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Abstract
This paper presents a novel unsupervised domain adaptation
method for dialogue sequence labeling. Dialogue sequence labeling is a supervised learning task that estimates labels for
each utterance in the given dialogue document, and is useful
for many applications such as topic segmentation and dialogue
act estimation. Accurate labeling often requires a large amount
of labeled training data, but it is difficult to collect such data
every time we need to support a new domain, such as contact
centers in a new business field. In order to solve this difficulty, we propose an unsupervised domain adaptation method
for dialogue sequence labeling. Our key idea is to construct
dialogue sequence labeling using labeled source domain data
and unlabeled target domain data so as to remove domain dependencies at utterance-level and dialogue-level contexts. The
proposed method adopts hierarchical adversarial training; two
domain adversarial networks, an utterance-level context independent network and a dialogue-level context dependent network, are introduced for improving domain invariance in the dialogue sequence labeling. Experiments on Japanese simulated
contact center dialogue datasets demonstrate the effectiveness
of the proposed method.
Index Terms: dialogue sequence labeling, unsupervised domain adaptation, hierarchical adversarial training

1. Introduction
With the progress of automatic speech recognition, expectations
for the understanding and utilization of linguistic information of
human-to-human conversation are increasing. For example, by
understanding a telephone conversation document in a contact
center, a service for discovering customer needs and issues with
the center was developed [1-6].
In this paper, we focus on utterance-level dialogue sequence
labeling, a key component that is important for document understanding. Dialogue sequence labeling is often modeled as a
supervised learning task that estimates labels for each utterance
when given a dialogue document, and is useful for many applications such as topic segmentation, dialogue act estimation,
and call scene segmentation [7-14]. In particular, to understand
conversation documents in a contact center, it is necessary to
consider who spoke what and in what order. It has been reported that the method of modeling a long-term context across
utterance boundaries is effective in achieving both [12].
In order to realize highly accurate dialogue sequence labeling, a large labeled training dataset is required. Accordingly, we
have to set labels to dialogue transcripts for comprehensive dialogue understanding every time a new domain emerges to challenge the contact center, such as a new business field. However,
it is difficult to collect a large amount of labeled target domain
data, and this difficulty is a major problem for expanding the
solutions for contact centers.

To overcome the difficulty in collecting labeled target domain data, we focus on unsupervised domain adaptation that
uses both source domain datasets with annotated labels and target domain datasets without labels to train a model for the target
domain. In recent years, many successful cases have been reported in the image processing field, and most of them have
been realized by adversarial training using a domain classification network that identifies the domain of the input image
[15-20]. Unsupervised domain adaptation is considered to be
a suitable approach to reduce labeling costs because the model
for the target domain can be constructed without labeled target
domain data. However, no truly effective unsupervised domain
adaptation techniques for dialogue sequence labeling have been
described so far.
In this paper, we propose a novel unsupervised domain
adaptation method for dialogue sequence labeling. Our method,
similar to the approach used for image processing, consists of
adversarial training with domain classification networks; domain classification networks are used for improving the domain
invariance of the main network. Unlike the method in the field
of image processing, which uses one domain classification network, our method, hierarchical adversarial training, hierarchically structures two domain classification networks which individually identify domain labels from long-term and short-term
contexts. By achieving domain-invariant dialogue sequence labeling via hierarchical adversarial training, our method is expected to perform labeling in the target domain with high accuracy. To the best of our knowledge, this is the first method to
achieve unsupervised domain adaptation for fully neural networks based dialogue sequence labeling through adversarial
training. Our experiments on Japanese simulated contact center
dialogue datasets demonstrate the effectiveness of the proposed
method.
This paper is organized as follows. Section 2 describes
work related to unsupervised domain adaptation for dialogue
sequence labeling. We introduce dialogue sequence labeling
based on a fully neural network in Section 3. Section 4 details
our proposed method. In Section 5, we describe the evaluation
conducted and the results gained. Section 6 concludes this paper.

2. Related work
2.1. Utterance-level dialogue sequence labeling
Utterance-level sequence labeling is used for topic segmentation and dialogue act estimation [7-14]. Hierarchical recurrent
neural networks based on token units and utterance units are often used to efficiently capture short-term contexts between tokens and long-term contexts between utterances. In this paper,
we focus on the utterance-level sequence labeling of hierarchical recurrent neural networks specialized for conversation documents [12]. In order to eliminate the need to collect a large
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amount of labeled training data, we introduce an unsupervised
domain adaptation technique into utterance-level dialogue sequence labeling.
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2.2. Unsupervised domain adaptation
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Unsupervised domain adaptation is the technique to convert a
machine learning model from a source domain into the target
domain equivalent by using unlabeled data of the target domain.
Recently, unsupervised domain adaptation methods for classification models based on fully neural networks have been proposed in the image processing field [15-20]. The typical method
matches the distribution of the intermediate representation of
the target domain with that of the source domain. In particular,
algorithms based on adversarial learning with domain classification network, i.e. domain adversarial network, that identify
domains of input have been applied to many tasks [15]. This
paper also employs domain adversarial network-based unsupervised domain adaptation. Our method uses two domain adversarial networks to efficiently remove the dependencies of shortterm contexts between tokens and the long-term contexts between utterances.

