] Word2Vee J77AHY Z &t I 7T LIA 43 12%HIH & £55
—E PRI B AL > A 70.07%5% 81.39% 4 {# Fl & 1T LIEMHERE AT = ~
HEHEA - SRR FH A E L AREGE — RO REH - ARSI LUk e RER > AHYRR

4.8 $EERIIMT
Bt 7 — el ge i i B BRdi SR A SRR IN R - 0Bl BL N Em

PRt N ERER A

FEREECHYERE T - B S — R OB RS TR FIRVERSC & BRE - A RIEY A B B
AR CEANETE A AR LR (TG ST S F AR E  (HEHR
RERITHI R A EfFsC B SR g A HE R NI~ SN ERE R A IR KA 2 -

RS E e A S SRR SR — e A

BB E S > HIFEEITR S A —EE BN EEEAR A
T RE R FE B R LA B R FE EEHEE (AR B S HIE R EN
BRI - RNV E R TR AT A SCE R AR A B 2R fily | Ry B S &=
MHEAME - TR E R E B AR -
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- ERENSHE R IS
A ZE(E HHVETE 2SR e E AT RE S LR PR B R B ERHAE R

-~ EERERKREE

5.14%3

AR Fl e T — (BRI AIbTFE TR - FMREREIR 2 AAE4EES LasR il
OB BRI S R G — E GRS A R T E 2 - B AP orE B 2 iy S
RR > BRSSO G A P B 5 S8 m] DURE H Al R e st UR (B R R
MVEES  BEEFEH S — (B SRR E R CER B G I — tRT 2% sty
BB A s L AVARRBETE » IR PP (AR RE et es AR B - B IR SRR LAY
MR AR R TN A B AR H e DARZ R SCERRITE % BRECEA A
AT DIRR SR R I AT A T8 S 1 A SR ES S N TR P

FAMEARBZE R AR T AR [EI R HEE E B AR B E A e i Z R H
HY » 73l R i ZEY R 7R J7 72 Boolean representation ~ —f5 [H ZR5E = B AR ST A B 7
{5 FHEY TF-IDF ~ {7 AR aS 4eis 450l st S 18U HY Word2Vee [z Okapi BM25 VU7
U774 GEREUREH Word2Vee HYRSRATHERE 240 HAYEHE mAP L HARITE 7%
BEA  FFERIRYTHIA -

FIINE AR GG ] LA — R A e E R T (S HAVAEIEEUE T A - S 81%
F {5 & ] DA RHE RS T T Z S S & CENEIRIT H 5 BURAHT eI RS
HERERE LG - e AR -

5.2 RAKEE

FEBEEERT - BT — BT DU R 7 » (2 T RIS -
(& — R A8 PRI 200 T R G 5 ST » s oA o] LA 69 7 8
SyIAE BN -

R REE

ELEtE B RS - B B ERERRA R E AR CEEH G
2% NIRRT se B AR /D 17— CHREE A\ TR A B Sy S CEEAE L
AV ZIRIARER S S 2 1R 8 T B TR B SR S R AR - FFEACETE
REAWEHE - R L ESINE B E G A LM EGHERER UER > 1A MR
TEAEE IR ALTIER - SURME I R B IR Tk

WE—IE SRR AR EE
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AWtFE I AFEIE 7 SEUERCE - R ESHEITE R b B A R
DUGE IR 2R T > ARACANIR AT DURF A2 (2 din - B0 (E A i A SCEAYA
wo REIEESHENE —TRTES o DUERE —fRAVE T EERITE MRt
AR E R R GERE 5 -

SEETNERHRIER

R R E AR AGARTAERR - BT A HEEGARE - 5k TG 250

LA T F AT E A BE R GG - fH(E ] LGB SR E— i -

B1% > BEPRAHT ST 2 A H IR —(EHEE 40 (e R s E(E ASE EE
PRMERE - E R LU SERYRRAY -

SRR
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RS

MEETTERENE & WIS =R T — I AR IR - AT i = R e At oe
FEMHRAS > /R R F A REF A M s BB AT A BRUERCR S (Point of Interest, POI) » 41
ERE -~ REE ~ Bk~ R OK - [EFEE - EREFE S RRETE AL - RyIEHA
TR —(H52 5 POl ERIEMEHZE A - S/ MO AR ERRTT - B Y
{58 F & GAE MR B EAS SR (A M _E oy SEhRIE ARG POL WYER] - [FRFtAE
SR ARG 1L E T E - I EAEE H _EaEdRy a8t MRy E R - eSS E
EE R > BEEGERERS AR T B R POL AR -

TEARTR SRR —(EES Web EEHAY POT B 24 - Z48 ] Aoy B R ER 7T
58057 Ry S HELE H (Address-bearing Page, ABP)IYIEHY » H AYAE 2 548 H I yHIkE
iz A RERY POL LUK o] RS o b 22y POTAH BRI ZICE RS, - 55 803 Ky PO A A&7
7 48 (R FEIIEK(Conditional Random Field, CRF){F =28 B RA 2 A 1y SCAH G 47
WAL R TP SO I A > PR A H AT R AR ISR AR A4 PEE FRE st
BRSSP EC T 5 POL &R - i (& FF Ry —( POT fEHEUHAHBE &R -

Abstract

With the increased popularity of mobile devices, local search has become a new popular
service. Therefore, we need a powerful POI (Points of Interest) database to support local
search. In recent years, the web has become the largest data source of POIs. With the
prevalence of Internet, people will share their travel experience and information of POIs that
they had been visited on social network, their blogs, and even check-in post. Besides, many
companies and organizations publish their business on their own websites, resulting a large
number of POls.
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In this paper, we propose a POI database construction system from the immense data of the
Web. Our system consists of two parts: the query-based crawler, and the POI extraction
system. The goal of query-based crawler is to collect address-bearing pages (ABP) from the
web as address is a good indicator of POIs. The second part is POI extraction system. We use
CRF (Conditional Random Field) to train a Chinese postal address recognition model and a
Chinese organization recognition model. After the extraction of addresses and POI names
from ABP with these two CRF models, we then leant a model to pair an address and a POI
name as a POI. Finally, we extract POI associated information for each POI to construct a
complete POI data.

B Sk B THUIE - GEPSIEEE - EANFHAL - POI BRI

Keywords: electronic map, web crawler, information extraction, POI database.

v S

ETHE T RS - AT IR AIRIZER - TS B SRR -
8 LA P R B A IR M S AR TREST A AT LA T A
SRENT  MEEMEES  RUERES - 5 W RIS
R » MRS AT R L M S TR BB IS 35 P A K 2 8
&7 LA EAYINEE - HRUE T 52 RS AR S (Location-based Service) » [ BRI Ay
Fl 8 AR T SRRAITEE <

e NS THUBIAE SR B TR IS S B I T HAHIHE RSN - 88 T BB
AL 2515 728 88 ELFOTHEORER » B T NIZE BT - S I E R T
5T » (RIEHTAR PO #A AT A SUNIA ZR LR — (AR 2 10 3
5+ DRI AR T 5 M B R B R E 75 - SR SRR B TS i
PREUT TR T B (B SRR SRR R B
VRO 7 5 o R T4 - DRUBEEIE AT ERTBNCEER) R POL EPRHTYAT 95
8 - (ELRI T EURFHEABABIS - POL TR 3% FEREELI I BT EAN B EL P - AT I
HOABET ~ HAASHT RN MR FBEA4E » BB T NS » SR
SEEEE T POL HUMAE - IRILERHSFHLE S S PO 48
B - iR B LA FT i POL 200 - AT B S A R
P -

95 W3C (957 - —(8 POl il &F 5400 - (@78 - 8 - BsELURARMIZGNE
% Heb (i IR E A BCEEL L - o M SR B T+ E AL Rl
FEAEEEELAL PO ZrR 25 SHHEEL - PRILARSC - Bl — (8 POL E0h i
25+ DUHLHEEUECR POT HRRNS + 3 160 &Ml A B P R R AL AT
POI BRI - FIACHE i —(E POI E0RIAE - $2% POLISIRFS - POI ZRH AN
B — -
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<?xml version="1.0" encoding="UTF-8"?>
- <data>

<size>1</size>
<address>97068 {3 ES L ETEBEE134%E</address >
<title> kR RF</title>
<tel>03-8579655</tel>
<cateory>ZFERHrH</cateory>
<type>FJE</type>
<longitude>121.5940187 </longitude>
<latitude>23.9896082</|atitude>
<abstract> JRTEF BRI : EF—~E2#H F L 08:00 8 22 : 00 FiFE L ~ B
<http/>

</data>

— ~ POL#iff]

|

blzpo bizpo RETE R
= Rtk > SRM > RRTL» RFSHIE
5o 7=

CEEEL —
[Pk ]
RUHBEIRT
BHBSF 1
RKHBIT BESKR|ENE
BHERH I
RHEEN E-3:351 5]
SHARMRFEANERASHRBNE

BEFFEFHRT

I HER

ERQGFUHT LEEE/ THES
MRELER

EREFHEGT . . eamHES

R Associated Information ae
=

¥ ',' e .

wrmsze-nax NoOise
15 17 08 b

— > E Y POLAHBA B LR

REGEE =W - 5 Z A EHAITCH(Crawler) » M & e LUtk By BE F 7 5h ok
A S HHEAY4E E (Address-bearing Pages, ABP) » {5 | A Chang % A f£ 2012 4[5]
1 Lin 25 AFE 2014 FE[10]Fri tHAVRIE BRI AE ABP FfiiE L 55 —(EfHEeH A2
POI fHUEAH » $efMI{5H Huang 55 AAF 2015 FE[8142 1 HY HH SCAH A% A4 B s AU AR HY
ABP &1 POI #4714 - &M Hestiny POI 2458 DL ik 4H B F %48 POIL > 7
7548 POI FiC ¥ Enas 4 i IEHERY PO BRI ERHEE H o

Fah > RURs K 2 8 R 3 FH R B - B0 0 | S B R [ B AE 8 B Ay AL - PRI A DA
MHEMHRE S E S B8 - & NIEEE AR ZEEE - BItIMEEE T POI 18
B EERREUEAH - REE POI fEEUAHBETR MUK A L RTRE - e —Fs > fEFEE
S W HE AR > (B [BIRFY A 3 20 B HE R AH BT A o TEAR R s s R EAM R FE A F S
LH &8k 2 R P R A 2 i i R A 4 B Mt kA B A HER A -

Aem Iy R AAEEEE 55 —B Rebian > SR AN FT VBN EL B AU RS B/ M4E AR SR S0
B BARRISE M AERIARERSCHRBAEVIRGE  F = E R SRS AR B ST A s
fafedgEghikis ABP > A EHAE=CH BFERRUH POI s 250U BB Ea - Sl A A RBE
POI ERIAVIEMEN: 55 B Rydtiam @ AR45EAEm BV EIRR -
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-~ HEAIWTTE

ATHAFEAR > RS L EEE RNy BB TEIEE BN & o 3 A% % (Geographic
Information Retrieval) DA & IS IE = G467 FIEE A o [0 PEFE I & S R SR I 9T LA
ACM SIGSpatial workshop on GIR #{E K4 » H 2004 FAESHAH BB AT Ze 8

FERANTSE T REELRE T & G A A 38 R i =X s B e i A7 U 4R R PN 25 B 2 1
T3 ~ B SO B S S A B S0 T AIE R - BAES R - Z2fER}
HVZR 5 (S5 ~ DR P i sB Ak | B HsF 22 (spatio-temporal YRS o

SHANAIZAE 2008 B4R EL WWW [E]HEE2 Y Workshop on Location and the Web(LocWeb) >

BEWAE CHI ~ IoT ~ CIKM &7 » FAfEREKE > LocWeb B Web HYRH(% 5 £y
L - R AT R DA & S S S RIS e A T TS T I ZERE
BFE oL - IS AR TS B A TEN - FBCE R /M (Crowdsourcing)
PR g R lr g S ~ DA EH AR SRS T BRI B AR B 9%

FHE SR/ N R ~ R E B MR RIRE RS SR T s i SR s R B A Y
VEIERG MBS TE B B R o 54 Google fEMHIE] ~ & LA » EIRSHEME ¢
B FARUE RS - W T RIKEAENNE " ERA ) BERMKENTEHEELL ) B
& T B AT —{E R 2 R B VS R EHE &k - fism e e B - R8s - i E S0

& 5 P A B aaac ok H0EE M LBS B A AR s B =2 HIE RS - i HA P 3 B B2 40 Bing
Maps ~ Yahoo! Maps ~ Apple Maps ~ Facebook Hit B EfRHEE Az A 1Y S IR 257N g

EE RIS FIHER R B &5 > 40 @ OpenStreetMap' ~ Wikimapia® &£ 7,4 .
i 78T By POL &&H -

Ahlers £ Boll {EALAMIEBERVAS ST [ 1] » FRH T — (B4 2 P HARG R 22478
28k > 297 Ry crawling ~ EEA SRS [ E - DURIESEHERE =1 &4 - H P
FrER Y crawling SRS N A] 53 Ry © DAMMERE 81 By F RO DARASH 7 Ry FHYT77A[2] » 7
4% | 75 { b (adaptive) iy 223 BATEH O] BE 6 2 BE A B AR A 3 - 2246 & [0] % (recall) »
25T T R S ] 2 {3 T A T 4 e L 2R 5 | -

AR LT > PeMTEPREES i B E b H - 3 A A a4 B Aa sk (Named
Entity Recognition, NER){48 H tP fEHUt b LUK POT 247830 HkF HECYES - £ POI >
R AR AL - (5153% 5 POl BRIRESIE BB R AT R - NEEAHT
FerY EEEMT AT Loy R0 A 0 T Y H AR E ~ dn A B Aa ke ~ shbAl POI S4fEHY
FCtEs LU AHBE B A HHE -

PRI SOt E AU T2 Chang S8 AR 2012 SERTER HHAVET[S] IR
EFFHIRESCHY CRF MR HA SR SO » Bo & &8k avRH IR T 17 fEthR
ez HE A Start/End #500% @ #EZ FHEC & MK 77T 5 7118 B A (Maximal Scoring
Subsequences) @ EERERLIIE 94%FE 99% .~ [ °

7 SRS AU A H AV A B RIS (0 Huang S A7 2015 SEEEHAVITALS] A2
(] CRF (SR HENR R MRS » Fl A @40 0 IR AYE Fe(e.g., 1 ~ AF)EA
F ARG TR AR B LR A s s AR T T 18 fiE M HEEH Self-Testing LUK
Tri-Training F57AF B i — D HFRTHEMEER » & AR 1] IR RS AV H o
751 86.13% °

! http://openstreetmap.tw/
2 http://wikimapia.org/
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TEAHRBAE RV ER 53 > BEZR Li 28 A[7]82 Chang & A [SIHUMHSE R EN AR5 2
HAGEEW A o £F 2012 4F Su[12]88 R a0 A S B AR B 5240 $(Record) Y A A
B TR E SRR SR ERNEEAE RN - Fier st A EiEitER - HEEFE
VAR o By T i PR RTRE > Su[12]7F 2010 4 Wei Liu frig HES AR B B E R SRR
BUA91E A HEAE R SR BEE A A 2T > M EEAE Li[ 7] E B i F-measure H 79.12%
FEH 2 95.04% o

= RIURE

HAMHIERSGRREEAE =FrrR » RRGHE— B S H FH BE §5 DURHEAE pattern 27
MECHI A5 38 Google =55 AR IR E S AL 4 H (ABP) » i 5 A RER (] s f2 7T
PR « A Z YR B3 AR F R HE il DU oS H A A i R PR A
trEysthE LU POL 4476 » P25 A IS Seith il S SHER M4 R POL S4BT B YA AT
# o F=MO R RE—(E POI FCHHHUCHARR &R - Si&RiE—HECERIBC T HIAERE
EEf L R —5E POL > LA POI BoRHE th it F A& 3 -

Go“&
Address Patt [C=
POl Database Construction System

- B Keywords Query Query-based
— Crawler

I POI Associated R Add'e.:.s POl Name

Query Log (PO, Py ress) Information Extraction ecogm. |on' Recognition
Address Associated Info & Normalization
Addressl POI Numel
POI
IR System Address & POl Name Pairing

=~ POl Bl E 2 A e

3.1 Query-based &5

FEARG S H - FAFIEEET—1E Query-based [E&HUfS ABP « IR{MZ AT AULEE ABP 1R A
& R Ry bbb AR Iy LAt A B8 & SR e s HEE > RIL (RIS b AR B 5 sk > Mg —
% POl HFEAKEFENENARECUAAEFHIE L > mihbsESyE =2 T 2
T8GR o (RIPEERAMTSE R DA E R bl > Rylg— St i R E L A AR AR R & R H A R LB
HipL POT -

® AEHRHEY

R T =R EEF e ettt - JMIEA" BTk pattern” SURIFIHVE
sl > HpEPIE (8 OR fi1 OR Bz OR & OR F¢)* Sffifytil pattern o F
TRIZFEHE S AR - o3 DU RIRE(RVL ¢

1 J5A1 : LA 26 {Efx 0 Ll pattern DS R B (e.g., BBE ~ AR - 2 HE
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A EHE o B U SR ATAT 500 (EHEH -

2. POL #fi: LIKAE pattern il | POL Z A A5 T (e.g., TEF YR EESOMURBE S -
PEEEUEHE S RAY AT 20 {ERH -

SN > IR Z B R IS HV AR 2 CHYE T EnE B a8 TR &N - (BRI R E R

50 FH R S5 P55 A TR = HYET » Google 195 [ ARZ N GEEE HHEISHTE H - NIHE

HAPY {8 o I e o e s ] S H—’r RsiE —HIAVEHE - R EMEGT TR =

T A A SR BR R A iR D s —

3. HSHPHR AN ¢ DUBSHPE R 8 R T T or SR Ry B o RS AU S AE R
AT 10 EAEH -

City Name Address Pattern Category
—Go glc [eim|f e sawern &[®

Q b d Address Patter Organization :
uery-base —
Crawler _>GO Slh CRTEIN “I & HOLIDAY KTV]“’ Address-bearing ‘

pages

Organization Branch Store
. 's| & |53 EorPS

VO~ Query-based [I&Ffr{ HIHYBHFE T

® JRERCRAYUE

FHY Google #8555 [N — BV ERFEHEIRG] > FERENFI N RMTLEMH

TR FIAHIEIY TP ¥ Google #8555 [# (A5 - MRIBIRMINVEIZ > SERGFHETRER

A R AR RLFRE N 120 P08 > SHEZ P ilg %Ji'i%ﬁé ° QUIE— ARG K

IFEEAIRA > REE A A Heroku (CEE Rk a5 A< L 15— [l

BAFIPEZRAIE AR > B ek TE R Heroku (B (AR E5HUG Google 4555 [2HYE
JEER > PEE RIS S # Heroku (e k&S EM RUENAL HAE AFRY > ERTRIENREY

