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Abstract Dialog system is becoming a new dominant interaction way between human and computer. It
allows people to be provided with various services through natural language. The dialog system has a
common structure of a pipeline consisting of several modules (e.g., speech recognition, natural
language understanding, and dialog management). In this paper, we tackle a task of domain
classification for the natural language understanding module by employing machine learning models
such as convolutional neural network and random forest. For our dataset of seven service domains, we
showed that the random forest model achieved the best performance (F1 score 0.97). As a future work,
we will keep finding a better approach for domain classification by investigating other machine
learning models.
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1. Introduction
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2. Background

2.1 Dialog System
SRSIAIAEIE QRIt AR} Aol Thela 4 9l

25 /q/\alo]q o4 QA 7l oA T T4 ARl
o] 2] 7I& 59 To] Yslo] Heh AR A 3zt
ARAAS) EFA O]O]E“—E AR 2™, Amazon
Alexa[l], Naver Cloval2], Samsung Bixby[3] 5= HI%&
g AREER] ARl e WSS AL At
HSIAARIS ek 07 Fig 1 of HARE A} Zo] 5
7HA] BEC] 2:A1A91 Ao g SRS AR} thet

Al2dlel 249 Ao deshd, A WA &9l Speech

Recognition (SR) ZEOA= 24 A58 dAER HS)
sit}. o] HEOA ol FYS Speech-To-Text
(STT) T 5lH, 84 A3 &A= L1490 HES

7liko g2 oulst tho] A4S AAJSH} o] EOA] A3
H ZHE2 ofe] 23 FREA gt JRE Edlok= F
A FEHY S ok

How is
the weather,

today? P INTENTION: Weather
Speech Language DATE: TODAY
I Recognition Understandmg
D\alog
Management
Natural
Speech Language
Synthesis | * i

Generation } "|NTENTION: Weather

DATE: 2018-01-02
LOCATION: Seoul(KR)

Temperature is
20, and it's raining.

WEATHER: RAIN
TEMPERATURE: 20

Fig. 1. Pipeline process of dialog system
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2.2 Domain Classification
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2.3 Machine Learning

2.3.1 Convolutional Neural Network
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2.3.2 Random Forest
2 Aol ARSAP HStAI AR iRt HAE
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3. Machine Learning Based Domain Classification

3.1 Data Investigation
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Table 1. Data samples used for experiments

Domain Sentence (data instance)
. He O AR AR
hospital (When does the hospital begin?)
hospital S Q%Amv . ]
(When does the Chungnam university hispital begin?)
! QHik= O
hospital (Where is ophthalmic clinic?)
Z0[oH
emergency (Fire)
AR 07| Z=0F
emergency (Help, thief)
RpElo|cH
emergency (Earthquake!)
T QIH| <
transport (When will train come?)
HPMOY XIGH OFX[2} ROF?
transport (When the last train arrives at the Banseok station?)
transport i XI??’S ORR|RRE AR SZ 6l )
(When the last train arrives at the Panam station?)
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Fig. 2. Distribution of the sentence length (i.e., the
number of tokens in sentences)

3.2 Convolutional Neural Network

2 AFolAE =Rl ERE fIs 92ld 7ol &9
+ CNN 22e A8s13et, olefogs 24| 5 7
T7HEoHTE ¥ £2 452 €2 o T &EA 9l
O AAlE= 0] tE HlolHof Higt 229 e
F= GER)7] wizo] Hlofe A EAlsle] BY x5
AAsHoF o vt Qick

e Pl it
FIatten connected Lt

s L]

Fig. 3. CNN structure for domain classification

S A-e] JEEl= A2 HIAE BRE 9ol & At
oA AART CNN T2+ Fig. 3 & Zth. == "9AE
B4 S= by by, ..., bis] © oo, embedding layer
Emb)E &3l Z B2 b, (0 < 7 < |S))°] F~dimensional
vector = HHATE oA do] HgE B3l Bk £
x §PEL 7 ETO| ouly EAS GA drk 1fsial
A} 3= convolution size WidthE& C={G, & G, ...,
Crep 1L 3192 1, convolution width G & 913t
S x G Ho] convolutional filterS AXEA G Z7]4t
29 94 F2 x4 EAL B2 2 ARt of
convolutional filter7} oJHg E4& Hohdz|&= tolH
£ B9l SsEH, 299 £ 23k Hobd 4= 97w
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filterg AXES oA B} tjeRsl £ 23 ot
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S 59 387 Ao= e 4= ik
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£ AoflA] AAIFE CNN ZE2 thistA A0 ]
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3.3 Random Forest

