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(57) A dialogue act estimation method, in a dialogue act estimation apparatus, includes acquiring first training data
indicating, in a mutually associated manner, text data of a first sentence that can be a current uttered sentence, text
data of a second sentence that can be an uttered sentence immediately previous to the first sentence, speaker change
information indicating whether a speaker of the first sentence is the same as a speaker of the second sentence, and
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Description

BACKGROUND

1. Technical Field

[0001] The present disclosure relates to a method of estimating a dialogue act to which an uttered sentence is classified,
a dialogue act estimation apparatus, and a storage medium.

2. Description of the Related Art

[0002] A dialogue act estimation technique is a technique for converting an utterance of a user to a dialogue act
indicating a meaning of the utterance. A related technique for such a purpose is to learn a word or phrase having a high
occurrence frequency and contributing to a dialogue act as a feature of an utterance by using a dialogue act corpus in
which a dialogue act of each utterance is defined (see, for example, Japanese Patent No. 3016779 and Japanese Patent
No. 3059413). In another related technique, a context-dependent dialogue act is learned using not only words and
phrases but also context information (particularly, an immediately previous utterance) (see, for example, Japanese
Patent No. 5591772 and Nal Kalchbrenner, Phil Blunsom, "Recurrent Convolutional Neural Networks for Discourse
Compositionality", arXiv preprint arXiv: 1306.3584, 2013).
[0003] In the dialogue act estimation techniques, there is a need for a further improvement in accuracy.

SUMMARY

[0004] One non-limiting and exemplary embodiment provides a dialogue act estimation method, a dialogue act esti-
mation apparatus, and a storage medium capable of providing improved accuracy.
[0005] In one general aspect, the techniques disclosed here feature a dialogue act estimation method, in a dialogue
act estimation apparatus, including acquiring first training data indicating, in a mutually associated manner, text data of
a first sentence that can be a current uttered sentence, text data of a second sentence that can be an uttered sentence
immediately previous to the first sentence, first speaker change information indicating whether a speaker of the first
sentence is the same as a speaker of the second sentence, and dialogue act information indicating a class of the first
sentence, learning an association between the current uttered sentence and the dialogue act information by applying
the first training data to a model, and storing a result of the learning as learning result information in a memory.
[0006] The present disclosure provides a dialogue act estimation method or a dialogue act estimation apparatus
capable of providing improved accuracy.
[0007] It should be noted that general or specific embodiments may be implemented as a system, a method, an
integrated circuit, a computer program, a storage medium, or any selective combination thereof.
[0008] Additional benefits and advantages of the disclosed embodiments will become apparent from the specification
and drawings. The benefits and/or advantages may be individually obtained by the various embodiments and features
of the specification and drawings, which need not all be provided in order to obtain one or more of such benefits and/or
advantages.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009]

Fig. 1 is a block diagram illustrating a configuration of a dialogue act estimation apparatus according to an embod-
iment;
Fig. 2 is a flow chart illustrating a process performed by a dialogue act estimation apparatus according to an em-
bodiment;
Fig. 3 is a block diagram of a learner according to an embodiment;
Fig. 4 is a flow chart illustrating a learning process according to an embodiment;
Fig. 5 is a diagram illustrating an example of a training corpus according to an embodiment;
Fig. 6 is a diagram illustrating an example of a training corpus according to an embodiment;
Fig. 7 is a diagram illustrating an outline of a neural network according to an embodiment;
Fig. 8 is a block diagram of a dialogue act estimator according to an embodiment;
Fig. 9 is a flow chart illustrating a dialogue act estimation process according to an embodiment;
Fig. 10 is a diagram illustrating an example of dialogue data according to an embodiment;
Fig. 11 is a diagram illustrating an example of dialogue data according to an embodiment;
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Fig. 12 is a diagram illustrating an example of an estimation result according to an embodiment;
Fig. 13 is a diagram illustrating an example of an estimation result according to an embodiment;
Fig. 14 is a diagram illustrating accuracy of an estimation result according to an embodiment; and
Fig. 15 is a block diagram illustrating a dialogue system according to an embodiment.

