The 27th

ROCLING 2015

Oct. 1-2,2015, Hsinchu, Taiwan

The 27th international Conference on
Computational Linguistics and Speech Processing

Cyberon [SUS (G2ERER2R  fortémedio AI’LELT_A

— e 5 SEARCHOF INCATTHBLE




Proceedings of the Twenty- Seventh Conference
on Computational Linguistics and Speech

Processing ROCLING XXVII (2015)
October 1-2, 2015

National Chiao Tung University, Hsinchu, Taiwan

Sponsored by:

Association for Computational Linguistics and Chinese Language
Processing

National Chiao Tung University

Co- Sponsored by:
Academic Sponsor
Institute of Information Science, Academia Sinica

Government Sponsors
Ministry of Education
Ministry of Science and Technology

Industry Sponsors

ASUSTeK Computer Inc.

Cyberon Corporation

Chunghwa Telecom Laboratories

Delta

Industrial Technology Research Institute
Fortemedia



First Published October 2015
By The Association for Computational Linguistics and Chinese Language Processing
(ACLCLP)

Copyright©2015 the Association for Computational Linguistics and Chinese
Language Processing (ACLCLP), National Chiao Tung University, Authors of Papers

Each of the authors grants a non-exclusive license to the ACLCLP and National
Chiao Tung University to publish the paper in printed form. Any other usage is
prohibited without the express permission of the author who may also retain the
on-line version at a location to be selected by him/her.

Sin-Horng Chen, Hsin-Min Wang, Jen-Tzung Chien, Hung-Yu Kao, Wen-Whei
Chang, Yih-Ru Wang, Shih-Hung Wu (eds.)

Proceedings of the Twenty- Seventh Conference on Computational Linguistics
and Speech Proceeding (ROCLING XXVII)

2015-10-1/2015-10-2

ACLCLP

2015-10

ISBN: 978-957-30792-8-6



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 RGBSR E 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
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5 I 55 o) B o BB B RN UK S S e P
T 5 T 2 o A
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]
MR ER TR B 12 B A AR (AL A4S (Feed-Forward Neural Network) 3l 4 i1
fY o iE T A B R R o A (E R R4 S B R & - BERE s IR A
A UK e o2 B2 B R B T R e W {8 3] =) & IRV EE S AR (DU » P iE ]
Im) =18 Ay A #2024 (Word Representation or Embedding) -

A A R G R A A S B8 = R A e [ S G| SR R R R
Tomas Mikolov % A [10] % /& $2 4 P a5 AY 2 48 &Y 55 42 1% AU (Continuous
Bag-of-Words Model, CBOW)Eid Bk X 5 (Skip-Gram Model, SG) - i2 i fEfFER]
{5 FH P& Jeg 8k =0 B K AL (Hierarchical  Soft-max, HS)[10] LA k2 & {51 % £5 (Negative
Sampling, NS) [11]777A5KHe =l SRy 2R G L= 3l SR % 5ol R VR IRBE T -
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(—) ~ EETIHR

RIS AL (CBOW) BT U AR 4B AR » N [ 2 BRAE I A A 3 S5 p5t
AR R MR (Non-Linear Hidden Layer)fF - il H {E i A& HVFTA Baa B Ik
Sl - AiE—fArr - IEAEE =N Rl AR - EE - lE - B

T3], Y500,y 1wy HINEESE T TR RT3, LA - 1
SR B A {3 T R o e P 8
) T-k (1)
?Z log POW\Wyjs - Weik)
=k

HGR R E] DLAE Softmax prEsEEHa B -

e (2)
P (Wt|Wt-ka---aWt+k):ZTcyi
oty =00, b0 Ty ETEHELY, BTG (E3 wi B IER LY log
FE > TR

y=b+tUh(W; ... s W1 X) 3)

HrpU ~ bk Softmax V2 E h BHEHERE X thHVEE A E W, . . W) TIEEEET 0 Xhy
PRI Ea w17 & FT4H B A £E R -