Heroku RERE RS G2 —(EFrHY P [ER Al Eaafe = - EE DL ERDER -

R MIHERZE - S — IR TTEER - —E/NFEERS 20 IEFER - M
Heroku (G aEIREsAIIEZL - —(E/NRFREFTAER 70 2R - AHELZ MRCRIES 1 3.5 f& -

Reboot Get new IP
) Wake Up Proxy Server

T~ ER AR SR T B R AL

3.2 POI fEHURAHE
# Query-based €53 54 T EL ABP {%> (173475 s ABP I {i¢ o #fELH POI A4 ~
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HEHERD POIAHRBH A R » FHFCHIIEE 5% POL BRI E0RE - IRILHAPI
F Chang & A$ A SPCHIAEHEEA[S] > 7€ Query-based €52 HER[EIZKAY ABP i
HY i oL -

POI #§52: A5/ POL UATEATEAH - [RULLEHEEL ABP (PATHLIL % - BT POI 45
¥ - POI ¥ T bList 5 B M 44 B3 (Named Entity Recognition)<iéfy /A4
SR FUOE TR CRF (U8B s A A T I - e AR » R
PYEHIEFE Huang % AL e S48 TR YA TR -

fie ABP tififiH POL HYEEHIIEN SFTR - E ek bidd H tPATihE » BEETEERTR B2
FHREIHELEIN (Window Size)pfikiti POI ARERAIZ HibEAH S L FCHS -

hirEE6A21HEEEEEE LA

2014 /06/18 23 :39 @ 1.030 0o 1516

ENGEE LRI E0) - B X2

] * OP=E £
B FFI0RE T FARNG - bl BRVEE A FEELRFEEEF—ENHIFEEE
HABEAETFI08BIRT - BMEZ SIEMEELAEEE - STRFERGE - BFEER K ERA
EHESUBREELSETE - =0 @BAKEVERESS -
7N~ HiHkDUR POI AFEFHHUREE - BEOE R M B ESE ~ ALOE S SR AT

fE ~ RE SR R HEEUHEY POI £47H

® POI A1 HR Sl > Hask Blfic

HR Rt v] RE R ES 2 {18 PO 4478 - [N IHLOVHFE G TR ATA ABP th 2L POI
CAERCE MR - FR S ATREAYMEEEL POT AREACYET » FUBHAY T - B IR(
FIF POI AT hE RS PR R IR R B - 5T R BC T HIAERE 7 8 - Bl
TN EICHRE I REMFAE - FEEEINE—(EHE T AR BEAARE 7 B = =6y POL fic
HIE FofpisE POL YT - BEE TR POI I HIRE 1L Ry (2258 POL BUYSHY 7y AT - AL
sTRSEMHE itk - T POI ELBanatRist ACH B e POLJZ 5 1A -

1 POI B EAHAVEN %R > TP A 21,899 {[E POI FC¥H U Fsdl | SR &R} > ¥ 72—(E POI
BC¥ A 53 BUIE R AL ~ POI 4478 > N HAH S A 505 > B8 Google B2 H [ H—
LLar RISy POI U EnsS il VR Ei(Features) » f % F(f{H LibSVMI[4]3f: H.
$EHC Chuang 5 A\ [6]0Y 5 AF A 27 (EFHE 4R —(E POI Ao ¥tEasaisisH - sFAHAvFiE
FERBHAFR — o o AT A B R EURET DAy B LA T /U - I F 45 RV E
(F1~F5) ~ rub A1 POT [AHF HH AL BEEE Google 2 FHYELBI(F6~FS) ~ R K7 B AR AH R %
BT EMHE K POI 73 7B Google 22 YAHRAIE (FO~F11) ~ Google 1= IRV ERTZAHIME
(F12~F14) ~ %5l Google =22 8YHE 7 77 ¥ (DCG)(F15~F17) ~ 4 H Y e ¥ B H EA
(F18~F20) ~ Google {2 F1[{y=E = 7] (Semantic word)(F21~F22, F26) ~ il F1 POI 5y
FEEEE(F23~F25) ~ 3% POl fiL¥ & S FAE Google Map H(F27) -
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% —  POI o lmsais s AV X
F Name Descriptions
1 logC(a) # of search results for query a in log scale
2 logC(s) # of search results for query s in log scale
3 logC(a,s) # of search results for query a+s in log scale
4 R(a+s|a) the ratio of C(a+s) to C(a)
5 R(@a+s|s) the ratio of C(a+s) to C(S)
6 P@a+s|Ty) the percentage of top 10 snippets from Qa that support POI pair (a,S)
7  P(a+s|Ts) the percentage of top 10 snippets from Qs that support POI pair (a,S)
8  P(a+s|Ta+s) the percentage of top 10 snippets from Qax+s that support POI pair (&,)
9  Corr(a, s|Ta) Correlation of a and s in Ta
10  Corr(a, S|Ts) Correlation of a and s in Ts
11 Corr(a, S|Ta+s) Correlation of a and s in Ta+s
12 cos(Ta, Ts) the cosine similarity for snippet Ta and Ts
13 cos(Ta, Ta+s) the cosine similarity for snippet Ta and Ta+s
14 cos(Ts, Ta+s) the cosine similarity for snippet Ts and Ta+s
15 NDCG(s|Ta) the rank of s in top 10 snippets from Ta
16 NDCG(S|Ts) the rank of s in top 10 snippets from Ts
17  NDCG(S|Taxs) the rank of s in top 10 snippets from Ta+s
18 Date(a, a +5s) Da- Da+s in log scale
19  Date(s,a+59) Ds - Dass in log scale
20 Date(a + ) Today - Da+s in log scale
21 W(p, Ta+s) # of true words in snippet Ta+s
22 W(n, Ta+s) # of false words in snippets Tax+s
23 Lenmin(Ta+s) the minimum word count of string between a and s in snippets Ta+s
24 Lenmax(Tax+s) the maximum word count of string between a and s in snippets Tax+s
25  Avglen(Ta+s) the average word count of string between a and s in snippets Ta+s
26 W(Dict, Tass) g;i E\;Ielirzgleec;;l;; oli csonr;g;(;‘iiso¥a\ivsords (e.g., address is, TEL is, located on) for
27  MarkMap whether the pair is marked on Google Maps or not

*a Fyhl ~ s Ky POL 447 ~ T AIIFIR Google fi§%

3.3 POI HHEH &N

25 B R (5 FH 3 B s B SR A s 58 INIE 3P AT POT HYAHEH
B2 Y AR RE S RO - AEw S Y POLARRHEERACH AT LA Ry LT A -

1. EEHHEEE

BN EAZEMIAIEE > Su 2 H HAERBEREEUT A 2] ] DA H & — 2= bk 6 AH R
HalarE - [HREHEAL A EANEEESE - hrvEHE - [FEiFA S HTML #YIE
RUBHIIRIL - IRV 2R AR R 48 F R R B TR - NSRRI E AR S e o
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AIECE > BB T S H SRR B P Ml 4 B oh it kb A A R s R i -

ARG LY POI AHEE &N HEURAAH AV A S — SRR LA BCE - Eoe g
oY H AL PR (S (Document Object Model)ZRA - SR B A5 RyfefiR & -
PR TR s P e R TR BRI B DL S SR P e R R ETRE L B (W E EFTr) »
A 1% LA AE B IRl Stk 67 Rl A A 'y 4 EL 5 2 R 7RG 2 e/ N R E S B R (A R i A AR Bf
il o R TR (R PR AR ER )R R L EC AR R AN

2. SRR

POI IVHRFHEERACIPR T4 HAS Z4h > Google Snippets tEF M EAVIHE > NRHY
H IR AR R DA EREZ A B  EREVEARE] - NS BRI E (R NS - JRES
HERCER S B ST HIARRE AR NSE B e iU » Rt M A ECH ey " + k"
fife Ry A Sy 5] (Rt bk B4 8 B D S [55%) > H[E] Google #5552 [0l {# AT+ HE HAY
Snippets {if Fsi% FCEHYRHE & &R -

l 3 \\ \‘\ 10
] |
| e 5 9 | n
i — | 3 @ Address Node
; @ 7 8 | @ POI Name Node
N __ "| B New Root

+ ~ ABP rHyAHRE RN

® HHRHEENMEE

&35 POL AMHRHEENRHAUR - I —(EECE R MTE AT 2 AURIGERE - (275 LR

S AT RE S % MO R B A SR iR &) - > DRSPS R R A G T R4

& —{&l POI 47 poi {5 s A ahlel i 45 b (e Be AH e B s P 2R Y ) - B A s U AH B 0 B
( |poi) » LAEBEEH S AHRBHEY )1 s R b ARRE RN - thgtiEsh - RHRE &R AT

Fo XA T POL A4TE AR Ry & fysa]

(poi| ) ()
(poi)

( |poi) = o« (poi] )

MR E e ARG E T ( [poi) - HE—(EERwE poi ME »  (poi)BEER » AL
T LLIEEARGET o EERE—ESAFR ()20 - Wit ( )JRa DIES -

R T BS )i AH RE o3 B T AR DA REE A AR M A B2 > AP (o R el R LR
FEAALET P(poi|s) » i#&H Latent Dirichlet allocation (LDA)[3] FEAHIZESERIA MU
P(poils) smoothing FY /5724 » FHIIAMGREGEHEFESE - AT -
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(poil ) = A(tf * idf) + (1-M) Pgq(poi] )

HNE—EF s HFIEM LDA RS HZIHA Mo - WA ERTE 2 55
(poil , @Sy LDA FEEREES L Pua(poils)Ayfhat » AT ¢

Pga(poi| )= (poil6 , @) =%  (poi| .9 (160)

CGEARA Pue LR k PHYEE A - 1O B3 s BYEREITA0)
ML AAXE LS (poil ) > FyEF—=E POLMHREE P HIFTA & 546 T — (8 53 80l
Y BRI T B = A A T Rsi% PO AYAHB &N

g ERER

ARG SR IRATETT T =B > 73 Bl ST S0y 2 (B A AT TR RE AR ARG - 55—
(HEER T ICRAEESER - F(HEHRE POl FUBAEMERE - REE = HERE
MR EENHAG RS © ARTFeayEERd - JFIER 7L N RENEE

> HihEEE%(ABR)

ABR = G E#HEVAE / FeiaE E =
> EHIE(ROI)

ROI= RNEEHILEE / FiEEEE

4.1 Query-based g TR

FF I3 B LAHIAE pattern HYSAE ~ Heroku UHE E]kasiyi% s34/ ABP HUFEmRIE =
{E BB ACRT il Query-based TE&RTVRIAE -

® il pattern HYRLAEEE(L

fEE(EE R T RAMIELE T WA [E] AT I pattern Y35 At

1. <IEhisafE>* 9%

2. <fifE>* (3% OR fff OR E& OR % OR ) * §f

By T SR pattern e R [FI R TR AN B4 BT M £ 2555 ABR) » Tk
53 RIEEEZAT100 ~ 200 ~ 300 ~ 500 ~ 750 52 1000548 =45 AVABR - fi¢E /\thEAM 0T DA
LEf G —FE R > 55— fditbbpattern 'Y ABRES = /A 55 —f& Htikpattern > [RIFEFK
{5 1% 8e 5 FE 55— fditth bk patternff Uy B3 52 - SHAMES £ B AV SRV fEH I pattern
TE# T BIS005E 8 =45 1% HEABRED KIEFE(R - R A T A SCEH ESEABP - T4
HRTE R E By ATS005E 4 -
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Address Bearing Ratio vs. Top n Query Result
0.85
0.8 e
- ———
075 N
N
%
0.7 -
<
]
0.65
0.6
0.55
05
Top 100 Top 200 Top 300 Top 500 Top 750 Top 1000
Pattern 1 0.633 0.671 0.683 0.689 0.615 0518
-=-Pattem 2 0.772 0781 0785 0.808 0759 0.672

J\ ~ RIERHEE pattern /) ABR EL#EE

® Heroku (EE{ERR SRR

FEiEEE R > BefM s A Ea = e R A AT 72 > B Heroku{CER Ay SUEE 774
LLEXABPHYNEHRCE » W HEIEHE SRR B E R E3 A - Bl SRE LI 5 - 18
& Lo ] A 5 i Heroku f CEE (el R as HY T AR HE S RCREE R AT A E T F5F%
SEEA P AR R gy U5 725 m] DABH BV RE HE U ECR

Comparison Graph of Crawling Efficiency

500000
450000
400000 _—
350000 — e
300000 e
250000 o
200000
150000
100000 ~
50000

er of Normalized Address

The numb

h
o
[ |

Week 0 Week 1 Week 2 Week 3

Normal -®-Hercku Proxy Server

B~ AERfEIIR 85 T A E AR T AR TSR EEEL

® ABP K

FEEEE R > WMIEEE T =FEA[FEa2HYABPHZR » Baseline & —fiRHVEE B
e » o T MR 2 B TEH 5 o F A e ss 4 - sPEET 0 B 574" Query-based
g AR ARG et HICE > LEBSERME —Fr -

3 https://www.iyp.com.tw/
4 http://www.ipeen.com.tw/
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F* - —(Eesaig s ABP fURAEILIAE R
Yellow Page  Query-based

Items Baseline

Crawler Crawler
# Visited Webpages (a) 132,628,290 105,727 652,693
# Address-Bearing Pages (b) 508,038 105,693 488,036
# Extracted Address (c) 1,034,402 944,864 6,359,283
# Distinct Address (d) 190,180 693,868 888,838
ABR (b)/(a) 0.004 0.999 0.748
ROI (d)/(a) 0.001 6.563 1.362

ek i r[ LUt PR Baselinefy /57N B¢ 5 Googlet® =55 [ 2[R » [NILEAESHTEHT
HERENGEE - {HBaselinefrik FIHYM AL EE 22T F R #Y/D1M H A &Rt bk &
2 REAEE (K- Query-based [E&&HY I B IR ATHLE B 5 R H L EBaseline @ 2 5 L5725
{EEEb o H e a8 TARHYAHEHE—LE > FLRIAZ N iy Query-based [€&aHT BRI A
G5 H— B (R IRAE R LE R E A4 EONI<E I > A HEQuery-based € &k RE S B T4 1 5 Fy i
KA E T FrE SRyl - [FEREER it ] DUBZEF]Query-based [E&afE B REFL EEL
= H 8 5 T -

BESM Ry T ## Query-based [E&k AEHFLF 25/ DIFAE R 5 H LASMNITHERE > 3R 5esRe Ry e U5
JEPTRAHU AR T T IER(ETR o EL#ZQuery-based [E a1 5 FTE &4 AT HUE 1y ik 25 /8
BE o ARMIBBEMIIGET4ER > Query-basedEs3FTHARLEINY88 B &/ I & TH A HH 18
S0EFE T HCa T A ARY - NICE & s H PRI R ERHECR 3 T & HIPOI -
AHHE ZHIPOLZ AW AN R T HUE P& 2] - E(E TR T Query-based /€44 H] 5
O A e B H e &P e HYPOL -

4.2 POI FreffR

FERAES8 E S b2 - T FH o H th— B —HIYPOIM R IEREE 2 - 515 Query-based|[&
Fa PITTEF 2 AV S0 E(E 4 H 73 Bl LA [RIFEHE R/ N(Window  Size)Ffr g 4= Y POIFC By 4
B o BRI - PR EREEE IR o B = A EC S R IERERIPOTHY I AN Ry
Baseline /5725 » {ELLE B E T EAPIEEEL 1 H Baseline A EA [ HYBHE AN N ALY
POIRVZ R ETAERER > BRI RFR = K8 Ao -

# Overlapping address es containing correct POI pairs

1. Coverage Ratio =
g # Overlapping address es with yellow pages address es

# of addresses that are predicted correct

2. Accuracy =
y # Overlapping addresses containing correct POI pairs
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¥ = Baseline J77A{EARFIBHEAVIN MHTRBELLHEL

Items Window Size 50 Window Size 100 Window Size 150
# Recognized POI names 10,773,585 20,539,371 30,144,909
# Distinct POI names 702,793 844,165 934,896
# Pairs 4,406,985 7,630,332 11,062,343
# POl 694,730 743,555 764,840
# Overlapping addresses 264,342 264,342 264,342
with yellow pages
# Overlapping .address containing 107,257 121,932 129.913
correct POI pairs
# of addresses that are predicted correct 52,222 53,536 54,031

Performance Comparison on Different Window Size
0.6 11,500,000
0.55 10,000,000
=
8,500,000 &
) 0.5 —_
v O _ — (o]
5 7,000,000 G-
£ 0.45 - —Af"’ -
o S — 5,500,000 5
£ — 2
' 04 £
4,000,000 3>
4
0.35 2
2,500,000 <
03 Window Size 50 Window Size 100 Window Size 150 1,000,000
# of POI pairs 4,406,985 7,630,332 11,062,343
Coverage Ratio 0.4058 0.4613 0.4915
Accuracy 0.4869 0.4391 0.4159

-+~ Baseline f£4 [ BHEAR/N T HY POI FLES R AE [

fetE o HYEE IR AT LUB AR B HE ANy 1008575 - i 25 R BB RS - (B R BV B
BB 28 F 10018 =y s B i R PP THER AV EHE R/ « B T STAEPOTHC ¥ B s fH4H 1Y
SURE - FAMIBE TR BTS00l stttk Sz e A= 1 21,899([E PO ¥ (T 7> o — (it bl PR PR L3
(a8 POTFC N B R EFIRIRIISR ) - BEEHAMIHH3-folds cross-validationZKEF(LH MY
POIFCHEREEIEAHAVRE » EiRGERWE +—Fn -
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Performance Comparison on POl Pairs Verification Model and Baseline
0.9
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0.8
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06 0.541
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0.4
0.3 0.275
0.2 0.184
0.1
0
I F1

precision

Performance

Baseline MW Model Approach

T~ EERATEIR/N B EhER S R R LRSS RE

fEfE T —AVEE R PR AT U > #EZAAE recall J51AT POI Fio ¥ Eaas i aH AV sE IS (K
Baseline > {HIEAF precision HHAIE S Baseline - Ff157 fy /5 K& Baseline A%
R E st hE# — E RE ] — 1 POl HFHMECE - RIS A FE S /Y recall {H
precision AFHEHYIRFE K » ZR1 72 1 POI L ¥ ERat i AH AV RUA IR R HIET fy i - AL
781 recall FVER T AH{EAEAE precision HYH T 7] LA IEH VR - FeM@d FsAE POI fr
FETREHS b precision FYEE SR S A recall » (RGN SEAOFR (EEERRY POI ERI4E
% - R 2SR AT REAYRECR POI Bkl E RAVE RV IERENE -

