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In recent years, studies on chat-oriented dialog systems have been actively conducted due to the spread of dialog
agents. On the other hand, many chat-oriented dialog systems have frequent dialog breakdown in which dialog
is not smoothly performed. To tackle this problem, we propose a method to perform fast learning and robust
dialog breakdown detection using Dialog Model based on Quasi-Recurrent Neural Networks (QRNN). To clarify
the effectiveness, we conducted comparison experiment with other Recurrent Neural Networks (RNN) models, and
show that QRNN has a faster learning and more accurate dialog breakdown detection than RNN.
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3.2 Quasi-Recurrent Neural Networks
QRNN 2

[5] n

T X ∈ R
T×n k

m {Wz,Wf ,Wo} ∈ R
k×n×m

(1)∼(3)

{Z,F,O} ∈ R
T×m

k − 1 Masked Convolution[6]

Z = tanh(Wz ∗X) (1)

F = σ(Wf ∗X) (2)

O = σ(Wo ∗X) (3)

(4) (5)

(fo-poolng)

ct = ft � ct−1 + (1− ft)� zt (4)

ht = ot � ct (5)

3.3 QRNN
(1)∼(3) Encoder h̃T

Decoder

Z = tanh(Wz ∗X + Vzh̃T ) (6)

F = σ(Wf ∗X + Vf h̃T ) (7)

O = σ(Wo ∗X + Voh̃T ) (8)
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• Accuracy :

• F-measure(X) : X F

Precision (Recall)

(F-measure)

• F-measure(�+X) : � X

F

• Mean Squared Error (O, , X) : .

• JS Divergence (O, , X) : Jensen-Shannon divergence
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GRU ( ) GRU

LSTM ( ) LSTM

QRNN ( ) QRNN

Chainer∗1

GPU GeForce GTX Titan X GPU

CUDA-8.0∗2 .
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1

2

DCM DIT IRS

• O :

• � :

• X :

1 1 21

1:

O � X (%)

rest1046 1046 58.3 25.3 16.4

DCM DBDC dev/test 20/80 37.1 32.2 30.6

DCM dev/test 50/50 39.8 30.2 29.9

DIT DIT dev/test 50/50 33.0 27.4 39.5

IRS IRS dev/test 50/50 37.4 24.3 38.3

30 (O, �, X)

O, �, X

∗1 http://chainer.org
∗2 https://developer.nvidia.com/cuda-toolkit
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4000

<unk>

DCM dev DIT dev IRS dev

60

rest1046 DBDC dev/test DCM dev DIT dev

IRS dev

(rest1046)

DCM test DIT test IRS test

4.4
256 256 RNN (LSTM
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2: QRNN

layer in-ch out-ch kernel stride

1st (Encoder) 256 256 × 3 (6,1) 1

2nd (Encoder) 256 256 × 3 (2,1) 1

1st (Decoder) 256 256 × 3 (1,1) 1

2nd (Decoder) 256 256 × 3 (1,1) 1

0 1√
256

32

5

Adam

(alpha=0.01 beta1=0.9 beta2=0.999 eps=1×10−8)

200 epoch

20 epoch rbf SVM

F-measure

dropout weight decay

dropout∈ {0.3, 0.4, 0.5} weight decay∈ {2 ×
10−3, 2 × 10−4, 2 × 10−5}

F-measure GRU

dropout 0.3 weight decay 2 ×10−4 LSTM dropout

0.5 weight decay 2 ×10−5 QRNN dropout 0.3

weight decay 2 ×10−4

dropout dropout

4.5
3

QRNN LSTM

3.2

QRNN

4 DCM Ac-

curacy F-measure(�+X) QRNN

RNN

∗3 http://mecab.sourceforge.net
∗4 https://github.com/neologd/mecab-ipadic-neologd
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3: [epoch/s]
��������Model

Layer
1 2 4

GRU 59.11 107.7 210.6

LSTM 71.80 139.2 254.4

QRNN 22.51 43.93 85.26

4:
System Model Accuracy F-measure F-measure MSE JSD

(X) (�+X) (O,�,X) (O,�,X)

GRU 0.4709 0.4872 0.6175 0.0657 0.1309

DCM LSTM 0.5018 0.4510 0.6414 0.0651 0.1270

QRNN 0.4909 0.5116 0.5880 0.0635 0.1256

GRU 0.5873 0.6853 0.7995 0.0463 0.0919

DIT LSTM 0.6073 0.7131 0.8973 0.0445 0.0874

QRNN 0.6091 0.7137 0.9175 0.0367 0.0762

GRU 0.4873 0.5424 0.6944 0.0773 0.1485

IRS LSTM 0.5091 0.5817 0.7207 0.0753 0.1439

QRNN 0.5291 0.6314 0.7970 0.0687 0.1350

RNN QRNN
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