() ~ A

Bk =AY (Skip-gram) i 748 AU R LS AT (CBOW) AH K2 » {5 FH & ATy 35 SR FEUHI
[EHYEE - FECHTE AT w, BT > BRI BN w 0w, Wi, W HURERR © 45
TE—EEAFH wi,waws,w, o AEFEEARAE H AR
1 7 (4)
}Z % log P(w;k[w;)
=1 -c<kZc,k#0
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Ko TR EE SRS A - ARSI SR TR &l 2 S0 -

Input Projection Output
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w(t+2)

& ~ Bt AR

(Z) ~ R EFRRE AR E =

TEEE S WERAV AR B EEE GOkt SRR SR Ea 1] - (2 B0 e B
YAERAE RV AE « DL A BRI AR 5y 8 > 2l 17 5[] (Word Graph) >
A g (5 = 2#5E] (Trigram) =¢85 (Fourgram) S {LIEE S 1H4AY - FREE i
17— K [E EhREM E =5 (Word Graph Rescoring) 1 - #%.tH — R A B
51 > AIE = e

B = ~ FEEE SR EE

B2 A S R T TP A 2 32 (AT
SRR ISR - (SR St RS0 - B S S e
FTERELL (ViterDi) s + 3334 157135 AP LI T — (B B OIREAT
S SRR T — 3 BRI RV 3 EL 4 b A I B ) = AT
B TR B RIS  {ER R k% By R R SR - RSB
SE B -

TEsAEE S - SRS TR wi AR AT g



Cloy=x (1) )

FEHIAZS# o - W HBRESH 1 2. D8R 1 (EGrEREE  ETAYE
LTRONRES - JRBIERE S ry RGeS ares AUEEES - (| )FE
TNMEGSERE R EEFY H FEE TTRAERTR AR a] DI (6)S-E:
it Wm (6)
Wilwp)=——=

Ywere

Hepw;, BERTE w, E@ﬂmifﬂ‘ 'W',;, J%EJIEPEI’J@ #E5H w, HVEERIEZFR
ﬁﬁ W/%%ﬁ(\ﬁ w; FIFT A RS & - BB Softmax bR R iRy
FHAEFR

= HERERNENRARSRE S

£ 2014 F0F - HEH[12)FEHE T 255 =AU (Concept Language Model, CLM) >
HAE RN R— AR ZE—FEY sV — s e R AR S EE N LK
%%%EI’JTE)E T EFEHTEE B AR ENMLS T IRES T a2 A AR
ﬂ A AR [E R FE A AT 231 (Proximity Information) il A& 38 S 1AL DU
£3(Bag-of-Words) a5 AR » 72 FENEEE S AR BRI -
M asE S A e e s HE’JSWF%WZSZ#TLXEEl—éME%/ﬁké*éE%U C %K
T FEHEEETEACGRENGE S EM W BLE e iE S R ey (E B BE AL S 28RS
s ] H] BERIIE AR - MG R sE SRR TEURIAVAR S - ﬁDfﬁ(Uﬁﬁfw

D . P(w, H [C)P(C|W)

> . P(HIC)P(C'|W)
D> PW IO, P IC)PC W)
Y IT Pt ICHPE W)

H P SE AR E AT 58 K-Means SEETE[L31RE: 5 P(C |W) BIEEHA G EE
=& W S —(EfESE 0 C RaRkmER 0 5T E W B C Z 82D KES
P(w; | C) (AFRMEEEAR C TR 2 W 1Y B HEE SRS I B i e A EAR (DU
A 3H](Maximum Likelihood Estimation, MLE) » A9 0] LI =(7) g 2uE R C 8
HEE e Wi Y EE = 1A AR pl Fy 5] € 2 (Word - Bigram) Bl 55 = 2 (Word  Trigram)
sEE A > WEREE S A ] DU e A IR Y Ao i #R I M BE A A R
(PrOX|m|ty Information) » D) %4553 (Bag-of-Words) {E =5 PR H o 40 » & (i