3. Utterance-level dialogue sequence
labeling
This section describes utterance-level dialogue sequence labeling in conversation documents using neural networks. This task
estimates utterance-level label sequence Y = {y 1 , · · · , y T }
from input utterance sequence X = {x1 , · · · , xT } using neural networks, where the t-th label y t ∈ Y and Y is the set of
labels. Label types are task dependent, for example call scene
labels for call scene segmentation in the contact center.
In our dialogue sequence labeling, the t-th label y t is estimated from {x1 , · · · , xt }. For this, conditional probability
P (y t | x1 , · · · , xt , Θ) is modeled where Θ represents a model
parameter. The t-th label can be categorized by:
ŷ t = arg max P (y t | x1 , · · · , xt , Θ).
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Figure 1: Structure of dialogue sequence labeling network.

self-attention mechanism. The t-th utterance continuous representation is calculated as:
st = SelfAttention(ht1 , · · · , htK t ; θ s ),

(4)

where SelfAttention() is a transformational function that converts to a fixed-length vector by weighting and adding individual hidden representations that consider the importance of each
element [21]; θ s is the trainable parameter.
In the utterance-level LSTM-RNN, interaction information
from start-of-dialogue to the t-th utterance is incrementally embedded into a continuous vector representation. The t-th continuous vector representation that embeds all dialogue context
sequential information up to the t-th utterance is given as:
ut = LSTM(s1 , · · · , st ; θ u ),

(5)

where LSTM() is a function of the unidirectional LSTM-RNN
layer, and θ u represents the trainable parameter.
In the output layer, predictive probabilities of the labels for
the t-th utterance are defined as:
ot = SOFTMAX(ut ; θ o ),

(6)

y t ∈Y
t

1

t

In this paper, we assume that P (y | x , · · · , x , Θ) is
modeled by hierarchical long short-term memory recurrent neural networks (LSTM-RNNs) which are based on fully neural
networks [12]. Figure 1 shows the structure of the labeling network.
The t-th utterance xt consists of token sequence
t
t
{w1t , · · · , wK
t }, where K is number of tokens in the t-th utterance. Each token is first converted into a continuous vector
representation. The continuous vector representation of the k-th
token in the t-th utterance is given by:
wkt = EMBED(wkt ; θ w ),

where SOFTMAX() is a softmax function, and θ o is a model
parameter for the softmax function. ot corresponds to P (y t |
x1 , · · · , xt , Θ).
The model parameters Θ = {θ w , θ h , θ s , θ u , θ o }
can be optimized by preparing training dataset D =
{(X1 , Y 1 ), · · · , (XN , Y N )}, where Xn and Y n are input utterance sequence and reference utterance-level label sequence,
respectively. In this case, cross-entropy loss is computed by:
L=−

N Tn
1 XXX t
on,y log otn,y ,
N n=1 t=1 y∈Y

(7)

(2)

where EMBED() is linear transformational function that embeds a symbol into a continuous vector and θ w is the trainable
parameter. In the token-level LSTM-RNN, each token vector
representation is first converted into a hidden representation that
takes neighboring context into consideration. The hidden representation for the k-th token in the t-th utterance is calculated
as:
t
h
htk = BLSTM(w1t , · · · , wK
(3)
t ; θ ),
where BLSTM() is a function of the bidirectional LSTM-RNN
layer, and θ h is the trainable parameter. The hidden representations are then summarized as an utterance representation by a

where otn = [otn,1 , · · · , otn,|Y| ] and otn = [otn,1 , · · · , otn,|Y| ]
are the reference and estimated probabilities of label y for the
t-th end-of-utterance in the n-th conversation, respectively; Tn
is the number of utterances in the n-th conversation. The optimization can be conducted by mini-batch stochastic gradient
decent (SGD). The model parameters are updated by:
Θ ←− Θ − µ

∂Lb
,
∂Θ

(8)

where µ is the learning rate and Lb is the cross-entropy loss for
the b-th mini-batch.

