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Out-Of-Domain Detection Using Hierarchical Dirichlet Process
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Abstract

With improvement of speech recognition and natural language processing, dialog systems are

recently adapted to various service domains. It became possible to get desirable services by

conversation through the dialog system, but it is still necessary to improve separate modules, such as

domain detection, intention detection, named entity recognition, and out—-of—domain detection, in order

to achieve stable service offer. When it misclassifies an in—domain sentence of conversation as

out—of-domain, it will result in poor customer satisfaction and finally lost business. As there have

been relatively small number of studies related to the out—-of-domain detection, in this paper, we

introduce a new method using a hierarchical Dirichlet process and demonstrate the effectiveness of it

by experimental results on Korean dataset.
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Fig. 1. Flow of dialog system

How is the weather,

today? In-Domain
15 degrees of Celsius,
Weather clear
Sports
What's the number Music
one song?

Night letter of 1.U.

1.U. is a singer X

Fig. 2. Failure example of OOD detection

What's the law of
gravity?

[l. Background

1. Research Necessity

A 2B HE YA 0= Fig. 13} o]
;‘q 57(1—_0_
7V A
e, o
(8], =
]

2 Al E A
TR oA A eSS dEol N7
bet 92EE 07 AlFditt g AET} opd ThE
S Lattice Fejo AYES Add == YA
o] o]a] WAlellA Aela7le] Y AET} folstnw &
5 o4 92 aAle] AdEE Alwetl ek 2o
ME 9 THE2E)d diste] Wi-Aow oy
|

AA H=dl, 25 szt =il FE ol tiskA

OCA

e 2

PN

Al

ol
)
m

3]

oA

o
=
A

k>
1t
Y

2]lo] Algal= AR 55 S = {S], ..., Skoll &% 7} Sig
A rQloletar A3 g oy, EHQ’\]*EM] AHE= Aol
= 92ETHN Y] ErQE T o= &84 o mAd
=2l A S Ash= o] Hasith
mlQl =RAA A A sk 71 o] A ] 7Ies
o] mig- S 75, ol AREARe] A~
sle] e-’F »15} Fig. 2014 v] 1 =
E@Tﬂ 915}

i)
N
A o
K 0%

ol
=L

o e

k1
|l o
oy e
> ﬁ
N

o &y

|
h
j

e o))
N
i
=
fetl
o, r1r
e
o
A
&

lo rr 2 o I o
e
>
3
K
)Jl
dlo
[e]
=
<O,

‘l’m r_{ﬂ
o
o
=
N
o,
k1
=
ro,
jals
tlo
o
il
_O,L
ﬁ

-~ >+ﬂ
_O,L
i:l

X o ol o
Iy
o Mo
N oX i md
o o B OF
o, >~
>
oo
kY

o
[N
o
At
tlo
N
e,
&
%9,
X
i
T

2. Related Work

A =Rl AES 98 T8 7S A A 37
ATk A WA BH2 ‘dole o gk ©
Aol disk A, Al A= AE A

2.1 Data

s 2R g ARe o, AFelnt s Al 55
S7 0% AAa) Ak Aul2s B2 5o & 2 Au)
Zb Rl ajdshs vlolelE 1 % HAste], tisha =
T3skE 72 S diold 7|k 7)AIgs REES A Sl
ok Bk 4 Qs A]lebl ek 5, Soll krje) wlglol

nﬂ k—ﬂ w
tlo i

J

S
&0 A, 4 =Hed Sl dlgEks dolHE mol 1 E
dlolE S Dk xAshhd, zF gloje] 4 € Dy = {dy, ..., duE

Erle] §91 Ao e =o] ook 71AIgk:

5ol Sl AR %% Zolet. tiEpA| 8 ks f1sl k7Re]
Foh= dolHAES 71 # Bdshe A

1% m Q1o Bigk dlofel= i

b A8k vlA e =l s

H% 0134 ST, o st
01% 7] welth, ol
e oA HEla,

Eﬂﬂ Aeﬂoa;v} E}% l"ﬁcolmﬂ H] &l wwlsAl ===
& 2 o7 HAT o EARE oAk 9T = =

719 [9]0] 270E A=, ol=
A v 3

N
_O‘L
B
§2
rr
4
ol
=
=
3
r

M 2 52 ool ol )y ol
A ol
.
.2 '
o
—l>J =
:o; i
o b
of mN
T ol
% ol
T >\‘
= ol
_O}L
>,\(

n
N
)
_|>i

o
>~ T [
L;.J
)}
@,
(@}
—t
(o)
[aR
—
jon]
—t
(o}
=
k)
o,
o
=g
9]
=]

t‘_
a

4 2
o2,
_O‘L
rlr
05
it
o,
_Q
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Table 1. Statistics of dataset

Domain Number of sentences

alarm 2,729
calendar 2,460
campus 127

control 4,388
emergency 166

sports 3,057
weather 4,792

Table 2. Sample sentences of each domain

Domain Sample sentences
alarm - 1AL &2t ZX} (Cancel alarm 1 PM)
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- 2&529| Y™ (Today schedule)
- j st™ 2olof? (How is my grade?)
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(My student ID is 20171234)
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emergency | E&%E (Fire, fire, fire)
- £50|0} (Thief)
- 25 4HM HI|stH?
sports (Any game of Nexen, today?)
- 2& F7| stzdLt (Any game, today?)
- e GME 2 4o
weather (Wanna know today weather ASAP)
- 2529 7|2 (Today temperature)
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Table 3. Classifiers and settings

Classifier Definition and setting
NB — Probabilistic classification model that is based
. on bayes’ theorem which assums the
(naive bayes) )
independence between features
LR — Probabilistic model utilizing a linear combination
(logistic of independent features
regression) — Trained via ridge estimator

MP (multilayer
perceptron)

— Feed—forward neural networks having at least
three perceptron layers

— Number of hidden layer = (#features +
#classes)/2

— Mini—-batch size=100, learning rate=0.3,
momentum=0.2, #epochs=500

— Trained via back—propagation algorithm

RF
(random forest)

— Kind of ensemble model that generates final
result by incorporating results of multiple
decision—trees

— #trees=100

- #features=log(#trees)+1

— Each tree has no depth—limitation

SVM (support
vector
machine)

— Non-probabilistic binary classification model
that finds a decision boundary with a maximum
distance between two classes

— Kernel: Poly

— Exponent=1.0, Complexity c=1.0

— Trained via sequential minimal optimazation
algorithm [30]

0.6

0.5

0.4

0.3

ENB LR EMP ERF © SVM

0.2
. [

alarm calendar campus control emergency sports weather

Fig. 6. Equal error rate (EER) of the classifiers between
different targeted out—of-domains with HDP—generated
features, where vertical axis represents EER and horizontal

axis indicates domains
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V. Conclusions
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