G > BT SEE SR (GC(E BCLM)ZI=U(8)FT:

PCLM (Wi | Hi’W) =
(7
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Clustering

In-Domain \
Corpus

Test Utterance Similarity
| History Sequence I—'

Concept LM Concept
| Upcoming Word I_. & Proximity LM Score

Information

&V ~ HesE S AR

(—) ~ SGE A EFR RS E RN EE S A

Agw SR A F B RN AR ARG SSE S R0 > 6 LAIFB) ARy s R R =
TREAI(BCLM) Ry Bl - & 5 - AEFERE R SN Z S — 8 E RS C 2o -
DUBEE 2 RI0UAE AR AT (BB A M S B 0 2 - (E A E b o DA T B S A
R SRE R R (35 - R R AHOEER &Eﬁﬁl_ﬁﬁ/% SRR R Ry R —(E
o (EISAE I ER R R R B RA E R BACERME: - Hop W SREEE T
st ACRENEE S AR o AEELAEE S W) s A= Y 55l (Word Graph) 2T
oL e

i PCW)Z2E#EES & W BlF— [ aE s C - Pl R &R R (Word
Embedding)iy 5= > SeiffsaEa R n BHE R - SEESTREHERZADENS - H
i A B RN e B A G AR (Continue Bag-of-Words Model) 22 ik i (54
(Skip-gram Mode)2Efk » (| )Fon@Eeil C Frllsse By S BN
#R o u] PUE SR AR BRI -

VO~ B b PSS R A

(—) - ikt

AT FTHETT 2 5B PR B B2 L F S BR P B A THH Y RGeS i 48 e E & ek
R GEB AN s T & 2 T58)[14] PA S A 19 88 15 8 IR 2 55 EE (Mandarin
Across Taiwan Broadcast News, MATBN)[15] - L#rEsE & B R E & B S 5efx
BT CI5E/ NAH AR = 4(2001~2003) LA I BB R S [PTSI & F#kB5e R - FeAM19)
BRI MG RREIRC B EERHE R E R - BFE 4T 25 /NIFULEEY 2001 4F 11 H
Z 2002 £ 12 HHARIAYEERME B/ MBS Z 552 (Minimum Phone Error, MPE)&:



EL R | SR 1% ﬂ;ﬁ@ﬁ%ﬁ%ﬁﬁmcoustic Models)[16] - AEm=C LA 2003 FEFT
SEAVEE R R HkIEELY 1.5 {E/NEF - B 292 AJEEA] o

{ERE = BRI F &W’]@ﬁﬁ F 2001 % 2002 4= Jeidaf #1 (Central News
Agency, CNA)FISCFTEIRERE - Na B — A T EE S F (& e 2 24
A\ T8 A FE ) iR B 5 aE R EE FH 2R Gl 4F = 24 55 = 5L 4 (Trigram - Language
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
LA [A] Ry /N A BB AT Rl BB H Y [B] SRS (AR i Ry A iR B e » P AR At R AN
FriRaT By Ui Ry i~ FAVEE SIEAY > L =T NE U= 4584 - A E
EBFR i 2 BB B R LR S e R RV S T & oy B R — B3R —fs -

Z:t\’ - ’% g %TJ%;'EI%‘:% 5&' i 2 P% B P%‘}—_ i‘:J-A:TL

A_ﬁ:ﬂﬂﬂ-j(d\ %J_E(/J\E%) :RuﬁLF}

%] 72000 3] 415 8.52 7/
o E T AR AR FEA U AE Y FER AP TR

L G
471,000,000 3,643
£ 80,000,000 2,068,991




(5) ~ B ERRGER

TESSBERIRHNSY » S E  FTS B B b SO B S - I L
5 (Character Error Rate, CER) » /PRI S Fal e sB S 1t
RUGE 15 BB S BRI T HECE - 5391 » RMILUABR AR Oracle) i A7t T
HRBSAEAT LR S RIS AR VSR 2 SR P T R
2B - SRR BRI 2 FHRRRAE BB -