4. Proposed method
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This section details the proposed unsupervised domain adaptation method for utterance-level dialogue sequence labeling.
To optimize a model in the target domain, this training uses
both source domain datasets with annotated labels and target
domain datasets without labels. To this end, we compose hierarchical domain adversarial networks with a gradient reversal
layer (GRL). GRL accepts input vectors during forward propagation, and sign inversion of the gradients during back propagation [15].
The main idea of the proposed method, hierarchical adversarial training, is to use hierarchically-structured two domain
adversarial networks, which individually identify a domain label from long-term and short-term contexts. The first domain
adversarial network, named context-independent domain adversarial network (CIDAN), classifies the domain of the input document by capturing utterance-level hidden representation of the
labeling network. In CIDAN, feedback by backpropagation is
processed on each utterance in order to efficiently cut the domain dependency of specific utterances that may have domain
dependency, such as utterances that include domain specific tokens. The second domain adversarial network, named contextdependent domain adversarial network (CDDAN), classifies the
domain of the input document by capturing dialogue-level hidden representation of the labeling network. In CDDAN, feedback by backpropagation is processed at the utterance-level in
order to remove all domain dependency present in the utterance
flow. By using two domain adversarial networks, our method
efficiently achieves domain-invariant dialogue sequence labeling.
Figure 2 shows structure of the proposal. The CIDAN estimates input domain dtCI ∈ {ds , dt } from utterance-level hidden representation st using neural networks, where ds and dt
represent labels for source and target domain, respectively. In
CIDAN, the hidden representation of each utterance is embedded into one vector. The vector representation that embeds the
t-th utterance is given as:
v t = DENSE(st ; θ v ),

(9)

where DENSE() is a function of fully-connected layer, and θ v
represents the trainable parameter. In the output layer, predictive probabilities of the domain label are defined as:
q t = SOFTMAX(v t ; θ q ),
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Figure 2: Structure of proposed domain adversarial networks.
Table 1: Details of the dialogue dataset.
Business type

#calls

#utterances

#tokens

Finance
Internet provider
Government unit
Mail-order
PC repair
Mobile phone

59
57
73
56
55
61

6,081
3,815
5,617
4,938
6,263
5,738

55,933
47,668
48,998
46,574
55,101
51,061

{θ w , θ h , θ s }, ΘU = {θ u } and ΘO = {θ o }, can be
optimized by preparing both source domain training dataset
DS = {(X1 , Y 1 ), · · · , (XN , Y N )} and target domain training dataset DT = {XN +1 , · · · , XN +M }. In this case, the
cross-entropy loss for CIDAN, CDDAN and labeling network
is computed from:
LCI = −

Tn
NX
+M X
1
N + M n=1 t=1

LCD = −

Tn
NX
+M X
1
N + M n=1 t=1

(10)

where θ q is a trainable parameter for the softmax function.
CDDAN estimates input domain {d1CD , · · · , dTCD } sequentially from the dialogue-level hidden representation
{u1 , · · · , uT } using neural networks, where dtCD ∈ {ds , dt }.
In CDDAN, dialogue-level hidden representation is embedded
into a continuous vector representation. The t-th continuous
vector representation that embeds all hidden representation behind the t-th utterance is given as:
z t = LSTM(u1 , · · · , ut ; θ z ),

CDDAN

࢘௧

LY = −

X

t
,
q tn,d log qn,d

(13)

t
rtn,d log rn,d
,

(14)

d∈{ds ,dt }

X
d∈{ds ,dt }

N Tn
1 XXX t
on,y log otn,y ,
N n=1 t=1 y∈Y

(15)

where q tn = [q tn,ds , q tn,dt ] and r tn = [rtn,ds , rtn,dt ] are the
reference probability of domain label d for the t-th utterance
t
t
in the n-th conversation, and qnt = [qn,d
, qn,d
] and rnt =
s
t
t
t
[rn,ds , rn,dt ] are their estimated probabilities. The optimization can be conducted by mini-batch SGD. Due to use of GRL,
the model parameters are updated by:
ΘCI ←− ΘCI − λ

∂LbCI
,
∂ΘCI

(16)

z

where θ represents the trainable parameter. In the output layer,
predictive probabilities of the domain label are defined as:
t

t

r

r = SOFTMAX(z ; θ ),
r

(12)

where θ is a trainable parameter for the softmax function.
The model parameters for CIDAN ΘCI = {θ v , θ q },
CDDAN ΘCD = {θ z , θ r }, and labeling network ΘS =

∂LbCD
ΘCD ←− ΘCD − σ
,
∂ΘCD
 b

∂LY
∂Lb
∂Lb
ΘS ←− ΘS − µ
− λ CI − σ CD ,
∂ΘS
∂ΘS
∂ΘS


b
b
∂LY
∂LCD
ΘU ←− ΘU − µ
−σ
,
∂ΘU
∂ΘU

(17)
(18)
(19)