DETAILED DESCRIPTION

Underlying Knowledge Forming Basis of the Present Disclosure

[0010] Japanese Patent No. 3016779 describes a problem with a low comprehension rate in recognizing a combination
of a concept and a dialogue act expressed in an interlanguage using a minimum recognition error approach based on
learning data including a pair of a speech recognition result and interlanguage data. To solve this problem, a speech
recognition result is converted to a series of utterance acts and concepts or combinations of concepts by using an
estimation based on a finite-state automaton for concept estimation and utterance act estimation and reranking based
on a bigram model using a plurality of concepts and combinations of concepts.
[0011] In the technique disclosed in Japanese Patent No. 3059413, to solve a problem similar to that described in
Japanese Patent No. 3016779, the comprehension rate in recognizing a combination of a dialogue act and a concept
is improved using a restriction depending on an utterance act included in a natural uttered sentence and a restriction
depending on a combination among semantic concepts included in the natural uttered sentence.
[0012] However, in the techniques disclosed in Japanese Patent No. 3016779 and Japanese Patent No. 3059413,
after a long uttered sentence of a speaker is subjected to preprocessing to divide it into a plurality of pieces, and a series
of dialogue acts is output without taking into account dependence on a context of previous utterances. Therefore, it is
difficult to apply these techniques to prediction of details of a dialogue act having a hierarchical relationship or similarity.
Thus, it is necessary to use not only context information on an utterance of a speaker but also context information on
an utterance of a dialogue partner.
[0013] Japanese Patent No. 5591772 describes a problem that clustering of utterances is performed assuming that
utterances in a dialogue are independent of each other, and thus important context information included in dialogue data
of successive utterances is not used, which makes it difficult to achieve good enough clustering accuracy or a good
enough estimation of the number of dialogue acts. To solve the problem described above, a plurality of utters described
in a time-series manner in dialogue data are clustered into first clusters based on extracted feature values of the respective
utterances, and the first clusters are further clustered into second clusters based on the feature values of the respective
utters and context information of the utters (in particular an immediately previous utter), and then the degree of depend-
ence on the context is estimated based on the results of the first and second clusters.
[0014] As in Japanese Patent No. 5591772, a technique paper written by Nal Kalchbrenner and Phil Blunsom titled
"Recurrent Convolutional Neural Networks for Discourse Compositionality" (arXiv preprint arXiv: 1306.3584, 2013) also
describes a problem that important context information included in dialogue data of successive utterances is not used.
To solve this problem, it is proposed to use a model in which speakers are distinguished and feature values of successive
utterances in the dialogue data are detected for each speaker, and learning is performed using a recurrent neural network,
which is a time-series model, to extract context dependence while distinguishing between utterances of a speaker and
utterances of another speaker.
[0015] However, the technique disclosed in Japanese Patent No. 5591772 and the technique disclosed in Nal Kalch-
brenner, Phil Blunsom, "Recurrent Convolutional Neural Networks for Discourse Compositionality" (arXiv preprint arXiv:
1308.3584, 2013) both have a similar problem that when, in learning, it is tried to use context information of not only an
immediately previous utterance but also further previous utterances, a problem associated with data sparseness occurs,
that is, context information with a low occurrence frequency is not learned, and thus it is difficult for the context information
to make a contribution to performance of conversion of a general dialogue act. Learning of context information with a
low occurrence frequency is not performed in particular when the dialogue act corpus includes a small number of
utterances, which makes it difficult to improve the performance of conversion of general dialogue acts.
[0016] In an aspect of the present disclosure, a dialogue act estimation method, in a dialogue act estimation apparatus,
includes acquiring first training data indicating, in a mutually associated manner, text data of a first sentence that can
be a current uttered sentence, text data of a second sentence that can be an uttered sentence immediately previous to
the first sentence, first speaker change information indicating whether a speaker of the first sentence is the same as a
speaker of the second sentence, and dialogue act information indicating a class of the first sentence, learning an
association between the current uttered sentence and the dialogue act information by applying the first training data to
a model, storing a result of the learning as learning result information in a memory.
[0017] In this method, learning is performed using speaker change information indicating whether a speaker of a
current sentence is the same as a speaker of an immediately previous sentence. This allows an increase in accuracy
in associating an uttered sentence with dialogue act information.
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[0018] By using training data including two or more successive sentences necessary in estimating a detailed dialogue