4.3 AHRHEENHICRE R

BRL B HEBHS AMA TERE S A LT - PRI 2 T s A AR R s R B PR - 3%
PIREEE T —(H TR B5 > 516 POURTE S 4TACHIE POL MBS « FEAE RS -
HelPi i (B 5D A Baseline (£33 1 T ([ POI 1% %42 POIDB_AIFI POIDB -
Hep POIDB_AT £ 1 3 & HEBERAE /Y 1) POT ZRREETEN) POT 1% %45 - POIDB Al
FEHB T ABIERLSNG PO SRIFTELENY POI (R 245 - TRIEMBM(H POI % 2
SISl POI HYIEREN:(Average Precision@10) R Rk AC A R AE I 25T IE b DL B )
P o FRIPUBEIE T 9 (ES B IR 0B - He B T i, - LSS bl R
T LRSI » 24 P LT & E B2 200m  500m ~ 1000m =R %
S SR 27 TR o SRS TR BePYFTS BIGEAT 18 (HE 3 4 e e
A - A R R ESACRTEN  ERASRAE R - (R
Sep AT LU POIDB_AI ik K Iy POI B /2 POIDB (IRif bl LT L POIDB_AI
() AP@10 1E9F 3 /INIIRZE (R TT LASERS1E 80% LI | - (AR B BRI R YT
DLBtEf POT A M A HL LR P I 2030 T BB A BT POT TR -
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Performance Comparison on POIDB_AI and POIDB
> 700 623 1
S
0.9
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= 200 03z B
-] >
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: e 37 0.1
p U '
£ 0 0
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POIDB = POIDB_AI AP@10 (POIDB) AP@10 (POIDB_AI)

+=  POIDB_AI #1 POIDB fy%{4E LAl
i~ SEEmELRASE

BB SRR AR S TR AR ATEETE > HEEAEEAM HH P 7 A AT 2dhay
HEAE - EE S TGS AR N AR PR R Ay T BRI A RE S 1A B T
[EERUEATHIBLAY R > & A RS SRR ERTEN TR - AT SR
P A BRI RE A (3 - BEZNE R AR B 2 T RPN HEAS  BEE G5
AR HAR I & A MO B POIRY T U B AH B EREEHI (LS o A HBIE S
THUES AR GERS - HEFRC RN T RERHE SR A I -

A5 L2 Query-based [E & AR MRS th Pkt & A L HVAE H (ABP) > IS a4 H G
(NER)#aicst i Hh st bk DL AH A7 REE i iE i i BAE G B 3 Sl IR A
AVECES - 2R TE4E H TP EUEGoogle Snippets i 27 —4HECETAVFHBI RGN - st
BBy B Tt B TP RYPOI Y - AL RUAE PR I EE 73 [ T POIRY &R &

BESI - By 1 IS fERE EH PRI 2148 B B LA AL Yt AH R SR S RE E E B A EEE T3t
R b FFTRE &SRR E BREE REUR > Query-based [€&a R 4 [T 2CHI 4 H
HHUHAYPOIE R - MEE B AMHERE MM -

TE AR AT & B R AE A AT B A PR P REE A POT LA Kz B 5 POTEE K BE T FYPOT » 41— KA
{E &R AR BRI AT —(E 2 irHIPOIE R - (ARt AE SR FHER A HYPOIE R
R — PRy S E FMPOIERHE P YRR} o BRI S A &nhe T e I EHUHTHY
POLZS} - [FRFRES E e & MIHVPOIE R E R A Y E R} - Wi IHYPOEE . -
LIt CRPOIE LB RE S BR i fe fL4n {3 A & 1AV POL -
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Abstract

Association analysis has attracted considerable attention recently in many research fields,
mining data relations and rules from huge volume of data especially. This study aims at
mining issues of public concern and analyzing its relations from massive of unstructured data.
The main resource of this study is environmental related documents from PTT bulletin board
system. A model is constructed via the collected environmental documents for predictions
of issues of public concerns and possible future directions. The experimental results show
that mining information from documents of PTT bulletin board system can effectively
understand the public concerns and predict possible future directions. The reports from the
prediction system may be used as a reference for environmental authorities. The prediction
model we propose not only precisely masters of opinions from public to improve the
administrative quality of environmental authorities, but also strengthens the content of press
release to cover and answer the significant important issues of public concerns. The
prediction system can be also applied to different applications, such as market investigation
and opinion analysis.
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1 http:/lwww.emarketer.com/Article/Social-Networking-Reaches-Nearly-One-Four-Around-World/1009976
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FHE R B R 1T Ry LB nT PR AL A nEAS & H IR T Y B B T SR L o e FEE 2 &
E[15] - FEBHITEER L o BB - 5 S R e o i ok s R 2248 5
R o FAEREAR 2 T > FIFERAN AT 2 A5 2 ol (il $ & i HIS AR A - fBhEIET
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2 http://technews.tw/2014/12/24/taiwan-new-the-prime-minister-talks-about-tech-policy/
3 http://www.npf.org.tw/post/2/14788
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ASCAAE T [F) POEE SN BRATETE ) XXorHy sedetE A #EM: IR

N BT RIOGEE XH (SKCC fiI PO EAEBEEE (GKB)
fyiE X o DUBR (attsE ROOEH ©OSGEFEM R R
PORFSECIAE 1A BUREHT QDOEIE XA 892 3G e THE “H
%t SKCC f1GKB #yid] W AF - & TESEIUEN S SGAr) EE - X
HUHHSRAY 1605 /N2 SOREET T X 4has &FF Wbk - #h el Bl
FURBIETAE - BFEENS SRR ?%M’E%* % XOAREIL T X IR
LA e RLEERVIE SCHIRE Z0R - 5 SVBSIE AS0TE T
SKCC #1 GKB Z[RIAY1a] W&t - f£ BB 2HT 17 2% SOl TIE

AR X Xy APOETE R 2 SRR 2 SARELL
New editing and checking work of the Semantic Knowledge base of

Contemporary Chinese (SKCC)
Abstract:

This paper is rooted in the two principles and methods that should be followed by
sense discrimination for Chinese language processing: Completeness and discreteness.
Built on the comparison of Semantic Knowledge-base of Contemporary Chinese
(SKCC) and Grammatical Knowledge base of Contemporary Chinese (GKB),
supported by large scale corpus, we conducted our new editing and checking works.
Firstly, we designed a novel multi-sense lexicon candidate abstraction algorithm
based on lexicon comparison between SKCC and GKB. For all 1605 candidate
multi-sense lexicon, we conducted editing work on the senses, explanation, and its
translation © Then, we built a tree structure to process a special food and plant lexicon.
Thirdly, a mapping platform between SKCC and GKB has been built to help us built
mapping relationships between multi-sense lexical between SKCC and GKB. Finally,
we finished mapping work for all multi-sense lexicon in SKCC.

Key words: Distinguish word sense; SKCC; Multi-sense word mapping; Multi-sense
word editing

— 5[5

RIETE XA ( Semantic Knowledge-base of Contemporary Chinese » [/
%W SKCC) & > HiANSEALas B0 RHEDGEIE AR HEVEEiE
EATRTHIES | o 25 E INES R E ~ ZRAREXER o [1IfE
%ﬂﬁ'z 0 TE KRG T H “4F & RIE S AR E (Comprehensive Language
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Knowledge Base * L f&#x CLKB) ”#y &} 4y SKCC # 72 HT Eiid
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Knowledge-base of Contemporary Chinese » L. f&Fr GKB) [5] ~ N ia[jalfk
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—~ SKCC puAyHEE
W KI5yE SKCC 4wy (LI - Wi SOMIES B S AT AR
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m R —E B PGB AR & Al e N EIEAY A7 - B 2SR TRRERYER 77 FAFHe
G R oSO R ACGE ThaRs - #2E{H ] Recall 21 Precision S¥{h 2 He(HMIAE
17« BT AR SRRV EERGTIR - M HARIR R BR% - 2 — D — DRtz a Tk -
T EARKEFAAI 280 > BESCE EIRAER  FERRE - W HEEAAZED] > EfE AR
AR A R A UG BT USRI FUGHY A T D iRy R N - SURKNEE RS
H 25 = i (Natural Language Processing, NLP)IYREUs & T sEEHA(71(8] ~ Hiflim
ZRI213]~ 3L 5% FEREPRSRLL R e B 4] [S].. 5% - s S 154U (Language Model,
LM) & H 7B S e B A 0.2 —[6] » sB SRR HACsk 1 RSB R BRI
AR ERAERUE ITDMRIRA RIS R > thte G & H3RayT I — 5 T
BREHER > NIt RS b B — (A TAyeR  ARSBORER IS A 78 R - ik
TR Ry I > S SNSRI - AARE R THVERR DR > AIRAZEHT > A ]
REE R A IR AT - i AR S A RE E FIAE o/ TG E IR O - 5B S
RIS E ARG BREE AL - SRR R A M B BTG S - P T HRE S8
RUSURAAT > BT DAGERHEE AT B2 R A5 T S B

At o A L (S FH VAR R ATl s > 140 mixing sESIEAY - [(ERURS 2 E
AN RS SRR A SR R [9] ] ERFIER I ETSR] bigram i F BT
A e o [E 2RI bigram SEETEEREVFE SR o AT T RIERH T
i SEehER DUR B h AR (R SCEE R AR i L s E S 1R A

bigram bigram
S " R | HY " R R H %
[ — ~ ERE IR bigram rREE]
bigram bigram bigram
SR | Y KA HAr

[ = ~ ERFIEIHErER bigram R
(—) > N-gram sEEHA
i = A R B EERHE AT IR - B~ ST RERE R A atEt &R SR &

(BB Ay B T =028 F Maximum Likelihood Estimation (MLE) [10]2RE T B &7 H
IR RS I BRIt

-1
n—1 _ C(WpZN1Wn)
P(WHIWH—N'i'l - C(Wn_1\1]+1)
n—

(1)
Hep ¢ REFEF W HIRAVIHE -
—{EE]F 2 n {EFERTEHRE - FrbA—2&(E ARt A DET RN ARKQ)

P(W) = P(Wy, Wy, ..., Wy) )

HPW, TP n (B - PWT) F7 1 Eln (ERHBRAOHR(E -

222



IR B LA T - A1) DU o TR e A AT
ARG

P(W) = P(W)P(Wo|W)P(W5|W2) % ...x P(W W) = PWDITR=, P(Wie|WE1) (3)
ATRO)MURR () B A BB F B e R PR 2 A TESH -
P(Wn|W1n_1) = P(Wnlwr?_l\}+1 4)

RFEAIEFT(n-DE T HIRAUBEER AT H FTSE n ([EFArHERAYEEER > 1 FTEEHY N-gram
SR E N=2 0% » ff B bigram » ZIAT(S) -

P(Wy|Wy_1) (5)

EARE AT EENT AYEE S AR bigram DL Kz unigram AR = DR 265 54538 CKIP[12]
Eran] > EEEZRER bigram 5B SEERIGLEATETSEEER 2 1% & bkan)g R —(E T HER AR
T T EFEAE TR AR R B S i T rsE S e Bl s > R
M EEREH bigram - AE —FoR - FLEZRFERH > DL 57 B K" Bl H 5 7
HIRAESCS - HER “K7 HIRATEEE - i A bigram o [A3E K7 B OURYT o, KT
Bl R WELE bigram--- (R BLEEHE o M0 A LA HH B R R B S DAsE R B AT
bigram FYEELEERLL KRR B "HF Af#l - B KRR HERAERT o #HEH

“HIFT AR > AR RE R S A P R R — (AR -

“Entropy” E{REZEAVFHEERE Z — B2 HIEE E[13]° “Entropy”
W E R Fy FYIY=F(6) -

HX) = = Yxer P(X) log, P(X) (6)

HrpgikEey X wErVEEE S 0 I T SEEWlsth S sl oHIsE =) - P(x)
P’(x)&h/2 MLE FratRHsRAVHERE » BIEEHFRZRER MYIEBEITAZ(T)

H'(X) = — Zxerlogio P'(X) (7)
FIMEESR Perplexity » AT NZ((8)

Perplexity = 21 (8)
BEETERIREMASERIAR

Perplexity’ = 10% /% )

Hep W Z—Ea)RUBEF PRI W B H 828 00 & ) T R R R R 38 4 -
Perplexity #{RAFRA T T FafvH EHRRE - thEEitE(Eq) T2 NERRS
FYE A G Ry I - (B2 N-gram 5B SHEAVERATRELL RO | S5 AR5
BERRF SRS T A TRER F el & - 2 BRIV RE - B s Ry &0
AHGEIRE] > EEEHRF A THVRER A EEEA MR A SESIRN -
E Ry 1 e i (] RE B AP A2 75 5 FH ¥/ (smoothing) By U5 TR SR ECE R oy SE I BT MA
e

(=) ~ Smoothing

Smoothing FJ 755 ] 43 R S 77 A4 DU HTHIRT T34 - BIAILGE S 77 20kl
FPIFeR 2RI > bigram SRS > (35 A unigram ;5 [T HIHY T 7ARLESHEEMER - R
R s AL E AR HEE - BEBZEM Interpolated Kneser-Ney smoothing ° ffj
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Good-Turing(GT) [14]81 modified Kneser-Ney (mKN) [15]HYEEESE R $E » DU N B &
B/ 44 GT B1 KN AyEEE o

1 ~  Good-Turing Discounting(GT)

Good-Turing FHEVAZFHENE 1" (rn TR r KVFE) 2" (KB TR ZHA 57
MR o WAT(10) -

r=(+ DI r <M (10)

Hrfr N /& N-gram 3 1 REVFE - M ZFURERAEE/NR S - FrhlFEEEN
& r=0 B > A% N-gram iR 0 KAV EL -
=t

Ny

Hi ON BFRAERTEUE - EIEITHIBERIEER FRA1) -
Per(Wy .. W) == (11)

Good-Turing {£#FHY r <5 [ LA EHIRAE(CDAECRISSRAERI Ry 1- N LLEAEE AR
JFARHERBEER Ry 0 Y5 - G HR R R AR Ry N B AT DA T 1R Ry SRE T 222
AT R A TR AV SRR BT -

2 ~  Modified Kneser-Ney discounting (mKN)

Kneser-Ney FHNHEN T - B4 trigram S5 ET - SOPAH bigram - FREAEE
{EF > P unigram §Y773 > All—7E B DA ECHAER AU RAE - PRIIHE o] DAFR B IERER YA
FHE > mKN #7522 Chen B Goodman F£[E$2£H - mKN FY smoothing J757AH 3
28 1D1-D2> {1 D3 18 = {[H 28257 B 2R B FERS unigram > bigram B trigrame mKN
oA EE AN T A2)

_ c(W}_‘,}H)—D(c(W}_‘,}H))

i CWwmrad T YW ) Py WilWiShi)  (12)

Py (Wi [Winny 1) =

Ni N2

0if c=0 Di=1-25——-*=

D _ D11ffc=1 Nitan, N1
/\EF‘ (C) - D, if c=2 Dy= Ny N3
D3 if c=3 N1+2N2 N2

D3= Ni Na

N1+2N2 N3

3~ Interpolated Kneser-Ney smoothing

Interpolated Kneser-Ney smoothing EL/\=((13) ¢

WIWi_iWi_3) =X P WIW i Wi_5) + (1 =X) [UPpigram(WIWy) + (1 —
M)Punlgram(w)] (13)

KigEEth Z(F ] Interpolated Kneser-Ney smoothing {Y/ T, @ {H 2 EEE bigram 325

tpltd
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The word complexity measure (WCM) in early
phonological development: A longitudinal study from birth to

three years old

Li-mei Chen® and Yi-Hsiang Liu?
Abstract

Word Complexity Measure (WCM, Stoel-Gammon, 2010) is a system of phonological assessment
for children’s speech productions, a method that focuses on the complexity rather than accuracy. With its
flexible parameter program, the assessment can be adjusted to the phonological properties of different
languages. In the current study, the WCM was used to assess speech production of three
Mandarin-learning children from birth to three years old. In addition to the original parameters in
Stoel-Gammon (2010), the Chinese version of WCM made some adjustments, including incorporating
productions of fricatives, affricates, /z/, /y/, and the late acquired vowels and consonants, to examine the
complexity of speech productions. Major findings in the developmental changes of the first 3 years are:
1) the complexity of the intelligible words increased, with individual differences in the stability of
changes; 2) the complexity of the unintelligible syllables also elaborated; 3) the percentage of simple

words/syllables decreased in both intelligible and unintelligible productions.

Keywords: Production complexity, Mandarin-learning children, Phonological development, Word
complexity measure

1. Introduction

Word Complexity Measure (WCM, Stoel-Gammon, 2010) is a measurement for developmental
phonology and disorder. WCM focuses on the complexity and is based on point-giving process.
Comparing with Percentage of Consonant Correct (PCC, Shriberg & Kwiatkowski, 1982) and the
measurement of whole-word productions (Ingram, 2002), WCM demonstrates advantages in describing
the development of speech production because the parameter in WCM was designed to mirror the
properties of child phonology. The PCC also calculates points in children’s speech for measuring
intelligibility. However, in PCC only the accurate speech sounds are given points in the process, and
those unintelligible utterances are not scored because they are not real words. Namely, the PCC
examines and quantifies the accuracy of the sounds that is articulated correctly. However, children
produce not only the intelligible words but many non-word sounds, especially in the early ages. By

means of the WCM, those unintelligible utterances can also be scored and quantified. Children with
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small vocabulary can also be inspected. For example, children with language disorders can also be
examined with this measurement. This may provide a useful tool for clinical assessment. Moreover,
WCM provides phonological development scales with which phonological changes can be tracked. In
addition, children’s forms can be compared with target forms with WCM measures. Namely, both
independent and relational analysis can be done with WCM. The whole-word production (Ingram, 2002)
proposed four measures to estimate speech production of children: 1) the phonological mean length of
utterance (PMLU); 2) the proportion of whole-word proximity; 3) the proportion of whole-word
correctness; 4) the proportion of whole-word variability. The core lies in the PMLU, which gives points
to each word based on two factors: 1) the number of segments in a word; 2) the number of correct
consonants. The former factor demonstrates the independent analysis, and the later the relational
analysis. In this aspect, the measurement of whole-word production is close to the WCM. However, the
WCM can further provide a more comprehensive picture by accounting for both qualitative and
quantitative nature in phonological development (Stoel-Gammon, 2010).