R AEE WA E R THEIR ()& R

TFHE (%)
A (UBG) 34.30
fA11(BBG) 22.24
i R S HAI(TBG) 20.22
[E] SR R S 5+ TBG 19.12
[F I = R S A TBG 19.04
=4 & HH B fEfA# S (Oracle) 7.72

(=) R EFRRE A B 2 B R

A S SRR B T B SR R 0 Al R RIS
PRI S > AR A RIS IR - RO A LERCR R4
R el B A T(Skip-gram, CBOW) I\l T Ras i - (EILHERERL
5L 10 2 50 {F A BIBR Y LB » A NAEFE Y SR » RV HGEH SRR -

VU ~ R A B R A 1 o 2 R R o PR R

Bk (5 (Skip-gram) A L3H R (CBOW)

FZRrada] DU Rl A S8 5 &R E A sl B = o > A ) DR HE g i i 22
o AT 6 B AV SR A S E S W B R AR T A E B - R i PN
(Skip-gram)72 2 {2 FH 2 45 AR L35 A (CBOW) Ffr | 4 15 VA (1] &R » RFHELTE
FAR s s B s 2 th > B R R0 A (6 A 5 [ 1 s s gl i R
20.2 g2 19.83 ({4 Skip-gram) » &G A FEHVEEREST ©

(10) &S mEFR AN S S HE 2 B R

A E ik a  EE A I esE S AL o FEARE R T - iR iE s
HIHLLR) T R BRAL > FII AT K-means 53 BEAR B RERE T HYEE F 73 R 2 (ERESHA -



SMERT FHIEEE A B SRR PR 73 AP A 3 E o n i B R 2
AT RHAE - AEERELRE st 5 A (BCLM) B G R E R R i
ant = A (R By BCLM:WE) & {E A AR B H 2 R R G A, At
MG ey R = SR AR S & o A B bk plBE (55 (Skip-gram)
€ Ry 5] 7] 2l R > AH SR B 48 B AR R (CBOW) A i (R B B &G R - Ho b
BCLM:WE(10)Z~fi Bk =AU ORAEE & 10 Zd A & > 5 et esE SR
MERRGER - HREROERLATR > BLLUITRE 2R HERGR -

R~ &aed A B E RS A [E R Y 7R (%) hiR

s | 2 | 4 | 8 | 16 | 32 |

BCLM
BCLM:WE(10)
BCLM:WE(20)
BCLM:WE(30)
BCLM:WE(40)
BCLM:WE(50)

CER(%)

19.8
19.6 /\/
19.4
4
19.2 ~ / ~-BCLM

\/:// = BCLM:WE

19.0 '/ (with best dimensionality settings)
18.8
18.6
18.4 T T T 1
2 4 8 16 32 Cluster

[ 71~ & e ) B B ARG AR A [F BB 3 2R (%) EL#L

B AL P LA 6 el B A 203 2 B (BCLM: WE) 2 738
SRR G 2 2 B (BOLM) B A T II TR - RSB B 2 05
Fil Bk B2 2% 150 B0 (Skip-gram) 3] 4 15 B 19 57 1 & 22 0T 0 M A E 2 A
(BCLM:WE(40)) 2 457 5 40 B » 5ok TR 18.88 - 5351 » FRel g 7
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i/ DA K HRES R R NI B AV H N g 2 B E RAY
[57] 58k -