act, it is possible to improve the performance of conversion of a general dialogue act, although it is difficult to collect a
large scale of data. By additionally collecting a large-scale training corpus including a collection of only two or more
successive utterances, which are easy to collect, it is possible to achieve a further improvement in accuracy.
[0019] For example, the first training data may further include first speaker identification information indicating the
speaker of the first sentence and second speaker identification information indicating the speaker of the second sentence.
[0020] In this method, learning is performed using speaker identification information indicating a speaker of each of
a plurality of sentences, and thus it is possible to accuracy in associating an uttered sentence with dialogue act information.
[0021] For example, the model may include a first model that outputs a first feature vector based on the text data of
the first sentence, the text data of the second sentence, the first speaker identification information, the second speaker
identification information, and a first weight parameter, a second model that outputs a second feature vector based on
the text data of the first sentence, the text data of the second sentence, the first speaker change information, and a
second weight parameter, and a third model that outputs a posterior probability of a dialogue act corresponding to the
first sentence based on the first feature vector, the second feature vector, and a third weight parameter, wherein the
learning may be performed by performing error backpropagation learning between the posterior probability and the
dialogue act information indicated by the first training data.
[0022] For example, the first model may determine the first feature vector from the first sentence and the second
sentence according to a first RNN-LSTM (Recurrent Neural Network-Long Short Term Memory) having the first weight
parameter dependent on the first speaker identification information and the second speaker identification information,
and the second model may determine the second feature vector from the first sentence and the second sentence
according to a second RNN-LSTM having the second weight parameter dependent on first speaker change information.
[0023] For example, the first training data may be acquired from a corpus in which two or more pieces of training data
are accumulated.
[0024] For example, the dialogue act estimation method may further include acquiring dialogue data including text
data of a third sentence of a current uttered sentence uttered by a user, text data of a fourth sentence of an uttered
sentence immediately previous to the third sentence, and second speaker change information indicating whether the
speaker of the third sentence is the same as a speaker of the fourth sentence, and estimating a dialogue act to which
the third sentence is classified by applying the dialogue data to the model based on the learning result information.
[0025] In this method, a dialogue act can be estimated from an uttered sentence using a learning result. At least one
of the acquiring, the learning, and the storing may be performed by a processor.
[0026] In an aspect of the present disclosure, a dialogue act estimation apparatus, which estimates a dialogue act to
which an uttered sentence is classified, includes a training data acquirer that acquires first training data indicating, in a
mutually associated manner, text data of a first sentence that can be a current uttered sentence, text data of a second
sentence that can be an uttered sentence immediately previous to the first sentence, first speaker change information
indicating whether a speaker of the first sentence is the same as a speaker of the second sentence, and dialogue act
information indicating a class of the first sentence, a learner that learns an association between the current uttered
sentence and the dialogue act information by applying the first training data to a model, and a storage that stores a result
of the learning as learning result information in a storage.
[0027] In this method, learning is performed using speaker change information indicating whether a speaker of a
current sentence is the same as a speaker of an immediately previous sentence. This allows an increase in accuracy
in associating an uttered sentence with dialogue act information. At least one of the acquisition unit, the learner, and the
storage may include a processor.
[0028] In an aspect, the present disclosure provides a non-transitory storage medium storing a computer-readable
program, the program causing a computer to execute the dialogue act estimation method described above.
[0029] These general or specific embodiments may be implemented as a system, a method, an integrated circuit, a
computer program, or a computer-readable storage medium such as a CD-ROM disk, or as an arbitrary combination of
a system, an apparatus, a method, an integrated circuit, a computer program, and a storage medium.
[0030] Embodiments of the present disclosure are described below with reference to drawings. Note that each em-
bodiment described below is for illustrating a specific example of an implementation of the present disclosure. That is,
in the following embodiments of the present disclosure, values, shapes, constituent elements, steps, the order of steps,
and the like are described by way of example but not limitation. Among constituent elements described in the following
embodiments, those constituent elements that are not described in independent claims indicating highest-level concepts
of the present disclosure are optional. Also note that various combinations of part or all of embodiments are possible.

