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Out-Of-Domain Detection Using Hierarchical Dirichlet Process

Young-Seob Jeong®

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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2.2 Classifier
XY =del $E mdaA oy JiX7F HEEHAE,

Linear Discriminant Model (LDM) [16], Latent Semantic



Out-Of-Domain Detection Using Hierarchical Dirichlet Process 19
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Table 1. Statistics of dataset
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- 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]
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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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