Sis5 HlolE] YRERE Pul= 24 JrEFE = A
2 T2 feature ZFOA] 22 2 9l HiElS mElE)slA|
2o, o}59] 239l RF HHle tjofst Hele 1ejsis
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Fig. 4. Random Forest
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RF BEO] 2= 2 AoflA AAIRE CNN 229
20} A% oA fARE A E £ e, S5 B9
AgE 7 AEAER]= vkX] CNN ZHoA 852 B
5f A== convolutional filter®} go] st &
5= om, JRAYE | AIEERE votingdh= I
2 E Ao HARE CNN 2H9] pooling layeriE
output layer7}A|2] g} HIESI AL £ &= Qitk THA
dslE, CNN dlo] 7Fd of& 7H9] convolutional filter
= 499 feature X2 VEHTOZH A2 TE IS
HEESK= RF 249 7 QARAAERQ} 11 o] Zrh
1L & 4= 919H, pooling layerfH output layer7lA|2]
T2 ofd] JAEAEQ] Ak SollA {9t 2HE
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4. Experiment

4.1 Data and Parameter Setting

Ao ARGE Hloleh= & 7709 Trle]] tigh E4E0TH,
7} Tl ¥ B3 7 Table 29} 2tk Alarm, transport,
weather ITEH|10]] H]61o] bible, campus_admission =EH|Q]
2 tolE 77t o 22 data imbalance BAVE &S

o % oI

Table 2. Data statistics

Domain Number of sentences
alarm 2729
bible 197
campus_admission 258
emergency 1014
hospital 832
transport 2633
weather 4792

E 7oA tiFE = s A dFEE B2 iR
£ 3~5719] EZ0 2 o|Fojxlrh= Hojl &kkste] CNN
2H9] convolution size C = {3, 4, 5} A&t oM,

grid searching= %3} Z convolution size®@Z 25671
9] convolutional filter’} ZA5k= 125 519t &
9] EZ HdiZolE ARtst (S| = 158 Zgsiylon,
Zol7}t 15 vlekel F49] HEE-L wijlgdsigitt. FC layer
9] dimension< 10022 3} 1 24 regularization &
W7} Qlek @A drop-out 71¥ES keep probability
0.12 A-8519rH19]. Embedding dimension A= 1024
2 4o}, Convolutional layer®] weight ZE
normal(0, 0.05)22 %7]3}5}1 biase 0202 %7135}
2A.9H, embedding layer= uniform(-0.05~0.05)% %
718}t FC layer+ Xavier uniform initialization©.
2 271358} biask 002 271316190tH20]. 3RS 9
g Adam YAEF(E7ISEE 0.0001)2 ARESH oM,
data imbalance BAl SEE Hdll cost-sensitive
learnings A-8sItH21]. 85 wiA] Z71= 100, &
epoch = 2002 Aot

RF 2ES Hok= QAHEAET 7id= 100712 4
Aoiglon, 2 SRFEHED] S Aol MEH == ol
B 9] Hl&2 100%= ottt ZF QAFEHEL] A3/de] 1
S= feature /5 logESpH+12 5190, 7+
A ERY] Zo| ARk FA] stk

4.2 Result

CNN g, RF &4 Qo] baseline®=® Decision
Tree (D)= AHs9.0H, A3k= Fig. 5, Fig. 6, Fig. 7
of @ot=]ojQltt. 7+ Ad5 A= precision, recall, Fl
scoreo|™ Z} TH|R19] Hlo|BlE ar=A] E3EAX] 10-fold

cross validationZ &3l St

PRECISION

E DecisionTree CNN ERF

SO0 LO9E
oRNwEbLaN®LR

Fig. 5. Precision of comparable models
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Fig. 6. Recall of comparable models
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Fig. 7. F1 score of comparable models

DT Z¥3 CNN 222 ZvQlo] wk2 4d50] 02 ~
0.3 F= AJo|7} P=H, cost-sensitive learning &
SIZolE Bl Bl tlolg Zigrt AL EH|Rlo]
Al 50l WA U ZEZ & 4= ot B RF ZE v
Qlo] W& 5 &ol7} 0.1 Sl IH Tt RF B2 9]
feature® J12fol= GAHEANER] A4 TFollA TlofE

B AP Sk HI/1] HlolEo] thefME At
Aow SEE QI AT 4= Qlrt 2t EH|R19] H|ofE
7N&of Wb weighted scoreS AWIst A3}= Table 3
I 2t

Table 3. Weighted performance of comparable models

Model We|ghjed Weighted |Weighted F1
precision recall score
Decision Tree 0.909 0.906 0.905
Convolutional 0.970 0.965 0.965
neural network
Random Forest 0.977 0.976 0.976

CNN 299} 50| DT Rdof| H| 73S u uf> =2
A501 AL AP0 Ak RF Hdlo] AHukdoa CNN 2
oMte] F2 A5E Dok AL TET S QU9 Bt

o= =2 — A= L_"'lE—'—

ofyzl, dlofg &4 AT E¥sk= =HIIY bible,
campus_admission 52| THQIES] et A= EF &
Hla & Zo] glo] w2 F5s FA AL ERIT =

=
AT

5. Conclusion

St ARIC] o] ofel] mEAA MRl e oS-
Zasict. dishAE JYshs £t 3~5719]
EZ0Z o]Rojx] Zr2 FARIY), olet g Bl of
S 2ol BERE 98l 71AIsks meS a9t 24
F=3t Hlofelo] gay 71‘%101 CNN %%, Random
Forest (RF) & 52 #-8oto] A3} oH, RF HEo]
7P BE e BT 25, 2 A7l AR ONN
ey} E}E 29 CNN ndg Frkste] Adsie] o &
2 FeS 7 THQl 7 1El 7S X435k Agoltt,

REFERENCES

(11 Amazon Alexa. https://developer.amazon.com/alexa

[21 Naver Clova. https://clova.ai/ko

[3] Samsung Bixby,
https://www.samsung.com/sec/apps/bixby/

[4] Y. S. Jeong. (2018). Out-Of-Domain Detection Using

Hierarchical Dirichlet Process. Journal of The Korea
Society of Computer and Information, 23(1), 17-24.