(1) BAFESENZ Bt RILE

[ 7N By 25 =GB B AL B S =R S AN (TBG)4E & 18 2 Fifnnnah S bhig - H
1 Baseline /i &4 =5 (Word Graph Rescoring){% (i F £y & = fERI4E 5 » H7gd
At R 20.22; 1] CBOW Ei Skip-gram £y A5 SC AT H o (7] & 22 e FH I o) el 14
=2 BhpeER > MR SAEHE R ER RN EEZAEREA 039 @R
HNE - B FPILERCEEGEEE 51 (Latent Semantic Analysis, LSA)[18] ~ 4
R EE = 57 fT(Probabilistic Latent Semantic Analysis, PLSA)[7] ~ JkKFl 72 B 47
fid(Latent Dirichlet Allocation, LDA)[8] -~ &l i (Relevance Model, RM)[19, 20] ~
AR PO A 48 4 % 5 5 54U (Recurrent Neural Network, RNN)[21] ~ Hf &5 4y
(Bigram Concept Language Model, BCLM)[12]L & Az SCfg g &l [ & 3=
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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
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[Gel kA © JESERE R - PR > sRSRIREE - B IR

1.8

JEEAEPE 43 (non-negative matrix factorization, NMF)[2)3 T3k 4% .52 FE N BT
#[2,3] ~ EafpE 10,12, 13156503 - 75 BB s SR il )7 A 07 | > HAlE AR ER
JEETEE R J7AH R [2,3,9,10,13,14] - RELHY T AAERF AR FAET T 0 - E okt
B R el SR A AT I M T SR A (STRT) s 1358 DUE S HE I RS 2
At & (Magnitude) » TP ROR &SR SEIEME veRr,,, - H F % H I E 0 F A K (Basis) H f#
W e Rp,  B{5E(Coefficients)JEfd H e Ry, » (R & ERIT T IR R RV ~WH » Hix
FEALRCAS I EL (Cost Function)yl |

(W, I:I) =arg minw,Hzo D(X ” VVH) (1)

Hoef D(|) B—{EE I (Metric) » W~ H & By J &R - W V1T [H & R AE BAEEELT
Aoy H YA 8RR R R S IE R T 7E A B _EAYERBT « TEf (LA Fram s 5
RAEEE > R EH W B H 2 - Q)= vV 85 WH 2RI et EE
(Euclidean Distance) ~ g5 475 & (Kullback—Leibler Divergence) » HAE/NANE L EZER 2T
BE(ERE - A 2R -

FH AR [EIHVEEREEE FH S S 2 R [V FAERAE SR - M B i o B TS (ER
’E o R SC5IAT P EEEE(s-divergence) I E B AR g - AT BRIRE SNSRI T B o FEH
pZ e > MR HA [E e 2 PR o SRS hnEE B R B o BRAN  AEENRERIE
B FEfE 47 fi#(Sparse Non-negative Matrix Factorization, SNMF){E 5838 6 51575 i B2
WEE B SEHVSR[S]-[8] » S IEE MIAMER PRI S bR & - 5838 %
HOoEE H Mg > DA Lo s -

FH— 71 > By TAEAE T IR A FEH gy - (R B RGN a4 - FMsoRE
PR AT 1 4 T 22 ] R B 2 (B S 08 2Rt I (Manifold) 734 - A T & IR PR il =
(Graph Regularization Constraint) % {1 LA R - (EGAE AR & 55k (R IORb AT
HYRAES - TR AR ZZ R N INMH G AR - (B 5R Fal75 7 ST Ee o

=~ A B EREES R R o R BB R PR U T e AR T
FEARMZHITHE - WHES—/ N R p R IR 1E55 "/ NEf
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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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Fer/IME R > HffIn] U B SRE BIRTAHI G - SRR X ~ X, fEIR
AHY AR S R AR AT Y ARG » B TEAE R YRR ZE ] TN Ryl AT Y RS S & Bl IR AR PR A1
A HFRRA % > B FE(ETA0T

21



GNMF =%||V—VVH [E +%7»Tr(HLHT) (13)
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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.

MeEsm dcimt 2 P R E 2B RREAL AN 2 AN EEE
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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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

66



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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