Furthermore, the prevailing advantage of the WCM is the flexible parameters that can be adjusted
to target languages. This measurement was initially designed for English-speaking children, while in the
present some of the parameters of WCM were adjusted to observe Chinese phonological system. The
recorded speech productions were divided into two groups: intelligible words and unintelligible
utterances. Each group was scored separately to prevent improper comparison of speech sounds in
non-words and real words. Based on the phonological parameters, each sample was awarded a
‘complexity score’ and was calculated to get a ratio which mirrored the nature of error and accuracy. In
general cases, first words emerge at the age of 12-15 months (Stoel-Gammon, 1989). The longitudinal
speech productions analyzed in the present study started from about 2 months of age to better observe

the transition from pre-speech vocalization to real-word productions.

2. Methodology

2.1 Participants

Data of 3 typically developing boys (Child A, B, and C) were analyzed from 2 to 36 months of age. This
longitudinal data is part of a larger scale of longitudinal observation of phonetic development in

Mandarin-learning children.

2.2 Procedure

A wireless AKG microphone system was linked to a SONY DAT recorder with a signal-to-noise ratio
above 91 dB for audio recording. The mini-microphone was pinned on infants’ shirt, or placed close to
infants’ mouth. Each recording session lasts for approximately 50 minutes. The caregiver and an
experimenter were presented in each of the recording session. Spontaneous infant vocalizations were
elicited in natural interaction. The sample words were collected based on natural conversation among the
observers, participants, and the parents, and the picture-naming task (after approximately 18 months of

age). Twelve recordings for each participant were analyzed in the study, and nearly 50 speech samples
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were included in each recording.
Each speech sample was awarded a score. Higher scores denote the presence of complex or later

acquired phonological parameter. The adjusted parameters in the present study are listed below:

Word patterns

(1) Productions with more than two syllables receive 1 point.

Syllable structures
(1) Productions with a word—final consonant receive 1 point.

(2) Productions with a triphthong receive 1 point for each triphthong.

Sound classes

(1) Productions with a velar consonant receive 1 point for each velar.

(2) Productions with a rhotic vowel /2-/ sound receive 1 point for each /a-/.

(3) Productions with a fricative or affricate receive 1 point for each fricative and affricate.

(4) Productions with a /7/ sound receive 1 point for each /z/.

(5) Productions with a /y/ receive 1 point for each /y/.

(6) Productions with any of the late acquired sounds /¥, /1av/, /10/, /1an/, /te" /, /te/, /ts/, or /e/ receive 1

point for each of the late acquired sounds.

In this version of the WCM, the complexity indexes are modified. In word patterns, instead of
words used in English, utterances (non-words) or phrases (intelligible meaningful units) were the units
for analysis in Chinese version. In rule 1 in the current study, the distinction between a phrase and a
fragment were made first. A phrase may include more than two words with a complete meaning (for
example ‘ping guo’ apple in Chinese), while a fragment is a unfinished phrase that expresses incomplete
meaning due to the sound quality or noise interruption. A fragment may contain only one word or more.
Either a phrase or a fragment is counted as one unit. In syllable structures, the consonant cluster in the
original WCM in rule 2 is replaced by triphthongs.

In sound classes, the syllabic liquid sound in the original WCM is deleted, and the only rhotic
vowel in Chinese /2 is counted in rule 2. The voiced fricative /z/ and the rounded high front vowel /y/
were added in rules 4 and 5 respectively. In rule 6, the late acquired sounds /¥/, /1av/, /10/, /1ay/, /tet /, /te/,
/ts/, and /e/ were extracted from those acquired in the later stages of the longitudinal observation,
according to the order of emergence and stabilization of vowels and consonants from birth to 36 months
of age.

This parameter acts as an indicator of phonological development. The higher scores reflect more
advanced level of phonological development. Furthermore, the collected data were organized into two
sets. The identifiable words and unintelligible utterances were scored separately. The speech children

made were grouped together as a phrase or a fragment according to the contexts and then were given
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points through the parameters. Each unit was scored a total point to reflect the quantified level.

Furthermore, the points given by each parameter can also show the qualitative level of development.

Table 1 presents the process of scoring for intelligible words.

Table 1. The 9 parameters and scoring
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The speech children made were classified as either a phrase or a fragment according to the

contexts and then were given points according to the parameters. Table 1 presents the process of scoring

for intelligible words. The corresponding target form was separately scored. The same process was also

applied to the unintelligible utterances. The WCM assesses developmental phonology through the

independent analysis and the relational analysis. The independent analysis records children’s productions

to track their phonological development, as shown in Table 2. The WCM score presents the complexity

of speech production to show the developmental level of different ages. Hence, the independent analysis

can demonstrate the long-term phonological development of a child. Both quantitative and qualitative

information can be revealed through the independent analysis.

Table 2. The independent analysis: children’s phonological development

Child Sample words child child Words scored 0/sample words (%)
(months;days)
A(15;09) 1 0 0 1/1 (100%)
A(18;22) 1 0 0 1/1 (100%)
A(21;01) 48 0.91 0-4 25/48 (52%)
A(24;02) 50 1.2 0-5 22/50 (44%)
A(27;18) 50 1.56 0-6 13/50 (26%)
A(30;23) 50 2.44 0-9 7/50 (14%)
A(33;03) 50 22 0-7 11/50 (22%)
A(36;09) 50 2.94 0-8 10/50 (20%)

Sample words: the number of words the child produced in this recording session.
WCM: the average WCM scores of the child’s production in this recording session.
WCM range: the range from the lowest WCM scores to the highest WCM scores.

Words with 0 point: the percent of no-point words in all the sample words.
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Other than the independent analysis, the WCM provides a relational analysis to observe the
accuracy of speech production. The process provides the details and properties of the errors in child’s
production in comparison with the target forms. The scoring process is identical, and the outcomes can
be better observed and compared, as Table 3 shows. The scores were given respectively to reflect the
deviation of sample words from the corresponding target words. The process provided details
concerning the children’s productions and properties of their errors. Namely, the qualitative information

can be revealed.

Table 3. Relational analysis: accuracy of children’s speech productions

WCM WCM ratio WCM range Words with 0 point
Child Sample  child target  child/target  child target child (%) target (%)
(months;days)  words
A(33;03) 50 2.2 2.6 0.85 0-7 0-9 11/50 6/50
(22%) (12%)
A(36;09) 50 2.94 3.06 0.96 0-8 0-8 10/50 9/50
(20%) (18%)

Sample words: the number of words the child produced in this recording session.

WCM (child): the average WCM scores of the child’s production in this recording session.
WCM (target): the average WCM scores of the corresponding target forms.

WCM range: the range from the lowest WCM scores to the highest WCM scores.

Words with 0 point: the percent of no-point words in all the sample words.

The WCM scores include scores of the child’s production and the target words, and the two scores
are compared to get a ratio. The higher the ratio is, the more consistent child’s productions are with the
target words. The WCM range covers the lowest point and the highest point scored in a single recording
to show the distribution. In the last column, ‘words/syllables with 0 point” denotes those words/utterance
receiving no point, the simple words. The percentage of simple words/syllables helps to display the
macro aspect of phonological development because WCM scores may lead the focus onto the accuracy
of production. An outstandingly high score does not necessarily reflect the high level of phonological
development. For instance, if the child keeps repeating one word ‘mother’ accurately for many times, the
score will be high. However, the word ‘mother’ (with 0 point) is a simple word so that the phonological

development of the child is not actually at a high level.

3. Results and Discussion

3.1 The WCM applied to three children in the intelligible words

Table 4 is the outcome of Child A’s intelligible words. The data were mainly collected from spontaneous
interaction, especially at young ages. Before 15 months of age, no intelligible word was recorded. In the
observation session, Child A seldom produced speech even for the unintelligible utterances. He
concentrated on playing his toys and did not interact much with the experimenter and his mother. In the

recordings at 15 and 18 months of age, Child A produced only one word respectively.
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Table 4. The analysis of Child A’s intelligible words

WCM WCM ratio WCM range Words with 0 point
Child Sample  child target child/target child target child target
(months;days) words
A(15;09) 1 0 0 0 0 0 1/1 (100%) 1/1 (100%)
A(18;22) 1 0 0 0 0 0 1/1 (100%) 1/1 (100%)
A(21;01) 48 0.91 1.67 0.54 0-4 0-8 25/48 (52%)  19/48 (40%)
A(24;02) 50 1.2 1.9 0.63 0-5 0-9 22/50 (44%)  13/50 (26%)
A(27;18) 50 1.56 2 0.78 0-6 0-12 13/50 (26%)  10/50 (20%)
A(30;23) 50 2.44 2.5 0.98 0-9 0-9 7/50 (14%) 6/50 (12%)
A(33;03) 50 2.2 2.6 0.85 0-7 0-9 11/50 (22%)  6/50 (12%)
A(36;09) 50 2.94 3.06 0.96 0-8 0-8 10/50 (20%)  9/50 (18%)

Sample words: the number of words the child produced in this recording session.

WCM (child): the average WCM scores of the child’s production in this recording session.
WCM (target): the average WCM scores of the corresponding target forms.

WCM range: the range from the lowest WCM scores to the highest WCM scores.

Words with 0 point: the percent of no-point words in all the sample words.

At 21 months old, the data included repetitive ‘father’, which caused high WCM score to target
words but low to sample words. Similarly, at 24 months old, data displayed lower WCM ratio because
the data included repetitive number-counting that Child A did not articulate consistently. In 33 months
old, his production contained less late acquired sounds. That is, Child A had difficulty in producing those
sounds. This contributed to the higher percentage of simple words. Generally, Child A displayed a model
of growing complexity in speech productions: higher complexity scores, wide complexity range, and
low percentage of simple words.

Table 5 shows Child B’s WCM analysis. Almost similar to Child A at the early stage, Child B did
not produce real words before his 12 months of age. In addition, the data at 12 and 18 months comprised
few intelligible words. However, the data at 18 months of age consisted of 5 words, noticeably showed
correspondence to the target words in the WCM range and the percentage of simple words. Furthermore,
the WCM ratio was also high. The main difference between his production and the target words lied in
the late acquired sounds. The 21-month-old data displayed a perfect WCM ratio. A closer inspection
suggested that the sample words comprised many repeated words and most of them were family titles
such as ‘father’ and ‘mother’. These family titles were well articulated by Child B so that the WCM ratio

reflected the high consistency between the sample words and the target words.

Table 5. The analysis of Child B’s intelligible words

WCM ratio WCM range Words with 0 point
Child sample child target child/target child target child target
(months;days)
B(12;13) 1 0 0 0 0 0 1/1 (100%) 1/1 (100%)
B(18;22) 5 1.6 22 0.73 0-4 0-4 1/5 (20%) 1/5 (20%)
B(21;08) 50 0.4 0.4 1 0-4 0-4 41/50 (82%)  38/50 (76%)
B(24;25) 50 1.78 2.56 0.7 0-6 0-11 15/50 (30%)  8/50 (16%)
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B(27;07) 50 1.42 1.98 0.72 0-7 0-8  18/50 (36%)
B(30;01) 37 1.49 2.14 0.7 0-5 0-5 1537 (41%)
B(33;10) 50 1.52 2.18 0.7 0-7 0-8  22/50 (44%)
B(36;15) 50 1.44 1.7 0.85 0-8 0-7  23/50 (46%)

Sample words: the number of words the child produced in this recording session.

WCM (child): the average WCM scores of the child’s production in this recording session.
WCM (target): the average WCM scores of the corresponding target forms.

WCM range: the range from the lowest WCM scores to the highest WCM scores.

Words with 0 point: the percent of no-point words in all the sample words.

At 27 months of age, the target words were highly scored in final consonant and the emergence of
fricative/affricate sounds, while productions of Child B were poorly scored in these two parameters. The
point for final consonant in target words was 16 but sample words got no point for final consonant. The
percentage of simple words also showed a gap between the sample words and the target words. In
general, the phonological development of Child B seems slightly slower but stable, and the percentage
of simple words decreases as age grows.

As shown in Table 6, Child C produced his first real words at a relatively young age, and the word
was a repeated simple word. On average, Child C presented a slow phonological development in WCM
ratio, a slight expanding of WCM range, and a downward and upward growing percentage of simple
words. The 24-month-old data scored higher than the target words. Child C was scored remarkably high
in the production of fricative/affricate sounds and high in the production of /7/ sound. This was due to
the repetition of the same words and the substitution of /z/ for /I/. At the age of 29 months, there was a
decline in the WCM ratio. A closer examination revealed that Child C seemed immature to produce final
consonants, triphthongs, velar sounds, and fricative/affricate sounds because he received low points in
the four parameters. Moreover, he also performed poorly in the later acquired sounds. As for the unusual
growth of the simple words, the 27-month-old data revealed that Child C’s production received low
points in three parameters: final consonant, triphthong, and velar. This phenomenon caused no points for

some of the sample words and thus the percentage of simple words increased.

Table 6. The analysis of Child C’s intelligible words

7/50 (14%)
9/37 (24%)
18/50 (36%)
18/50 (36%)

WCM WCM range Words with 0 point
ratio
source sample child target child/target child target child target
C(8;26) 2 0 0 0 0 0 2/2 (100%) 2/2 (100%)
C(15;07) 25 044 0.64 0.69 0-4 0-4 20/25 (80%) 19/25 (76%)
C(18;12) 50 1 1.48 0.68 0-8 0-8 26/50 (52%) 18/50 (36%)
C(21;24) 50 1.66 2.16 0.77 0-6 0-8 16/50 (32%) 13/50 (26%)
C(24;01) 50 204 2.02 1.01 0-7 0-6 11/50 (22%) 11/50 (22%)
C(27;02) 50 2.04 2.66 0.77 0-7 0-13 9/50 (18%) 4/50 (8%)
C(29;27) 50 1.58 22 0.72 0-8 0-8 20/50 (40%) 12/50 (24%)
C(34;05) 50 1.92 22 0.87 0-8 0-9 17/50 (34%) 13/50 (26%)
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C(35;24) 50 .72 2.16 0.8 0-9 0-10 21/50 (42%) 16/50 (32%)

Sample words: the number of words the child produced in this recording session.

WCM (child): the average WCM scores of the child’s production in this recording session.
WCM (target): the average WCM scores of the corresponding target forms.

WCM range: the range from the lowest WCM scores to the highest WCM scores.

Words with 0 point: the percent of no-point words in all the sample words.

3.1.1 Summary and the analysis: the intelligible words

The WCM ratio

1.2

1
0.8

|/ /
w  / //
o oo L
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«=¢==Child A ==Child B === Child C

Figure 1. The WCM ratios of intelligible words among three subjects

Figure 1 compares the WCM ratio throughout 10 age stages of the three children. As seen in the
figure, child A started his speech later than the other two but the phonological development seemed more
stable and kept growing. Child C started his first words the earliest but the phonological development
seemed unstable with irregular up-down pattern. Child B’s WCM ratios arouse and dropped, and then
came in plain, and rose in the later stage. Figures 2, 3, 4 present the percentages of simple words in the

productions of the three children respectively.

e Chiild A

= target

Figure 2. The simple words in the production of Child A
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The percentage of simple words in Child A was close to that in the target words, as seen in Figure
2. There was not obvious deviation from the target words. Therefore, not only the WCM ratio
comparison accounted for Child A’s stability in phonological development but also the percentages of

simple words can account for the stable development.

e Child B

/

= target

Figure 3. The simple words in the production of Child B

Although there was a fierce rise and fall in the percentage of simple words in Child B before 27
months of age, the two lines still accorded with each other. No obvious difference existed in the sample
words and the target words. However, the deviation emerged from 27 months to 33 months of age,
which mirrored the instability when Child B received low points due to the difficulty in producing final
nasal consonants and fricative/affricate sounds. In the last stage, the deviation turned narrow and smooth,

which could indicate the phonological development became more stable and closed to the target forms.

e Chiild C

= target

Figure 4. The simple words in the production of Child C

Similar to Child A, the percentage of simple words in Child C was close to that in the target words.

However, in the later phases, after 27 months, the simple words increased in both the sample words and
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the target words. The reason was that Child C poorly performed in final consonant sounds, triphthongs,
and velar sounds. This phenomenon caused no points for some of the sample words and thus rose the

percentage of simple words.

3.2 The WCM applied in the unintelligible syllables

Although unintelligible syllables cannot be examined in terms of correctness, they still can show the
complexity of phonological development, especially in early stages of production. Compared with
intelligible words, unintelligible syllables mainly mirror children’s phonological properties rather than
the natures of errors.

In Child A, the low scores at 12 months and 15 months were due to single syllable and simple
sounds, e.g., /o/ or /a/ sounds. The 21-month-old data received points in almost every parameter, but the
emergence of those indexes was infrequent. The 36-month-old data received very high scores. At this
stage Child A was good at articulating velar and fricative/affricate sounds because he got high scores in
these two parameters. Moreover, the late acquired sounds also appeared more frequently at the age of 36
months. In general, Child A demonstrated a growing trend of phonological complexity with gradually
higher WCM scores, an expanding of WCM range, and a decreasing percentage of simple syllables as

shown in Table 7.

Table 7. The analysis of Child A’s unintelligible syllables
WCM WCM range syllables with 0 point

source sample child child child
A(2;13)(3;05) 50 0.72 0-4 34/50 (68%)
A(4;03)(6;03) 50 1.04 0-4 25/50 (50%)
A(9;8) 50 0.94 0-4 27/50 (54%)
A(12;19) 42 0.52 0-2 31/42 (74%)
A(15;09) 50 0.24 0-4 43/50 (86%)
A(18;22) 50 0.92 0-4 27/50 (54%)
A(21;01) 50 0.38 0-3 39/50 (78%)
A(24;02) 41 1.83 0-8 15/41 (37%)
A(27;18) 50 1.96 0-6 15/50 (30%)
A(30;23) 50 1.82 0-9 24/50 (48%)
A(33;03) 50 1.84 0-8 19/50 (38%)
A(36;09) 50 3.12 0-12 11/50 (22%)

Sample words: the number of words the child produced in this recording session.
WCM: the average WCM scores of the child’s production in this recording session.
WCM range: the range from the lowest WCM scores to the highest WCM scores.
Syllables with 0 point: the percent of no-point syllables in all the samples.