Table 2: Experimental result for BLSTM-LSTM model in terms of classification accuracy (%).
Target domain

Finance

Internet provider

Government unit

Mail-order

PC repair

Mobile phone

Train on target
Source only

84.95
77.08

83.95
73.60

88.82
76.73

75.35
67.50

87.19
77.56

83.56
74.33

CIDAN only
CDDAN only
CIDAN+CDDAN

77.93
76.49
78.87

74.92
74.06
76.66

77.99
77.07
80.05

72.76
70.86
74.63

83.30
76.34
83.60

81.49
76.41
81.94

Table 3: Experimental result for LSTM-LSTM model in terms of classification accuracy (%).
Target domain

Finance

Internet provider

Government unit

Mail-order

PC repair

Mobile phone

Train on target
Source only

82.62
75.33

83.10
72.06

88.43
77.41

75.85
68.83

86.62
78.69

85.59
73.26

CIDAN only
CDDAN only
CIDAN+CDDAN

76.44
75.42
77.25

73.19
72.37
75.56

77.47
75.03
79.08

71.13
70.27
73.43

81.58
76.79
82.48

79.92
76.39
81.87

∂LbY
,
(20)
∂ΘO
where λ, σ and µ define the learning rate, and LbCI , LbCD and
LbY are the cross-entropy loss for the b-th mini-batch.
ΘO ←− ΘO − µ

5. Experiment
5.1. Datasets
We evaluated topic segmentation tasks using a simulated
Japanese contact center dialogue dataset consisting of 361 dialogues in six business fields. One dialogue means one telephone
call between one operator and one customer; all utterances were
manually transcribed. Each dialogue was divided into speech
units using LSTM-RNN based speech activity detection [22]
trained from various Japanese speech samples. As topic labels,
we set five labels corresponding to the scenes of opening, requirement confirmation, response, customer confirmation, and
closing scenes [12].
The evaluation involved six-fold cross validation open to
business type, in which five business types used for source domain and the remaining business type used for target domain.
For each business type, we split the dataset into training dataset
and test dataset at a rate of 8 : 2. Training used training data
of source domain and target domain, and testing used test data
of the target domain. Table 1 shows the details of the dialogue
dataset with labels.
5.2. Conditions
In our experiments, we evaluated the proposed method by the
two kinds of dialogue sequence labeling models below.

Dropout was used for BLSTM(), LSTM() and DENSE(), and
the dropout rate was set to 0.2.
For training, the mini-batch size was set to five calls. The
optimizer was Adam [23] with the default setting. For unsupervised domain adaptation, we incremented (identically) hyperparameters λ and σ from 0.0 to 0.5 in steps of 0.1. Note that a
part of the training sets was used as the datasets employed for
early stopping. We constructed five models by varying the initial parameters and evaluated them from their average accuracy.
5.3. Results
The resulting classification accuracy values for BLSTM-LSTM
model and LSTM-LSTM model are shown in Tables 2 and 3,
respectively. In the tables, target domain means business type
of target domain (other five types are source domain). Line 1
of each table shows ideal results achieved by using labeled target domain datasets. Line 2 shows results yielded by utilizing
labeled source domain datasets. The results show that there is
a performance gap between line 1 and line 2. This indicates
that domain bias is clearly present in different business fields.
Lines 3-5 show the results of unsupervised domain adaptation
methods. Lines 3 and 4 show results achieved by using only
CIDAN and CDDAN, respectively, and line 5 show the results
of applying both domain adversarial networks. The results show
that proposed method outperformed the labeled source domain
datasets used in isolation. In addition, the use of hierarchical
adversarial training yields performance that exceeds the use of
just one domain adversarial network. This shows that the proposed method is an effective way of improving performance in
the target domain.

• BLSTM-LSTM model as described in Section 3.
• LSTM-LSTM model in which token-level LSTMRNN is changed by replacing Eq.
(3) with
htk = LSTM(w1t , · · · , wkt ; θ h ) to emphasize lowcomputation overhead.
We unified the network configurations as follows. For the
labeling network, we defined the token vector representation
as a 256-dimensional vector. Tokens that appeared only once
in the training datasets were treated as unknown tokens. Unit
size of LSTM-RNN and fully-connected layer were set to 256.

6. Conclusion
This paper has proposed a novel unsupervised domain adaptation method, hierarchical adversarial training, for dialogue sequence labeling. The key advance of our method is to remove
domain dependencies from main networks using hierarchicallystructured two domain adversarial networks. This efficiently
achieves domain adaptation even though the dialogue dataset of
the target domain is unlabeled. Experiments showed that our
method yields better performance in the target domain.
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