5] W. S. McCulloch & W. Pitts. (1943). A Logical
Calculus of Ideas Immanent in Nervous Activity. 7he
bulletin of mathematical biophysic, 5(4), 115-133.

[6) A. Krizhevsky., I Sutskever. & G. E. Hinton. (2012).
ImageNet Classification with Deep Convolutional
Neural Networks. Proceedings of the 25th
International Conference on Neural Information
Processing Systems. (pp. 1097-1105).

[71 K. Simonyan. & Andrew Zisserman. (2015). Very
Deep Convolutional Networks for Large-Scale Image
Recognition.  Proceedings of 3rd International
Conference on Learning Representations. (pp. 1-14).

8] K. He., X. Zhang, S. Ren. & J. Sun. (2016). Deep
Residual Learning for Image Recognition.
Proceedings of IEEE Conference on Computer Vision
and Pattern Recognition. (pp. 770-778).

91 C. Szegedy., W. Liu., Y. Jia., P. Sermanet., S. Reed., D.

Anguelov., D. Erhan., V. Vanhoucke. & A. Rabinovich.



8 SHE=EX M9H i8S

(101

(11

(121

(13]

[14]

(15]

(16l

(171

(18]

(19]

[20]

[21]

(2015).  Going
Proceedings of IEEE Conference on Computer Vision

Deeper  with  Convolutions.
and Pattern Recognition. (pp. 1-9).

Y. Kim. (2014). Convolutional Neural Networks for
Sentence Classification. Proceedings of the 2014
Conference on FEmpirical Methods in Natural
Language Processing. (pp. 1746-1751).

H Kim & Y. S Jeong. (2019). Sentiment
Classification Using Convolutional Neural Networks.
Applied Science, 9(11), 1-14.

S. Baker., A. Korhonen. & S. Pyysalo. (2016). Cancer
Hallmark Text Classification Using Convolutional
Neural Networks. Proceedings of the Fifth Workshop
on Building and Evaluating Resources for Biomedical
Text Mining. (pp. 1-9).

S. Lai, L. Xu, K. Liu. & J. Zhao. (2015). Recurrent
Convolutional ~ Neural — Networks  for  Text
Classification. Proceedings of the Twenty-Ninth
AAAI Conference on Artificial Intelligence. (pp.
2267-2273).

A. Jacovi, O. S. Shalom. & Y. Goldberg. (2018).
Understanding Convolutional Neural Networks for
Text Classification, Proceedings of the 2018 EMNLP
Workshop BlackboxNLP: Analyzing and Interpreting
Neural Networks for NLP. (pp. 56-65).

L. Breiman. (2001). Random Forests. Machine
Learning, 45(1). 5-32.

J. R. Quilan. (1986). Induction of Decision Trees.
Machine Learning, 1(1), 81-106.

B. Xu, X. Guo., Y. Ye. & J. Cheng. (2012). An
Improved Random Forest Classifier for Text
Categorization. Journal of Computers, 7(12),
2913-2920.

A. Bouaziz., C. Dartigues-Pallez., C. da C. Pereira., F.
Precioso. & P. Lloret. (2014) Short Text Classification
Using Semantic Random Forest. Proceedings of
International Conference on Data Warehousing and
Knowledge Discovery. (pp. 288-299).

N. Srivastava., G. Hinton., A. Krizhevsky., I. Sutskever.
& R. Salakhutdinov. (2014). Dropout: A Simple Way
to Prevent Neural Networks from Overfitting. Journal
of Machine Learning Research, 15, 1929-1958.

X. Glorot. & Y. Bengio. (2010). Understanding the
Difficulty of Training Deep Feedforward Neural
Networks. Proceedings of the 13th International
Conference on Artificial Intelligence and Statistics.
(pp. 249-256).

D. P. Kingma. & J. L. Ba. (2015). Adam: A Method for

Stochastic Optimization. Proceedings of the 3rd

International Conference on Learning
Representations. (pp. 1-15).

H & &(Young-Seab Jeong) PSEE]|

- 201649 24 : =IRY e Al

(F2HEAD
- 2016¥ 2¥ ~ 20164 124 : Naver
20179 1Y ~ 34 : $HsRsl |

dlolegel s

- TRk 1 A, HHolE
- E-Mail : bytecell@sch.ac.kr