Table 8 is the analysis of Child B’s data. He produced 46 syllables at 14 months of age, less than
any other recordings. Nevertheless, the WCM score of the 14-month-old data was in the average of all of

his 12 recordings, and the data did not contain high percentage of simple syllables. Child B had an
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obviously high and a relative low WCM scores in his 4-to-5-month-old data and 12-month-old data. In
the former, Child B articulated phoneme /h/ in almost every syllable, which contributed to a very high
score in the velar sounds. The latter, the points almost gathered in the parameters ‘velar’ and
‘fricative/affricate’ which suggested that Child B was mature in articulating velar sounds and
fricative/affricate sounds. Only one point was respectively given to the final consonant sounds and the
utterances containing more than two syllables. Generally speaking, the WCM scores in Child B were

quite high, yet the percentages of simple syllables were high.

Table 8. The analysis of Child B’s unintelligible syllables
WCM WCM range syllables with 0 point

source sample child child child
B(2;13)(3;04) 50 1.3 0-11 28/50 (56%)
B(4;04)(6;05) 50 222 0-8 17/50 (34%)
B(9;05) 50 1.26 0-7 28/50 (56%)
B(12;13) 50 0.68 0-4 33/50 (66%)
B(14;28) 46 1.3 0-4 19/46 (41%)
B(18;22) 50 0.92 0-3 23/50 (46%)
B(21;08) 50 1.22 0-5 20/50 (40%)
B(24;25) 50 1.14 0-5 22/50 (44%)
B(27;07) 50 0.96 0-6 28/50 (56%)
B(30;01) 50 0.92 0-5 32/50 (64%)
B(33;10) 50 0.82 0-7 32/50 (64%)
B(36;15) 50 0.82 0-5 29/50 (58%)

Sample words: the number of words the child produced in this recording session.
WCM: the average WCM scores of the child’s production in this recording session.
WCM range: the range from the lowest WCM scores to the highest WCM scores.
Syllables with 0 point: the percent of no-point syllables in all the samples.

Child C’s data analysis is shown in Table 9. The data that consisted of less than 50 samples were at
8, 15, and 24 months of age. Child C generally displayed a stable phonological development, except for
the two data that received relatively low WCM scores. The data at 15 months and 18 months included
much more simple syllables. Conversely, the 24-month-old data included low percentage of simple

syllables. The late acquired sounds emerged frequently at this stage.

Table 9. The analysis of Child C’s unintelligible syllables
WCM WCM range syllables with 0 point

source sample child child child
C(2;15)(3;02) 50 1.46 0-4 19/50 (38%)
C(4;08)(6;09) 50 1.2 0-4 26/50 (52%)

C(8;26) 43 1.35 0-4 18/43 (42%)

C(12;19) 50 1.04 0-4 28/50 (56%)
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C(15;07)
C(18;12)
C(21;24)
C(24:01)
C(27;02)
C(29;27)
C(34;05)
C(35;24)

44
49
50
39
50
50
50
50

0.68
0.98
1.36
1.33
1.08
1.44
1.62
1.6

0-4
0-4
0-7
0-4
0-7

0-10

0-9
0-6

31/44 (70%)
30/49 (61%)
23/50 (46%)
12/39 (31%)
25/50 (50%)
23/50 (46%)
21/50 (42%)
18/50 (36%)

Sample words: the number of words the child produced in this recording session.
WCM: the average WCM scores of the child’s production in this recording session.
WCM range: the range from the lowest WCM scores to the highest WCM scores.
Syllables with 0 point: the percent of no-point syllables in all the samples.

3.2.1 Summary and the analysis: the unintelligible syllables
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Figure 5. The WCM scores of the three subjects in the unintelligible syllables

The phonological complexity of the three children can be displayed and compared and shown in
Figure 5. Child A presented an evidently progressing phonological complexity since his WCM scores
developed and rose. Child C did not show a remarkable progressing, and his developmental complexity

proceeded slowly. Child B, however, performed a slightly regressing development. His phonological

complexity seemed to grow unstably.
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Figure 6. The relation between Child A’s WCM scores and the simple syllables

Figure 7. The relation between Child B’s WCM scores and the simple syllables

Figure 8. The relation between Child C’s WCM scores and the simple syllables



The relation between WCM scores and the percentage of simple syllables can also explain the
level of phonological complexity. Figures 6, 7, 8 illustrate the relation of WCM scores and the simple
syllables in three children respectively. Once the WCM scores rose, the percentage of simple syllables

went downside, and vice versa.
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Figure 9. The simple syllables in the productions of the three subjects

Child A and Child C displayed a decreasing percentage of simple syllables over time, whereas
Child B presented a rise trend in the later stages. The percentage of simple words/syllables, together with
the scoring process, seemed to be efficient to observe the data set thoroughly. Simply a quantified
information (the WCM scores) cannot represent the whole event. This is one of remarkable advantages

that the WCM offers to assess children’s phonological development.

4. Suggestion of further studies

The Word Complexity Measure (WCM) version used in this study further adjusted the original
parameters to better fit Chinese phonology. The following features were added: production of fricatives,
affricates, /z/, /y/, and the late acquired sounds. However, the newly added parameter, the late acquired
sounds, does not seem to reflect in the outcome effectively. It worked just as one of the point-giving
indicators in the scoring process, and thus the core value of the parameter was mot prominent. In future
studies, the parameter can be set up as an additional index, like the percentage of simple words, to
efficiently observe and analyze the data. That is, the late acquired sounds can be counted as an index

indicating advanced phonological complexity and can reflect the developmental milestone.
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Abstract

In this paper, we introduce the concept of a novel application, called Knowledge
Learning from User Search, aiming at identifying timely new knowledge triples from
user search log. In the literature, the need of knowledge enrichment has been
recognized as the key to the success of knowledge-based search. However, previous
work of automatic knowledge extraction, such as Google Knowledge Vault, attempt
to identify the unannotated knowledge triples from the full web-scale content in the
offline execution. In our study, we show that most people demand a specific
knowledge, such as the marriage between Brad Pitt and Angelina Jolie, soon after the
information is announced. Moreover, the number of queries of such knowledge
dramatically declines after a few days, meaning that the most people cannot obtain
the precise knowledge from the execution of the offline knowledge enrichment. To
remedy this, we propose the SCKE framework to extract new knowledge triples
which can be executed in the online scenario. We model the ’Query-Click Page’
bipartite graph to extract the query correlation and to identify cohesive pairwise
entities, finally statistically identifying the confident relation between entities. Our
experimental studies show that new triples can also be identified in the very
beginning after the event happens, enabling the capability to provide the up-to-date

knowledge summary for most user queries.

Introduction

The technology of Knowledge Bases, abbreviated as KB, is recently highlighted by
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Internet giants such as Google, Yahoo and so on. For example, the Knowledge Graph
project 1 , announced by Google at 2012, attempts to integrate the semantic
information from KB into the search engine, enabling the capability of Question-
Answering for specific queries. Currently, when we issue ’Avatar Director’, the exact
answer "James Cameron’ will be revealed as the conspicuous block in the search
result. As the evolution of the interactive interface moving toward small screens
(such as smart phones or wearable devices), the search content with lots of relevant
URLs is no longer considered as an effective manner. It is believed that the QA-
based search engine is the key ingredient of the next-generation information

technology.

However, the public large-scale knowledge bases, such as crowd-based Dbpedia [1],
Freebase [3], NELL [4], and YAGO [26], have been reported to encounter the
progressively slow growth of content [27]. The bottleneck implies that the human
editing is no longer the effective manner for knowledge maintenance. Since the size
of knowledge in current KBs still deviates far from completion, Google recently
devotes to develop a systematic solution, called Knowledge Vault [9] (called KV for
short), for the purpose of knowledge enrichment. As the full scan of Google-indexed
pages, the KV framework is able to annotate new relation between two known
entities such as people or movies. The design of KV is based on the fact that some
relations, such as nationality of people, should be innate so that such relations are
likely to be discovered after exhaustive search on the whole web. After the content
match of entities, corresponding to Zappa and Rose in this case, the *parent’ relation
can be further identified by the technology of text understanding. As their evaluation,
the knowledge size is finally enlarged by 100 times as compared to the current
knowledge base. Knowledge Vault highlights the necessity of knowledge enrichment.
Unfortunately, the strategy of exhaustive scan of the whole web is not scalable to

capture the daily updated knowledge, which is believed to be of interest to most

Lhttp://googleblog.blogspot.co.uk/2012/05/introducing-knowledge-graph-thingsnot.html
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people.

Motivated by this, we explore in this paper a novel problem, called Knowledge
Evolution, to discover the daily variant knowledge. The problem of Knowledge
Evolution specifically consider two kinds of knowledge triples which cannot be
properly identified in previous work: (1) triples with timely updated relations; (2)

triples with a newly identified entity and relation.

However, the identification of knowledge in the evolutional sense, although very
promising to search engine, still poses a significant challenge to current
methodologies. The first challenge results from the noise in the source content.
Furthermore, the knowledge in web pages may only be temporally true. For example,
most web contents state the ’partner’ relation between Pitt and Jolie, but however,
only a few news-based pages start to describe their ’spouse’ relationship after 2014,

leading to temporally inconsistent knowledge.

Essentially, systematic knowledge discovery, such as Google KV, pursues the
knowledge enrichment, and may finally overcome the aforementioned challenges by
sophisticatedly re-designing the framework. Unfortunately, as we discussed, the
computational overhead of KV cannot timely identify the presence of new triple at

the moment close to the time that the event was first revealed.

The nature of capricious user interest is critical to the system design, but also inspires
us to develop the framework of Search Correlation Knowledge Evolution,
abbreviated as SCKE, to incorporate user intention into the identification of new
knowledge triples. Generally, human issue queries of interest, and check news, blogs,
twitter or facebook page for the desired answer. Their search intention may come
from word-of-mouth communication, knowing some information about entities. For
example, fans of Angelina Jolie once hear her marriage information. They may
issue ”Angelina Jolie” or ”Angelina Jolie marriage”, searching the content in news.

On the other hand, fans of Brad Pitt may issue “Brad Pitt”, and also check the
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identical page for the detailed information.

In this paper, we explore the keyword temporal correlation phenomenon from the
daily query log of search engine, which contains the user query and the URL list of
clicking. We model the ’Query-Click Page’ bipartite graph to extract the query
correlation and to identify cohesive pairwise entities, which correspond to the pair of
entities having new knowledge with high probability. The second step of relation
identification will statistically identify the confident relation between entities,
constructing the new knowledge triples. The SCKE framework is designed with high
efficiency since the search space of knowledge identification from search log is
significantly pruned. In our internal use, the flow of SCKE can be finished within
two hours in the hadoop farm, daily extracting more than 500 new knowledge triples.
The new triples can also be identified in the very beginning after the event happens,
enabling the capability to provide the up-to-date knowledge summary for most

following queries.

The remainder of this paper is organized as follows. Section 2 gives related works. In
Section 3, the design of the SCKE model and algorithms are discussed. The
experimental results are shown in Section 4. Finally, this paper concludes with

Section 5.

Related Work

Knowledge bases has been comprehensively developed for a while in the literature,
including the public Dbpedia [1], Freebase [3], NELL [4], and YAGO [26]. These
public KBs, most collected from human editing knowledge, are usually utilized as
the basis to construct the specific knowledge representation. In this section, we
discuss relevant methodologies which aim to automatically identify the knowledge
structure. Specifically, knowledge bases can be modeled as a graph, in which the
node denotes as an entity and the edge is used to represent the relation between two

entities. In the literature, a relevant research topic, called link predication, is to
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identify whether a link, or relation, exists between two given nodes [18][20][25]. The
works of link prediction utilize the network traversal manner to predict the confident
link that should exist in the network. Note that the link prediction problem is
orthogonal to our work. For the knowledge evolution problem, the necessary
information of new triples, which usually comes from external sources, is not
embedded in the network. So that the solution of link prediction is difficult to be

extended to detect updated knowledge as our need.

In [28], Jun Zhu et al. proposed a method to predict whether it exist a relationship
between two entities by using the discriminative Markov logic network [8]. Unlike
the traditional relation extraction methods, the work is used to predict whether a
token is a relation keyword instead of pre-specifying relations between entities. The
input of their system is an initial model formed by the input webpages, and a small
set of augment seeds is composed of two entities and zero or one relational keyword.
By applying an on-line learning model to compute the probability of two entities
with a relation, denoted by p(R(e;e;)|O), where e; and e; represent two different
entities. R represents a relation and O denotes the observations which can be
predicted. In such a way that they can decide the relation between two entities in a
maximum likelihood estimator. They finally developed a working entity relation
search engine named Renlifang. However, as reported in [9], the work with the
method of Open IE inherently faces the issue of data fusion and cannot deal with the
timely data source, and thus fails to accommodate to the issue of knowledge

evolution.

The other category of algorithms utilizes the random walk approach to traverse the
graph and retrieve the knowledge [2][5][16]. Among them, Ni Lao et al. [16]
proposed an association rule mining on knowledge base to identify associative rules
between entities. Afterward, they apply a random walk strategy and the Path Ranking
Algorithm[15] to update the missing triples. Similar to the methods of link

prediction, the solution of random walk needs the network traversal and cannot refer
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to outside knowledge for updated information.

The knowledge vault [9] was proposed at 2014 for enriching annotated triples in the
knowledge base. The motivation of the knowledge vault is that there are many
knowledge which are unannotated when users wrote the content of knowledge, such
as wikipedia. For example, there are 71% of people in Freebase have unknown place
of birth, and 75% have unknown nationality. Knowledge Vault is a web-scale
probabilistic knowledge base which combines the existing knowledge repositories
with the knowledge extracted from web content. The method of the knowledge vault
is building a enormous E x P x E three dimensional binary matrix G, which E
represents the number of entities and P represents the number of relations (or said as
predicates) coming from the fixed ontology such as YAGO. In KV, the value of
G(S,P,0) is 1 when a triple S,P,O exists. In contrast, the value of G(S,P,0) is 0.

Knowledge vault employs supervised machine learning methods to fit probabilistic
binary classifiers which can compute the probability of a triple and the correctness of
a triple. The feature of the classifier is extracted from the whole web. There are four
types of the webpages: Text documents, HTML trees, HTML tables, Human
Annotated pages. Knowledge vault implements different ways to extract the features
from each type of the webpages. After running the classification model, the system
retrieves the triples (s,p,0) which the probability of (s,p,0) is higher than the
threshold so that the triples can be regarded as the candidate triples. The candidate
triples are then inserted to the existing knowledge base. It is possible that some
candidate triples conflict with the prior triples in the knowledge base, and so that the
system computes the probability of the candidate triples, based on agreement
between different extractors and priors to decide whether adding the candidate triples

to the knowledge base.

However, as they also mentioned in their work, some critical limitations still needs

further justification:
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How to choose the correlated sources from the web to extract the daily knowledge.

Some facts are not always true but changeable, such as the team of an athlete.

The system builds the fixed size three dimensional binary matrix for the classifiers,
so it is a challenge to add new entities and relations in this method. Motivated by
resolving these limitation, we propose in this paper the knowledge evolution system,
to complement the current offline-based automatic methodology for knowledge

enrichment.

The SCKE Framework and Algorithms

The Search Correlation-based Knowledge Evolution

To achieve the goal of knowledge evolution, we propose the system which is based
on user logs. The system can be mainly divided into two parts. First, we want to find
out the possible cohesive pairwise-entities which indicate that there is some
relationship between two entities. We then name this step as Cohesive Pairwise-
entities Generation. After finding the possible Pairwise-entities, we need to figure out
what kind of the relationship is between two entities by analyzing the content of the
related web-pages. The second step is named as Relation Identification. The
following algorithms in this paper are under the framework of Map-Reduce, so we

list the procedure Mapper and the procedure Reducer in each algorithms.

Up-to-date
Knowledge
Triples

. Triples Post-
Daily query processing

G ti dentification
Repository eneration

1 /\ | redicatesets| | _—
-
Knowledge
Base
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L - Relation
Pairwise-entities I

&l

Initial Predicates

Figure 1: System flow chart of the SCKE framework

Cohesive Pairwise-entities Generation

A cohesive pairwise-entity is composed by two entities if we believe that there is
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relation between these two entities. When people try to search for something, it is
likely that they would make different queries to search for the same information.
That is to say, for users who gave queries, if most of the links they clicked are
identical, we can assume that there is a relationship between two queries. After
processing the query to the entity type, we can consider that these two entities can
form an cohesive pairwise-entity. And, just like the link prediction problem, we tend

to generate as many as possible cohesive pairwise-entities in step one.

Predicate Set Generation

In the knowledge base graph, an edge between two nodes represent the relation of
these two entities. We called it predicate. Predicate is a label of the edge in the
knowledge base. There are many kinds of predicates which are predefined by some
organization, such as Yago, Dbpedia. There are hundred of predicates in Freebase

29 9 29 9 29 9

now, such as ”spouse”, ”cast”, ’parent”, ’partner” and so on.

After indexing the web-pages, we start to work on the important part of this process,
which is to extract the predicate from the content of the webpages. It is intuitive that
we might find out that there are lots of alias to represent the same predicates. For
example, people can describe the relation between Brad Pitt and Angelina Jolie in
many expression, like ”spouse”, ”wife”, “husband”, ”mate”... and so on. To solve the
aforementioned problem, we have to enrich the existing predicate word to a predicate
set which is composed of many synonyms. We apply the technology named

Word2Vec to deal with the predicate expansion.

Word2Vec [6][24][23][12] provides an efficient implementation for the continuous
bag-of-words and skip-gram architectures. It uses vector to compute the similarity of
words. It is trained by millions of articles. For each word in the article, we compute
the cosine distance between one word and the other words. The return score would

be the similarity between two words.

For each words in an article, skip-gram means a word will span others words before
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and after this word in the distance n like the concept of projection. Now, we have two
words in the articles, and we want to know if these two words are similar. If the text
before or after these two words are very similar in the training articles, the projection
of skip-gram of these two words should also similar. Then we can get the high score
between these two words. After training the model, we can send a word as the input,

and the system will return K words which have the highest score with the input word.

In our system, we use the Word2Vec library which is provided by Apache Spark. The
model is trained by using approximately 100 billion words in parallel. And, we use
the predicates which are predefined by Freebase as the input. For each input
predicate, we retain top 30 highest score words, and choose the suitable words for
predicate expansion. Finally, we collect the input predicate and others words

expanded by Word2Vec as a set. Then, we named the result as ”Predicate Set”.

Relation Identification

We want to find the most suitable predicate set to represent the relation between

entity A and entity B.

In the previous section, we introduced the process of distinguishing the subject and
the object in a cohesive pairwise-entity. Suppose that entity A is the subject, and
entity B is the object. In an article, it is intuitive that the subject is mentioned more
times than the object because the article might also refer other relations between the
subject and other entities. So, it’s difficult to determine the relation through

observing the subject. Instead, we observe the object to find its relation to subject.

We consider the predicate set which contains w is likely to be the relation between
the subject and the object. Also, the relation is considered to be the main message
that the article wants to convey. It is said that the closer distance between w and the

object, the more likely w is the precise relation between the subject and the object.

Triples Post-processing

By applying the current knowledge base, we can split the output triples into two
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types. The first type of the output triple is that the triples are already existed in the
knowledge base and there are some recently events which lead user to query them.
We called it “the reconfirm triple”. For instance, we retrieve many reconfirmed
triples which are the spouse relationship between two idols. The reason of the
reconfirmed triples appearing in the hot query again is that there might be some new

events related with these two idol like they have a new baby or else.

The second type of the output triple which does not exist in the currently knowledge
base, we named it “the updated triple”. The Updated triple means the relationship
detected by our system is distinct or not existing in the knowledge base. However,
there are some situations should be treated differently. Based on the different
situations, We categorize the update triples into the following cases. (1) The cohesive
pairwise-entity is in the knowledge base, but the relation is different from the output

of our system. We then update the relation to the current knowledge base.

The cohesive pairwise-entity is in the knowledge base, but there is no relation
between them. We will first check if the relation is suitable for those two entities.
After checking the correctness, we update the relation we found into the knowledge

base.

If there is one of the entity not in the knowledge base, we will apply the NER system
to recognize if it is a new entity. If so, the entity will be added ,then, combined with

the other entity and their relation to form a new triple.

The applications of the two type triples are different. The reconfirm triples represent
the trending of the cohesive pairwise-entities which are popular with many users, and
it can be applied to the search engine. For some famous search engine, it will return
the “knowledge graph” when user query an entity. The knowledge graph regarded the
entity as the subject entity, and show some of the predicates and the correspond
object entities from the knowledge base. Those search engine websites would apply

some algorithms to determine which attributes or predicates related to other objects
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should be displayed on the knowledge graph.

By those triples which need to be reconfirmed, we can know what people want to
know recently. That is, reconfirmed triple means it is popular. This message could be
the reference of whether this triple should be displayed in the knowledge graph.
Nowadays, if you use the mainstream search engines to query the subject entity and
its predicate at the same time, the search engine would show the knowledge graph of
the subject entity. For example, if user queries ’Director of Avatar”, it will return the
knowledge graph of “James Cameron”. To complete the above task, the search
engine uses the triggering list to index the map of the “subject predicate” and
the “object” rather than traversing the knowledge base in real-time query to find the
precise subject entity. Because it would take a long time for browsing through all of
the knowledge base to find the corresponding subject. Though looking up the result
from the triggering list is more efficient than directly finding the target entity
relation, it need lots of time to re-compute the relation. So, the information in
knowledge base is lack of flexibility and the data might not be the latest information.
The website spend lots of time to compute those data to find all the relation between
those entities. But, the truth is that people care little things. The website maintains a
thoroughly knowledge base but we know that people often query the same popular
entities and they are just a small part of the knowledge base. To make the query more
efficient, we use the reconfirmed triples to construct a small world knowledge base
graph. With that knowledge base graph, people can get the result in a short time by
traversing small graph and it also provide multiple predicate searching that it is not

possible to do so in the aforementioned triggering list.

Experimental Results

We signed a contract with Yahoo! and use the user query log for out experiment.
After the execution of named entity recognition, we transform the user query terms

to the correspond entities. We count the type of the entities and show the statistic
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result in Table 1.

Type of entities count
People 1,993,606
Movie 592,351
tv-show 141,250
event 25,550
other 198,843

Table 1: Entity types distributed in the March 2015 user query log
In Table 1, type ”People” is accounted for 68% except the unknown type entities. We
know that the entity type “People” is numerous search in the query log. The
type “People”, "Movie” and “tv-show” are totally accounted for 92%, which are
highly association with the type ”People” to compose to a triple. In the other words,
the type “People” is very frequent and must be an important source to enrich from
the knowledge base. For these reasons, we will control one of the entity type in one

triple must be ”People” in our experiment.

We generate 10 predicate sets which is used to describe the relation between the
entity type of "People” and “People”, "Movie” or ’tv-show”. In the 10 predicate sets,
it contains the generally existing predicates are predefined in the knowledge base
including  ”spouse”,  “cast”,  ”parent and  child’,  “brother @ and
sister”, “family”, “friend” and partner” and the user-interested predicates like
the “affair”, “break up” and “’bad relation” which are found by our observation in the
query log.

After the execution of our system, the system would return the score of each
predicate sets of each pairwise entities. In our experiment, we set the parameter D =
10 and n = 5 of the function "RID”. To reduce the error rate, we give a strict
condition that if the predicate score is accounted for more than 80% of the total

score, we return this predicate set as the relation of the pairwise-entities.
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The following figure shows the distribution of the reconfirmed triples and the
updated triples. The horizontal axis represents the the date and the vertical axis
represents the number of the triples for each types. As an output of the system
execution, we get hundreds of the triples which are qualified by the constrains we set

everyday. These output triples represent a feature

~B-Reconfirm triples -©-Update triples

S SR Rl 2 ) 8 | %
¥ F, o .. o - ™

March 2015

~B-Reconfirm triples -O-Update triples

. L . - . A
L o L NN o My

April 2015

Figure 2: Reconfirm and update triples

Figure 3: One week precision of the update triples

After checking not only by current knowledge base but also by the strict condition of
the post-processing of 4, the precision of the re-confirm triples are almost 100% in
our observation. We compute the precision of the update triples in one week showed

in the previous figure. The precision of each days are all more than 0.8. Conclusions
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Conclusions

In this paper, we first explore a novel problem, called Knowledge Evolution, to
identify timely knowledge triples. While previous work all focus to extract
knowledge triples by matching the web-scale content, we first attempt to apply the
user search intention into the knowledge extraction. The SCKE framework is devised
to figure out the clue of new knowledge triple from user search log. Our
experimental studies show that new triples can be identified in the very beginning
after the event happens, enabling the capability to provide the up-to-date knowledge

summary.
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fixrE N RIS OMERE - IRIBEF G B R g B 8 E T 2REmA = 8UE ALER
EEERTE - (s 2 DA A TENERIESE - B ABRE EF- - 2020 4 -
BRI EBL S - BORs BN AEE BRI RN © IRIBSET - &8 E 2007
FETEER - BBERI TR 8.9% » M5 - WA HE ANREEEE o 40%H7EE
EEEFAHKAESERATEIE > 10~15%NEEREKRMIET - FTLlARIVIRHEAEEE
EAEHY R A8 — TN SRR A B i AR s - IRl EE A gE fe H — TR A B B2 A
TR - RIS S MM E BB A R RS E RV EE A -

FE# Web 2.0 11EF4EF&(Social Network) PR EILEE » {7 FHE G RAEEGEREES N LI
A VEHEE 2 IS EARR K AT AT S HCE M ERIIIESE AT ST - (22 B RG S AH R
e Faa BRI EC RIS E A B T A9 2% EEIF R e g Arig 7= 2 fE
PR e MR TR EE Tl (DSM-TV-TR) [11H 3 8 8 B 8RR & 28 S AL ENE IS
TEEMNAEE T EREAUEEBHEANAE » P ESE4 - ArBE - mIRA
AAEE - ANMRFHEUIRRNZ B HETE SRV E RS - R AT E ks
THIRTHE ST - WS HBR IR (1) ERIEE S ENEE A
BUERIRNZR 31T > (2) BB ISTERAVE R TR -

Abstract

According to the investigation report of the Department of Health, Executive Yuan,
R.0.C. in 2007, it is estimated that about 7.3% of Taiwan's population suffer from the major
depressive disorder. How to identify patients with depression tendency is one of important
health issues. Thus, this project tries to develop a novel technique to automatically identify
the depression tendency of bloggers using their blog posts.
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With the fast growth of social networks, bloggers usually write daily posts with their
emotion and events happened in work, home, or life. Although there are lots of research
works about emotion analysis and classification, to our knowledge, there is no work focusing
on prediction of blogger’s depression tendency based on emotion analysis. In this project, we
try to analyze key factors affecting major depressive disorder, such as negative event,
negative emotion, symptom and negative thought, and then use these four factors to assist
bloggers to predict depression tendency. Therefore, we focus on the investigation of the
following two research issues (1) analysis of relevant factors of depression on blog posts
written by patients with the major depressive disorder, (2) development of
event-emotion-driven depression tendency prediction model.

Rt - BRI > Ff > BEESE B REEA

Keywords: Depression Tendency, Event, Negative Emotion, Symptom, Negative Thought.
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R

- AEH BT (pitch contour) B & Akt 8 H S HIEE B (B9 e tHE RV E Y - INEEASm SOt
Feiet 7 — MY ESE BB E A4 U7k > T AREIE A AL 4 RS (artificial neural

Bk (real contour selection, RCSFAMH(EAT & » A DAEEFLEHES - fEIL - TS
HH AR B BB ENET - ZA1% (5 F B erbZ it (discrete cosine transform, DCT)if
F ARSI R Y DCT (A8 (A1 8 ZM& 5L i 2B $kEE 70y DCT [mEF7
I~ RHEREEIR 2 BRHI 9k ANN REEE{H B GVM 28 - fER AW E LR EiT
FAI LA R B L (E (variance ratio, VR)ZRIE R & BEHERIAE - EHEBRGERGH -
GVM i RCSHELHABI T VR E § E4h - FEEHEBRIVERET - ANN f1 GVM
P AL HVEEEEE - 2B SRR A ANN fE2HAYS - 3 H ANN T GVM jji RCSHY
FAREETE AL - =l ANN T GVM #Y -

FRdEEE © SR O > BLEEEE - BEALERTZENHA > SHIHACAERES o IR R PPk

Abstract

Pitch contours are important for synthesizing highly natural speech signal. In this paper, we
study a new pitch-contour generation method. The method proposed is to combine ANN
prediction module with global-variance matching (GVM) and real contour selection (RCS)
modules. Here, a syllable pitch contour is first analyzed and then transformed via discrete
cosine transform (DCT) to a DCT-coefficient vector. Each sequence of DCT vectors
analyzed from a training sentence plus contextual parameters are then used to train the ANN
weights and GVM parameters. In pitch-contour generation experiments, we measure
variance-ratio (VR) values for objective evaluations. The modules, GVM and RCS, are
shown to be helpful to promote VR values. In addition, in subjective evaluation, the
pitch-contour generation method, ANN + GV M, is shown to be more natural than the method,
ANN only. Also, the method, ANN + GVM + RCS, is shown to be better than ANN + GVM.

Keywords: speech synthesis, pitch contour, discrete cosine transform, artificial neura
network, global variance, contour selection.
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FFI2E 3 E] ANN ZEAEFoREBHETRRY DCT (discrete cosine transform) (5.8 » t[E 5 &
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G EXENGREE IR DCT W85 A H M ERVEERER > Ralle ANN RBLGE
AR IERNBRAE AR © BR TSR ANN BEREZ S > ZRFI 3 2 I9REE FHy DCT (a8
FEAIESIHT - LIRS GVM UCECRTER R E - BEAh » SRFIIR S (A B sEs 85 i
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(—) -~ EEEsRE EEBHHMEA

LR T8 T BB sk = T 810 AsEA) AR EIES
7,161 EEED - FERE Z1% 0 JtPL HTK (HMM toolkit) #kfe T HEIRE - A#EH
WaveSurfer e A5 25 5 BRI EIEUE AN LG -

BRI B B (FOH] B A HTS (HMM-based speech synthesis system)di s A &
iy SPTK (Speech Signal Processing Tool kit)fE&H[8] 2 AHETT » a1z H 3 B AEAVHUR R
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FEAIAER > AT (E I RYE DCT-| Z Bk eRsZEA 1] - H I A AU
_ m N-2 k-
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B — 2 A B — (B ARIEIEE SCH] - Mg e it B — P Y Ei s SR
0 MBI RF & S BB S BER A ANN 1540 - DITEHILY 24 47y DCT (485
RFRNEEENET - & FTE S S EEE DCT REH TN % - BRETE S EE
#EFT GVM ULiCZ pa B FE ORISR B E B E B €7 - £ - {F GVM ULHCHT
AR
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Horfr 6 o ANN FEMIE Y DCT [HEAYSE | ERED m B vi 73 RIZRoRES | e (RE 15
EHEERY CMEBESEY PRI FEN o L5TEHRAY g Z2IRA(AFEHTY
5 1 EIEE R wFRORUCECT R RREE E - HEY 05 1 2 » 2L - JAFHES
1% 2342 DCT (RE#/F GVM ULfic - [y ANN FrEZERYES O 4k DCT {#%( co- {F GVM
ULHCIiA GBS EEHEIR - K2 gr8Z Tt EmKrak -

& GVM B 2 1% > FEEET HE PN Z PhEE - < X Fon—aBm40E GVM ULECIRHY
9% j (EZEHY DCT A& - EIE B 2.5 SiFRm TR - FRE X BB ARE
FYRT ~ 1~ &7 BRAVAR—EL - RETREE | (B i miR Al R VR & - M&ETE
th X AT A EES A GRt T - 28 - FEESE T ZWRE TR EEAEHE DCT [H
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&l —r "GV matching” £1 "Real contour selection” ERi{EEHE - BFIaktsT EMATEE
SRV - R RMTEEE R 7 SEAENEEENES 75 B £ T ANz
By AT EER A S E EEE - DIRIERAFHG) P EER A EIEEE we DL
TEMLAFFSE MA ~ MB ~ MC -~ MD ~ ME #1 MF #({F%1E 6 fEAEpELE L B
TIHIAHETEE EZ ¢

MA : H{#EF ANN iR EH GVM Bl RCS ;

MB : {fiF] ANN 1 GVM > Hz % w=0.33 » {HR{#H RCS;

MC : {fiF] ANN 1 GVM » Hz % w=0.5 > (HR{#H RCS;

MD : &F ANN F1 RCS > {HAEH GVM ;
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conversion)
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B Al SRR B E B £ 7 A tHHY DCT & 775l AL U(6)F VR ERVETR
RIS VR{EERUE 11 - ARIZENHAY VR E R 5837 - 25 A ANN 2z AR E
DCT [m &£ (RIJ77A MA) - JIIEEHY VR EGRIK > £97E 0.1 4T - {BZ - 215RAE ANN
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Abstract

In this study, we establish a method to create speech and text synchronized audiobooks with
“speech recognition” and “cloud text-to-speech” technology. The user can prepare his own
arbitrary articles to create the learning materials for "Shadowing technique" with this method.
Besides, the materials are made by "word-level" speech and text synchronized audiobooks.
These audiobooks are created by "timed-text" files, and the files are produced from the user's
articles and corresponding speech files. By synchronization for speech and text technology,
named "CGUAlign", user can easily make the "Timed-text" files. CGUAlign, uses Python to
wrap the well-known speech recognition technology—HTK(Hidden Markov Model Toolkit).
Just providing text file and the corresponding speech file, obtained from cloud text-to-speech
technology, CGUAlign can create the timed-text file to achieve the synchronization of speech
and text. Subsequently, we also build a simple website created with JavaScript. This website
can use the timed-text file as CALL(Computer-assisted Language Learning) purposes. Using
the website, user can browse the synchronized audiobooks to easily do Shadowing technique.

Finally this website also provides dictionary function to achieve the goal of CALL.
BHSET : SEE W SRR Y BB G - BREEUE AR R TR - B

Keywords: Speech Recognition ~ Text-to-speech ~ HTK - Computer-assisted Language
Leanring + Speech-text Syncronization
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p:O:0.000000,0:O:1.619000

2 Thank you wvery much,

4 0:0:1.619000,0:0:3.022000
5 Gertrude Mongella,

6

]

0:0:3.022000,0:0:6.5438000
8 for your dedicated work that has brought us to this point,

10 0:0:6.549000,0:0:8.276000
11 distinguished delegates,

13 0:0:8.276000,0:0:9.391000
14 and guests:

16 0:0:9.381000,0:0:13.4384000
I would like to thank the Secretary General for inviting me to

0:0:13.494000,0:0:18.389000
be part of this important United Nations Fourth World Conference on Women.

20

R
-

22 0:0:18.389000,0:0:20.548000

23 This i= truly a celebration,

24

25 0:0:20.548000,0:0:25.407000

28 a celebration of the contributions women make in every aspect of life:
— S,
“.a~ PJEAEHY sby A

1 <7?xml version="1.0" encoding="UTF-8"2>

2  <!DOCTYPE Trans SYSTEM "trans-14.dtd">

3  «Trans scribe="wjlabtoTrs" audic filename="Input/Hillary Womens Rights-1.wav">

4 <Episode>

5 <Section type="report" startTime="0" endTime="26.676">

& <Turn startTime="0" endTime="26.676">

<5ync time="0.000"/>

I would like to thank the Secretary General for inviting me to //I would like to thank the Secretary General for inviting me ta
<5ync time="4,104"/>

be part of this important United Nations Fourth World Conference on Women. //be part of this important United Nations Fourth World Conference on Women
<Sync time="9.000"/>

12 This is truly a celebration, //This is truly a celebration

13  <Sync time="11.160"/>

14 a celebration of the contributions women make in every aspect of life: //a celebration of the contributions women make in every aspect of life
15 <5ync time="16.020"/>

16 in the home, //in the home

17  <Sync time="16.920"/>

12 on the job, //on the job

<Sync time="17.892"/>

in the community, //in the community

<5ync time="19.152"/>

as mothers, //as mothers

<Sync time="20.232"/>

wives, //wives

<Sync time="21.024"/>

sisters, //sisters

<5ync time="21.996"/>

daughters, //daughters

<5ync time="22.860"/>

learners, //learners

<Sync time="23.760"/>

WG R

1a 0

2
2
2
2
2
2
2

— b~ trs fE

|[o.0501T
[0.080]would
[0.650]1ike
[0.760]to
[0.850]thank
[1.530]the
[1.920]5ecretary
[2.430]General
[2.9240]for
[3.060]inviting
11 [3.720]me
[3.960]t0
[4.224]be

14  [4.254]part

15 [4.624]0f

16 [4.784]this

17 [4.974]important
[5.614]United
[6.214]Nations
[6.794] Fourth
[7.144]World
[7.494]Conference
[8.224]on
[8.37¢]Women. <br/><bx/>
[9.100]This
[2.290]is
[9.610]truly
[2.270]a
[10.000]celebration,
[11.2501a

31 [11.310]celebration
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=~ WA
REEINA ST ERERENHE L » 5o A=
(—) EmzE S & (Text-to-speech, TTS)
(=) CGUAlign B #¥:#%-ForceAlignment
(=) 49k 2 ¥H (Website presentation)

B = B A SRR A S R () B S B R R A A R 5L
R > AR () B SRR AR I R SRS - A (2RI
S A 7 2B 2 RS B S S HIREZE » T DU (R T
SEBHE -

Original

File

S
Sentence-level
.

Word-level
- Timed-text

& = ~ ZRSURAEE

(—) ElEE S &1k (Text-to-speech, TTS)
ARG B el A SRS S Y TS TR » 7548 Google Translate HYZE i S+

B3 £5(Text-to-speech, TTS IR » MU TTS MUSEEHAE » U IHHAE S REAI L A4S
£t AR Timed-text REZELAE T — 5B} CGUALign (7 -
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Original
File

=
- -—) Sentence-level
Text

Communicate to Google

EVY ~ EiwsEE a RO E

1. XFYE|

A Google Translate TTS fft/A B #fm A LAY 100 B+ - R FRE S HOlF7r

B > REHARERRERY/NGY 100 > SEFEIE Ry B EERAVAISCTAE > AR TIEIT AR S

12 IR R SR (E V)Y -

Step 1% IR TSR D) FBTAN:

MEPRENC U e )~ MEERNC T 7T ) CUORIERRC T 1T
"Eﬁ?ﬁ’ﬂﬁ"( T CTERRCTYT T T ) s R ST )

Step2-75ﬁié¥%$§)§i§%ﬁﬁ # 100 £y > EU{“E%@ 100 Ay & DAy 22 5"

YIE -

2. & Google #HEEK

PEEAR T am A& Google Translate (1Y TTS ARG S T8 AL TTS VEEHEZR >
F]F Python ) Standard Library—" urllib.request"f{1"urllib.parse" > {#% HTTP GET
Request 2 Google Translate fy URL » H URL f :
http://translate.google.com/translate_tts

H URL HY parameters #[135—
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http://translate.google.com/translate_tts

0 3 N N KW N -

N N NN N N N N o e e e e e e e
N N LA WD = O O 0NN R WD = O O

Z%— ~ Google Translate TTS Parameters

parameters =C
f Target Language » FsA= » 4R % 7 TTS (ysH= T -
q Query » 4 TTS HYSLF o
total Total number of text segments » 3 E5 5 EXAY{EEL -
idx Index of text segments > 77 ERHfE1E -
textlen String length in this segment > [I; Query 1Y FEREFE o

import urllib.request

import urllib.parse

savefile="./TTS.mp3"

f= open(savefile,

"wb+"')

¥F= "Chung Gung University Student"

GOOGLE TTS URL= 'https://translate.google.com.tw/translate tts?'

payload =

try:
hdr =

data =

req =

{ '"ie': 'utf-8"',

'tk': '308912"',
'client': 't',
'tl':
gt ¥,

'total': 1,

venll

v

idx': 0,

'textlen': len(text) }

{'User-Agent':'Mozilla/5.0"'}

urllib.parse.urlencode (payload)

urllib.request.Request (GOOGLE TTS URL+data,headers=hdr)

r = urllib.request.urlopen (req)

byte= r.read()

f.write(byte)

byteNum= len (byte)

except Exception as e:

raise

f.close()

& 7. -~ Communicate to Google Eifl|fE = hE
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FE L EFIRE 0B > Je¥EEE GOOGLE_TTS_URL #fi A48hE » A payload i A%
Google Translate 1 TTS = 2840 LR —Fr » &% urllib.request.urlopen()
£t request BV HJFNAER mp3 565 » AR H readOsEH mp3 sEEHIA 2T H
lenOFHEH A+ mp3 HEASHEE -

3. Creat Timed-text File

FIH E—2C BRFr S 2 AYE—{E segment HY byteNum K|\ W55 byteNum HYZEAH]
R E NS — B segment LHEFTEEFHNREEEEAXLWDT -
SegmentLength(i) 555 1 ERsEF YRS > ByteNum(i) 55 1 ERsBEFAIREZE /N »
Sum(ByteNum)Z%Z,h/\E{/]mej(d\ » TotalLength S#HFEERIE -

ByteNum (i)
Sum(ByteNum)

i T IR ) Z 1R B ] (o B e g gl i S ARG 5 > BB ) I AR Y Timed-text fE 2K

SegmentLength(i) = x TotalLength

o

Thank you very much,

Gertrude Mongella,

for your dedicated work that has brought us to this point,
distinguished delegates,

and guests:

0:0:0.000000,0:0:1.619000

Thank you very much,

0:0:1.619000,0:0:3.022000

Gertrude Mongella,

0:0:3.022000,0:0:6.549000

for your dedicated work that has brought us to this point,

0:0:6.549000,0:0:8.276000

distinguished delegates,

0:0:8.276000,0:0:9.391000

and guests:

[N~ AR SO AR Timed-text f& 2K &5
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A ASORA Ry Sl > F5EAE Google Translate JUSHFUCHVEREHIE - i Hikf
BEER FEPFE BURIFSE > Al A O AR R A AR B S PR AR > T A

Google Translate V55t - H A& & Ff B =0EhF -
FH[E Communicate to Google #7774 » HE i URL £k

http://translate.google.com.tw/translate_a/single

LUKz H: parameter p sl — > BV E LR SCHVEE B HFE -
R HUSEEEPHEHY parameters(DA P SR )

parameters (EN parameters (EN
ie UTF-8 kc 1
inputm 1 tk 520254125262
oe UTF-8 dt bd
otf 1 dt ex
trs 1 dt 1d
client T dt md
sl Zh-CN dt gca
hl Zh-TW dt w
rom 1 dt rm
srcrom 1 dt ss
ssel 0 dt t
tsel 0 dt at
tl HiEE= (zh-TW) q AU PRI

0:0:0.000000,0:0:5.760000

st LR R FIIME —BER L > A0S -

0:0:5.760000,0:0:9.144000
Lt EA(EET > AIUERR -

0:0:9.144000,0:0:13.968000

ERGEERURE - BREEFENT > TIERE -

0:0:0.000000,0:0:5.760000

Huashud sha&ndodong déng zhdu fu dongmén wai ydu yizud dashan, ming jiao péngléi

shan.

0:0:5.760000,0:0:9.144000

Shanshang ydu ge gé zi, ming jiao pénglai gé.

0:0:9.144000,0:0:13.968000
Zhe gé zao dé hua dong féi yun, zhG 1lidn juan yud, shifén zhuangli.

B ~ JEFE T sy FEEEEE FE P

= sbv f&
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http://translate.google.com.tw/translate_a/single

4. Audio Converter
ANET 5 LR BN Google Translate TTS Fif3HY mp3 fH 4L CguAlign BEREZHY
wav f5 28 (i ] 5 HH¥AG—FFmpeg ACE BIEAE > FFmpeg ] AT & 2N 2 21
FREAYERS ~ WAL ~ SIRLIRE - INFR(EE) FFmpeg HYERS - Il FFmpeg &GRSR
7> {£ Python HPE R EILISMBHTRZS - 7522 import os 5[ » I H i os.system()
P ZRIFAL FFmpeg ©
def ffmpeg AudioDuration(filename) :
os.system("ffmpeg -report -y -i ./TTS-MP3/{0}.mp3" +
"/ FFmpeg-WAV/{1}.wav".format (filename,filename))

dirlist= os.listdir()
for i in dirlist :

if i.find('ffmpeg')!=-1 and i.find('.log') !'=-1 :
report name= i
break

f=open (report name,"r")
for i in f:
if i.find("Duration:") '= =1:
duration= i.split (" Duration: ")[1].split(",")[0]
hour= int (duration.split(":")[0])
min = int(duration.split(":")[1])
sec = float(duration.split(":")[2])
total ms= int (hour* 3600000 + min*60000 + sec*1000)
print(total ms)
f.close()
os.system("copy "+report name+" .\\FFmpeg-WAV\\'"+report name)
os.system("del "+report name)
return total ms

J_~ Audio Converter {520 HE
(=) CGUAlign 5B #¥:#k-Force Alignment
AN B B RE B B 40 AT R (— ) I 58 B & 1 (Text-to-speech, TTS) 15 £ #Y 4] g 4k
Timed-text f§ 245X CGUAlign HYZE S W » EP75AGGE 4R HY Timed-text fEZE -
B e E AN TN
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Original File

Word-level
Pinyin ¢m
Timed-text

2
Text Alignment

Python-CGUAlign

Word-level
Timed-text

B/l ~ CGUAlign & Wiak-Force Alignment )i £2 [E]

R (—) T B ) g 4Ry A TR R RERY SRR 288 CGUALign Firn 32y 5 (]
HTK T H—

1. Hled : EE T4 S arl BLpR T

2. Hcopy : sBEEFHEHRY

3. HCompV : GEEEAIGI%E

4. HERest : sEEEAI A ~ FEELAVIIISR

5. HVite : gEE SCFHEET

S 2 R A R R SRR 2 - e e BRI Iy > RIS RR A Text
Alignment HYEH{EA RESIIS EI5A G4 T A I REIREHY S AR ZE > A0ET-Froms -

[0. 630 ]shandong [0.630] &
[1.150]deng [1.150]%
[1.360]zhou [1.3601H
[1.880]fu [1.8801xF

[1. 910 Jdongmen [1.910] &1
[2.530]wai [2.530]5
[2.780]you [2.7801F
[3.030]yizuo [3.030]— A&
[3. 440 ]dashan, [3. 4401 K »
[4.240]ming [4.240] 4%
[4.510]jia0 [4.510]=
[4.880]penglai [4.880]# %
[5. 380 Ishan. <hr/><br/> [5. 3801y = <br/><br/>
[ 6. 055 1Shanshang [6.055]m £
[6.575]you [6.575]1H

-  Text Alignment(bL e 3 i)
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R TSR BT e EE T EE SRR L e AR - A
BN R SESE T RSP By P S B R RS A B Y

o]
o
o
=

jaL)N
e
O N |
(@)
=

Q| | Q¢

a | O | ¢
—_

O | O | O«

=R I = I =

(=) $Euh =R

HIF JavaSeript £UF— (& BLHYRESHTH Timed-text 182 —Ire fHAVAIH » HIfRE

WE-F—pR e
e
1

B

Original File

Word-level
- Timed-text

[ — ~ 4k 2 IR [

T HHESENEFRESE 2R AR EE > MEREEFEED xt fEHGEF - s5H
175472 R XMLHttpRequest() - = H H SRS & EINER FHNVERE > gE%
book S FEIFHERHER Irc FEFT wav £F ©

var bookFileName="YourTextFile.txt";

var Textfile=new XMLHttpRequest() ;
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~N O N R W

Textfile.open("GET" ,bookFileName, false) ;
Textfile.send(null) ;

var BookData=Textfile.responseText;

&+ ~ XMLHttpRequest()s# HUL FE I HITE 2(h

i Ire 18 L4 XMLHttpRequest(FHHLZ 1% > iR Irc FEERALRICAN NEIFTR > S B

AT id % -

TR R AR % -

</span><span id="152" class="normalLrcClass" page="2" time="103.410" entence="0" style="background: yellow;'">our
</span><span 1d="153" class="normalLrcClass" page="2" time="103.640" entence="0" style="background: yellow;">talk
</span><span id="154" class="normalLrcClass" page="2" time="104.480" entence="0" style="background: yellow;">turns
</span><span id="155" class="normalLrcClass" page="2" time="104.900" entence="0" style="background: yellow;">to
</span><span 1d="156" class="normalLrcClass" page="2" time="105.080" entence="0" style="background: yellow;">our

</span><span id="157"
</span><span id="158"
</span><span id="159"
</span><span id="160"
</span><span id="161"
</span><span id="162"

class="normalLrcClass"
class="normalLrcClass"
class="normalLrcClass"
class="normalLrcClass"
class="normalLrcClass"

class="normalLrcClass"

page="2" time="105.270"
page="2" time="106.040"
page="2" time="106.230"
page="2" time="106.410"
page="2" time="108.320"

entence="0" style="background: yellow;">children
entence="0" style="background: yellow;">and
entence="0" style="background: yellow;">our
entence="0" style="background: yellow;">families

entence="0" style="background: yellow;">however

page="2" time="108.770" entence="0" style="background: yellow;">different

</span><span id="163" class="normalLrcClass" page="2" time="109.460" entence="0" style="background: yellow;">we

[+ = ~ i Ire AEEERAE H_EAVEEEEEN

{55 HTMLS i1y audio 1524 » RE40 SRl —(ERE oS s eV - BT It —
{856y ID—mainAudio » FF|FH HTML DOM #9¥){F » AE4$5 € mainAudio Z3E
HUAY & S R DR B s — 5

var audioFileName="YourAudioFile.wav"
document.write ("<div><audio id='mainAudio' src='"' controls=controls /></div>");
document.getElementById("mainAudio") .src=audioFileName;

var playrate= mainAudio.playbackRate
document.getElementById("playrate"”) .innerHTML =playrate;

var time= mainAudio.currentTime;

document.getElementById("audiotime™) .innerHTML =time;

[+~ SEHCE ER A EE BT S

FEE VU ER BT > A5 2 TT5AIRL—(# audio ¥ - W0 HAESS 3 TTHEE YA
TS SES - 56 51T 56 7 1TREAS B L H sR A RE B AN H A i ey &
aflRFfETR - PEE R RS A A S SR I R EE R AV &R -

DRI FT BS T SCHEE Y 50E  MMERESWEUS BEFHIPHE RIS ET
KBNS - BT el AR I THRE A B B4R LA s HLAYTHAE - BB BUSY AR [EIY
& BIEEDIRENVEFE AT sl A0t fiE 2% > HEFE (LR source language AKFGES

Fl target language HIZsE= -
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+0.1 | 0.1

R — . R B e T e SR

I am happy to join with vou today in what
will go down I am happy to join with you
today m what will go down Five score
vears ago, a great American. in whose
symbolic shadow we stand to day. signed
the Emancipation Proclamation.

This momentous decree came as a great
beacon light of hope to millions This
momentous decree came as a great beacon
light of hope to millions It came as a
jovous davbreak to end the long night of
their captivity.

One hundred vears later. the life of the
Negro 15 still sadly crippled the life of the
Negro 15 still sadly crippled One hundred
vears later. the Negro lives on a lonely
1sland of poverty the Negro lives on a
lonely island of poverty One hundred years
later. the Negro is still languished in the
corners of American the Negro is still
languished in the corners of American And
so we've come here today to dramatize a
shameful condition.

In a sense we've come to our nation's

capital to cash a check.
But one hundred vears later. the Negro still

is not free. When the architects of our republic wrote
the m“’hen the architects
1 2
Timer:
16
audiotime: —
73.034 HEHREEA", "magnificent”,a,,, "Hudli de","mag
clicktext: .'Ini:;asa‘pt",__“ " wom W o wggn wEERE
73034 ﬁ?-&%i],ﬂi\ﬂi,iﬁf%)§¥,ﬁ.¥,¥ﬁ
) B R, T, R TR, R
Surreutlext: 8L IE e, EE T, T, HERE T, (R, i, A
74.168 B R,
Total Text: When the architects of our republic wrote the
451 magnificent When the architects of our republic -

cookie now:
379916/@1437372928-2015-07-20

audio playbackRate now:
B+~ &R RN RS

wrote the magnificent they were signing a

A8 AR

Iy ~ &Ex

Sy EIFH}

ARWERY H 892 A di AR R B AR B R il (Text-to-speech) 45 & 55 2 Bk
(Speech-recognition) 51 {35 7 7545 i (Speech-text Synchronization)EL{ERES DL 25 His i
BijEE = 2238 (Computer-assisted Language Learning) & H 12 » & B =28 Hae 4Bt
B RA T B R R ISR A (Shadowing technique) Y —flE £ 47 -

FEREZ3e P (58 I AE %A B Rt B (] AR Ay ZAA Y SAS » DURESOAS (BB 20858
REFTE Google Translate HUfGIEESCAHY TTS 5528 K H B HY A3 R ] R AY SOAS
(Timed-text) » A [E] > PAEELE S A8 (Sentence-leve VSIS » AR St FH R B Rk
FTRES B E e g Sk (Word-leve )Y ST » LAE R i IR HY SCASHE FHER M A48 a2
B A EPNETAES LM E - AMEA DT AR E -
AT DU — B 4R _E AT HAYIHRE - HAE i DU I SRy -5 B & BsE s =
thn] AR (R P2 kE e R SO 5 3 A M R i B2 8 Ry B (R BRI ESE R > DA
EF|EHIPNEEE R ERESRETT -
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[1] B2, RIS 2T [T 2E R e )~ s 2 B TR R R, 2013,

[2] Steve Young, The HTK Book version 3, Microsoft Corporation, 2000.
http://htk.eng.cam.ac.uk/

[3] B&ER  FAEH 5 BN/ & XA a1 RBERE: » 2012,

[4] A. Katsamanis, M. P. Black, P. G. Georgiou, L. Goldstein, S. Narayanan“SailAlign:
Robust long speech-text alignment” University of Southern California, Los Angeles, CA,
USA, Jan. 28-31, 2011.
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SEIRGR IR R E T BES
Speech Emotion Recognition via Nonlinear Dynamical

Features

#MA47E  Chu-hsuan Lin
EEEERNARAE
Merry Electronics Co.,Ltd.

tracy.lin@merry.com.tw

[F3x 4= Yen-Sheng Chen
EEEFERMARAE
Merry Electronics Co.,Ltd.
daryl.chen@merry.com.tw

e

AW TR AR B AR RE B R A T TR - PR PR ZRE S R
W ~ HIRIE ~ fER LURAGH EBRHAEZ SN > WIFEIA T 2R AT RS
“(curvature index)[ O] IHIFERERH D FHA FH S 85 | L LA IR RO RIE iCHY
AHETTRFEREE - BAR(EFHSFF R BT RS - BaMEE S B BRI TI54
TR o FENMAFESR MR R - B RAMEZ B HRICR T B Ry 88.89% K
86.21% -

Abstract
This study is focus on speech emotion recognition through machine learning method.
We add two nonlinear dynamical features: Shannon entropy and curvature index, of
each frame other than the traditional features such as pitch, formant, energy, MFCCs.
After feature extraction, Fisher discriminant ratio and Genetic algorithm were applied
in order to reduce the number of features. We use SVM classifier and cross validation
method to discriminate seven emotions in Berlin emotion database. The analyzed
results after adding of the nonlinear features show that the emotion recognition rates

were 88.89% and 86.21% for male and female, respectively.

B St © IEEEMEE © FRGRMERIEL - SRR E R

Keywords: Speech emotion recognition, non-linear features, support vector machine
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— g
FEANTES - RS E R E NP > A RRSH EE T HE
AT ES AU ARk SRS 5 R IR - WA R R EE
HANSRAE (& US itkEs B mife (R AU BV IEl RS > BET AR EE - A
s ENE AP E R EREENE > PR G TRl E B —THE AR
il o BB P DA AR G SRV > i — e iptsas e il &= st
STEU LS R SR ERIGE RGO - I ERIE R E N EE
iR e - ANDAESE ~ RIS > n] LRI AR EhRIERAY » HoAth B2
SEEE ALY TR P DU RIAY R - H AT ERSEEL AR B 80 F - B EATF R
BRI AR E > AT e EN IR SR R PR RS IR e
NS A& H i IsE - EiMmfEramaeR -

1=(i{4

H IF S AT OB 7y R B B4 S R =X mirE B Ay 5 AR S P (E
ZEs s WHL -~ AR BEE > FUREZ BREERT - —RERREES A
FHEL B e 1 2 LB P e 15 B R B A B IR A RIS R A Y
FEFAMEE - HA DLl Ekman $2H 2 AN AKEARFRE BEZHEH » E280VE
PRIt S R B A SR TP RV A TG4 - WNR—[1] 5 B AIRHEEUIRRE
P 0 R - (B 15 R 22 [ (arousal-valence emotional space) B e BN - B2
|25 fH (activation - valence -dominance space) » H i —(F 4E 55 fEZE O FHERY
JEYE[2 ~ 3] - B b iR AR IRESE o RET o BWi{E TR > — Kyl iEeE
B BT E EAER S SHINSHEHeEREIRIELE o eI AR T8
BG4 778 SO i EE S AR L IS & 0 B A -

A SRR » Moataz El Ayadi 55 A [4[f2 A [ERERNEWE T X2 Gl G 2B
s L ST R T BLE5E © Siging Wu S5 [ ST A S SRR (U(MSFs) B A
[ERHEAH A HETTIBE I HE BN 91.6% Fy MSFs BAAZ 5 (prosodic) R 2(HY
&H#7% ; Patricia Henriquez[ 6] A ISR M B AR BUE  TRE S (B G HRRbT 5T - %
TR = 1] %2 80.75% ; Ali Shahzadi ZE[7] LI BERHE ~ FEHHEEE I FAR IR BhRERT
EURA FEIHEHE T - HEEMERE S BB 85.9% » My 82.72% < Aut5E
0 B AL i E et AR B 4 DU R i oE R AL - M sE S st
B - AP B R E I F Fy S35 R E ¥ (support vector machine, SVM)H
HUEN ST #5 BEall Sk o B S5 SRS HHTE — MU ReE S RHE & 5 (pitch)
At & (energy) ~ H:YRI& (formant) ~ 15 5 FI4EE (48 (Mel-scale Frequency Cepstral
Coefficients, MFCC) > /ML T & 2 )i (Shannon entropy) 1 25 L A TH I R4 4
FEE RS By 2 -
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8

=

Arnold

Anger, aversion, courage, dejection, desire, despair,

dear, hate, hope, love, sadness

Ekman, Friesen, Ellsworth

Anger, disgust, fear, joy, sadness, surprise

Fridja Desire, happiness, interest, surprise, wonder, sorrow
Gray Desire, happiness, interest, surprise, wonder, sorrow
Iard Anger, contempt, disgust, distress, fear, guilt, interest,
joy, shame, surprise
James Fear, grief, love, rage
Fear, disgust, elation, fear, subjection,
McDougall .
tender-emotion, wonder
Mower Pain, pleasure

Oatley, Johnson-Laird

Anger, disgust, anxiety, happiness, sadness

Panksepp

Panksepp Anger, disgust, anxiety, happiness, sadness
Acceptance, anger, anticipation, disgust, joy, fear,

Plutchik sadness, surprise
Tomkins

Tomkins Anger, interést, contempt, disgust, distress, fear, joy,
shame, surprise

Watson Fear, love rage

Weiner, Graham

Happiness, sadness
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- WHFRETA

(—) Bk

REZEHTE R AR B P E A AEE S 1B 46 & HE (Berlin emotion database)[8] » H

B8 T H (anger) ~ fElli(boredom) ~ JFR7E(disgust) ~ FiH(fear) ~ BH.LaGoy) ~ T4
(neutra) 15 () (sadness) AT B4 - - EEHE BT ~ )& FIER LAl
TR G BB A FraiEL - 25 535 AjEEEEtat -

(=) TR

R E NS T HHE(frame) Y DIE] - 38 BT R Ry 20~40ms - ARG ER S
8o iRy TSR LA AN SR B BB (overlap) > AHTFERTEEZ
RERIE Ry 32ms > BT Ry 16ms - #EHVR B RER T - — RS
EERRRIHEL R > So— Bl AZ IR 1B ENRE 42l Shannon entropy Al curvature

index o

1. BRI
TREESET  ETES ~ fEE i?(zero crossing rate,ZCR) ~ TEO(Teager
energy operator) 8 3B E MR - 5 S HANL T 2 H ACF(auto-correlation
function) » {H 5 T ## % ACF BY{E ST EA—{I$ﬁB’7EFﬂ FFEIER EE 1 81 2
Rtk - EHETCE ERME TSR » HIENACF(D) = oD maesp byaf,

Ys2(D+Xs?(i+1)
SRR TR — RIS HEE A RS R G Eh oA BRI R -
DRI A FE 58 P 1 5 AFE o 5 &3 HIBT voice activity ratio » voice activity ratio B[]
Ry—BERIRN A RE S B s AV EL I (X0 R & —) - TEO EJE?—E‘.J?’%XKZ“‘Lﬁ B
Fe NHIERE /R 1 e A= AEE S 318R  TEO(s)) = s¥ — si_1Sip1 * LIARAZ s
BN R—(E & HE RV RLGERGE - 1 T 1 BT -

nnnnnnnnnnnnnnnnnnnnnnnnnnn

o o A

000 40000

— ~ Voice activity detection - &k t&R RytLIGIE > ALEER AR
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2. PERERHE

PRSP (E 2 R0 56— IH Rfe M RS (R 8 Fo e ABEER A FIRA A E
AVRBUREHYRFME > F2H T B TR REL . AWTFTHT(EH 2 pre-emphasis 7 = il 25
SRRy 0.9 0 SEHL 13 (B EISHRE A E - SHRIEE R RHIGESTE RAfisi > B
4545 (envelope) & H] 13- 2] —{RIC R FIRHVAREL 4R > B AE T EER: - Bt
RO NRERETHE - WHUE RIS > AT R E PR SRIE I (0
=) o AWTFER PR R 0L B HA(FFT) . linear predictive coding(LPC) /5 UL
5 1255 3 (B RIE(FI~F3) SR E R HAAA -

Spectru m
40 T

T T T T T

20 LPC Sp m |
Formant Position

0 N

20k -

a0 .

L L L L L I L
1000 2000 3000 4000 5000 6000 7000 8000
Frequency (Hz)

— ~ Formant 455

Log Magnitude (dB)

3. IR MEBRER R

H e E B s T TIREER A R T AR A ESERVEHN > [F
R 2 S LM B A E M BOR RV FE R E B 77 25 I (B = U e Y A A
JE M (uncertainty)BiS; - KL ZIRIA © BEMESERL VBRI AT ERR

H()=-%X ()log ()~
Hp ()= { =} € - {HHAEAEARGE HEREHER -
RGOV — BB ARGVIEIE > fRIERZERAT » BHY HEZE[E R

MR AEH - BRI, 1<i< — 1 HIESEE
[, Ot

K = lim 1< < —1-
P BRI RS R BB S T 5 2L - EOFAE R A B
(L0 » ATLIFESSRE b B » BT AT E AR (LRI
EAEIE - H TR B G TR - SR AT - I 2R
IR S st E R = e 22 ] b A EEE =3 HARA
Ky Rk i th iz o

310



Curvature index  03b03We
1 ’ T T T T T ’ T T
1 1 1 1 1 1 1
0 0.5 1 145 2 25 3 35 4
time(s)

Speech Signal
(=]

| —+— First Cur\aature Index |

ju dnf L(L ﬂl&

0 50 100 200 250
frame

| —+— Second Curvature Index

T NN

0 50 100 200 250
time(s)

= ~ Curvature index =T B 455

4. GiatE

et REEEE NS RS EN IR EBUE R TR - HEtit &8 &5/ ME (min) -

AR {H(max) ~ Fe KB/ MEHTZ (range) ~ ~F(mean) ~ F1{i7 #(median) ~ VJFEEH

{E (trimmed mean)” 10%81 25% ~ 5 1~5~10~25~75~90 ~ 95 ~ 99 (N H /L

H(percentile) ~ VU477 (interquartile range) ~ 15 7% (average deviation) ~ fEAEE

(standard deviation) ~ {iF&E(skewness)FIIE 5 (kurtosis) 3t 20 TH o 554 ML EAEET A

EE 2 —F& Bl fiJQ%ZZZfE”r = IR Wﬁﬁﬁf'aﬁél’] MRS BRI E 4t
EEFEE NIt R T B I

(=) FiEgkE

FHECEEY H L EOE R A IR R & R HksE 88 R e TSR0 [ s
RS R i = NMERESR Ly e UeT R » W 0L T s AR RE R (% -
FREPERMER T 10 3732 X E5EE(10-fold cross validation) » ## of ¥ B8 — & RHE RL

over-fitting °

ARWFZE R T B FHE$E B Lk (Fisher discriminate ratio, FDR)EEEL[RJE B % (genetic
algorithm, GA)#ETTFHEIKE o RIBEITHI B EIBES: - 778 (&R R
HAAAN RN - SHEZREECOR - AT R - 4R R FDR &t
BT [10]

2
(Hcl U HCZ },l)
oZ + o2,

FDR(u) = R

FIFH FDR A 2 R EdBEbRTE - FH4CH GA Shiim @ yenlpr s FHEVE - GA
ENBRIBEE ST FHE AT MEERK NESARE RN —EEEEL
K1 F 758 #2 (selection) ~ #F % (reinsertion) ~ AZfL (cross-over) ~ ZE5# (mutation) & 25 EX
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S F RIS EER[11] - FEATE P R R A G B e e -
S BRFREN 50 FIF GA J5IE SVM 5MIES - it 61958 0 B 1 (P91 -
By | AR AP [12] - 2789 » Fb GA HRSA =R (P2 B
TR -

# = GA SH%

Selection technique Roulette wheel
Crossover type Single point crossover
Population size 50
Crossover rate 0.9

Mutation rate 0.001
Iteration number 200

(19) 3387550

TERFEHREEET - BRI 80%E 20% A ELAE 7 i)l 48 &Rl £ (training data set)
EilEgnG &R (validation data set) > BEE & RHEENFTH &R S A & Epk s
e F R all| SR AL SRR AT (085 » A ZE P A 2 73 J5 88 SVMD £X FHHY toolbox
B LibSVM [13]

SVM &M EEHE RS » HIVE Ry 171 — BRI DA [ =R
B> FIH SVM fEHCt% 772 (kernel method) ] DA SR R [ A BB R i e JEE
FZER] > A 3 R R P R #5 (margin) 5z K VS F- [Hi (hyper-plane) - I
hyper-plane & & 2 HIEE Y I ARRER » BT ER TS S —(E4E R B
HAETURERRIIRERY IR > SofMERIH HAriRas 28 S > HRBER VY
BRI SRR AR R rT e ME[14]
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E N _%E‘:"%E/LE\\\D

(—) FDR&GEHR

NEPY s FDR A EFHEZ s ArlE - HARE 1 2 7 REAFEAEfEEE - EU()
K5 FDR S3#f1& - i Heam R AW I8 (ELRER AR B R oo ArlE - [ VU(b) Al RN
W EEHEER > 1A T FDR EBCR R IR ErA BBV E TR -

Emotion Disturbution

600 004
o o 1 a 5 S ;
550 2 003 N
&3 3
* ++ a
500 4 4
* 5 0.02 w4
1450 6 = o ® 6
+ 7 - + oo + 7
o [+
G a0 £ = 5%g04 O&g ®y &y
E E o Lo Taen VEEE TR, 0, o
S 350 0 et
£ : o 9 9B og T HEe oe
= o % w();% 4;&} SEOF
300 T EEE o % oo <]
0.01 © & o * o7
- o * O +
250 ) " el
0.02 © *
4
200 .
0.03

150 1 1 L 1 L 1 . , I I L I I L L |
100 150 200 250 300 350 400 450 -16 -15 -14 -13 -12 -1 -10 9 -8

Y ~ (a) FOR S KW {EFFEATE - (b)FDR B/ INW{E R AT [

(Z) GA FhEEGER

2L GA PrisE( AR FHME T EIIEA 259 {EFHZ0 H prosodic BLARISRHEA 237 (i
LA MFCC ~ formant Ei pitch £ 3 > [iFE4# 4452 Shannon entopy 7 15 ~ thifir 5
3t 5 {[E > curvature index DL L8R THISET EAA 17 {E - fE20M 05 » Py
FFHEELA 247 {E » Hp prosodic B EHLA 230 {E » L MFCC ~ formant
Bl pitch £ 7 » JELR AR Shannon entopy 2 V) R {E B 75 477 8 3E 5 & > curvature
index RI[LAH S iz Ry ERV4EeT 24 12 (| -

(=) SVM 735 R

HEER 5 P (45 prosodic BRUESFRS ORI A 3R S VA B O SE B 4R
(confusion matrix) » FEITL A2k + (R RS BCRE TSR By 84.48% » AL AELRIE
RIS RTI S 86.21% 5 B Aok » 5 PR EARF BOERER 1y 84.44% » MIATEGR
MERF BT 88.89% -
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Traditional features <

edict

Traditional features~

Fact Angers|\Boredom| Disgustq Feare | Joy+ | Sadness| Neutral{{ Rates Fact edicty Angerc|Boredom| Disgustq{ Fear Joye | Sadness{ Neutralq Rates
Angers 13¢ 00 0¢ 0e 0s 0¢ 0¢  |100.00% Angers 12¢ 0« 0« 0« 0« 0« 0s  [100.00%
Boredom+| 0- Te 0e 0o 0- 0« 20| 77.78%¢ Boredom| 0e 6 0e 0e I 0e 10 | 85.71%
Disguste 0 00 e 0e 0 00 0¢ |100.00% Disgust+ 0« 0+ 1o 1e 0. 0« 0s | 50.00%-
Fears 2a 0« 0w 40 0e 0« 0¢ | 66.67%¢] Feare 0e 0 0e Ge 1e 0e 0e 85.71%-
Joye 1e 0« 0« 2e 5e 0« 0e | 62.50% Joye 2¢ 0¢ 0¢ 0¢ 30 0¢ 0c | 60.00%
Sadnesse 0« 00 0¢ 0e 0a Te 0e  |100.00% Sadness+ 0« 0« 0« 1] 0« 4 1+ | 80.00%-
Neutral~ 0~ 2. 0« 0e 0~ 0+ 6o | 73.00% Neutral 0¢ 1e 0< 0¢ 0- 0< 6¢ 85.71%¢

Total recognition rate = 84 48%: B a Total recognition rate = 84 44%¢
Traditional features + Nonlinear featuress Traditional features + Nonlinear features:

Fam}jredm " Angers |Boredom| Disgust{ Fears | Joye |Sadness| Neutral{ Rate Factfd{m Anger+ (Boredom| Disgust{ Feare Joy |Sadnessq Neutral{ Rates
Angere 13+ 00 0e 00 0e 00 0e  [100.00% Angers 12a 0 0o 0 0 Qe 0 [100.00%
Boredome| 0« Te 0 0 0e 0e 2| 77.78%4 Boredom+| 0« 6o 0« 0« 0« 0e 1o | 85.71%¢
Disguste 0= 0« T 0= 0~ 0= 0« |100.00% Disgust« 0« 0~ 2 0« 0~ 0« 0- |100.00%
Fears 2e 0e 0o 4 0o 0« 0 | 66.67% Feare 0+ 0e 0o 6 0e 0+ 1o | 85.71%
Joye 1e 0e 0e 1e 6 0¢ 0e 75.00%¢ Toye 20 Qe 0o hE 3o 0o 0o 60.00%-
Sadness+ 0o 0e 0« 0o 0« Te 0s  |100.00% Sadness< 0« 0w 0- 0« 0e 4 1+ [ 80.00%-
Neutrale 0s 1e 0~ 0s 1e 0s 6o | 75.00%¢ Neutrale 0+ 0~ 0~ 0e 0~ 0+ 7o |100.00%
o @ | Total recognition rate = 86.21%« Cl El | Total recognition rate = §8.89%-|

o~ TSGR
(LB R ol > MR RHTEIER IR

N~ BTSSR

LA
Va ~ 4w

ARFELA—REE A 2 SE SR8 & ~ R ~ BE & DR ASR EIIRRE AR R BB -

IO T FEERER#E Shannon entropy F1 curvature index » &8 FHRHEHHEL ~ FrpkisE
PR T T SR I RE S TE G s - DIAMGE S B 4E B R B i 52
FINATEGRMEREE - FTS BME M E 2 (B 4EHER R 7 A Ry 84.44% K 84.48%
MAFEGREFREE 212 - FIEPRRREEE 2 88.89% » L MEAIIFRE 2 86.21% -

P IS DR UER BT &SR 7T > 7] H Confusion matrix ([&] 71~ & 7S )SH1 -
FENIATER IR EE 1 2T RN R B B B0 Z B O B 48 S0 0 el »
[EAEMEAR T 62.5%FE 1 Ky 75% ; M5 I HL IR A s Ry ey o M S A
T HE > (1S TP R RERER T 85.71%52 7Ty 100% ¢ MRRERH AR H R B 0AVE
DU B EHAEEAR T 50%T 2 100% -

9 INHATATE A Z B R IEC > B FIRE S ROSU B EREF Ba B =

SAARAEZE BT NIRRT SRS RE SR RS AT 75
EHIN TP OGEE BE R A T
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