Embodiments

[0031] First, a configuration of a dialogue act estimation apparatus 100 according to an embodiment is described
below. Fig. 1 is a block diagram illustrating the configuration of the dialogue act estimation apparatus 100 according to
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the present embodiment.
[0032] The dialogue act estimation apparatus 100 estimates a dialogue act to which an uttered sentence is classified,
The dialogue act estimation apparatus 100 may be realized, for example, by a computer including a storage 101, a
processor 102, a storage 103, a processor 104, and a storage 105.
[0033] The storages 101, 103, and 105 each may be realized using a rewritable non-volatile memory such as a hard
disk drive, a solid state drive, or the like.
[0034] The storage 101 stores a training corpus 121 and dialogue data 123. The storage 103 stores learning result
information 122. The storage 105 stores an estimation result 124.
[0035] The processor 102 includes a training data acquirer 111, a learner 112, and a dialogue data acquirer 113. The
processor 104 includes a dialogue act estimator 114.
[0036] For example, the processors 102 and 104 each may be realized using a processor such as a CPU, ASIC,
FPGA, or the like. Note that each block of the processors 102 and 104 is realized by executing, by a processor such as
a CPU, a computer-readable program stored in a computer.
[0037] Next, an operation of the dialogue act estimation apparatus 100 is described. Fig. 2 is a flow chart illustrating
an outline of the operation of the dialogue act estimation apparatus 100.
[0038] First, the dialogue act estimation apparatus 100 performs a learning process to learn a correspondence between
an uttered sentence and a dialogue act using a plurality of pieces of training data included in the training corpus 121 (S101).
[0039] Next, using a result of the learning process, the dialogue act estimation apparatus 100 performs a dialogue act
estimation process to estimate a dialogue act to which an uttered sentence is classified (S102).
[0040] The learning process (S101) is described in further detail below. Fig. 3 is a block diagram illustrating a config-
uration of the learner 112. As shown in Fig. 3, the learner 112 includes a morphological analyzer 131, a word feature
extractor 132, a context dependence extractor 133, a scene dependence extractor 134, a dialogue act predictor 135,
and a weight updater 136.
[0041] Fig. 4 is a flow chart illustrating the learning process (S101) according to the present embodiment.
[0042] First, the learner 112 initializes all weight parameters to be learned based on a pseudorandom number table
(S111). More specifically, the learner 112 initializes all weight parameters of a neural network model 151 described later
with reference to Fig. 7.
[0043] Next, the training data acquirer 111 acquires one of a plurality pieces of training data 141 included in the training
corpus 121 (S112). Fig. 5 and Fig. 6 each illustrate an example of a training corpus 121. Fig. 5 illustrates an example
of a training corpus 121 of an English dialogue, while Fig. 6 illustrates an example of a training corpus 121 of a Japanese
dialogue in a medical examination.
[0044] As shown in Fig. 5 and Fig. 6, the training corpus 121 includes two or more pieces of accumulated training data
141. Each training data 141 corresponds to a plurality of uttered sentences which are successively uttered in time series,
and includes a plurality of pieces of training information 142 which correspond, in a one-to-one manner, to the plurality
of uttered sentences. Each piece of the training information 142 includes a dialogue ID 143, time information 144,
dialogue act information 145, speaker identification information 146, speaker change information 147, and a sentence
148.
[0045] The sentence 148 is text data of a sentence that can be an uttered sentence. The dialogue ID 143 is an identifier
for uniquely identifying a piece of training data 141 in which a piece of training information 142 of interest is included.
The time information 144 indicates a time point (an utterance order) of the sentence 148. That is, the time information
144 indicates the order in which sentences 148 in the respective pieces of training information 142 occur in one piece
of training data 141. A start and an end of a dialogue in one training data 141 are managed by the dialogue ID 143 and
the time information 144.
[0046] The dialogue act information 145 is training data indicating a class of the sentence 148. More specifically, as
shown in Fig. 6, the dialogue act information 145 indicates a large class of a meaning of the sentence 148, such as
"question", "statement-chief symptom complaint", "response-denial", "appreciation" or the like. In other words, the dia-
logue act information 145 indicates a meaning or a summary of the sentence 148.
[0047] The speaker identification information 146 is information for identifying a speaker of the sentence 148. The
speaker change information 147 indicates whether the speaker of the current sentence 148 is the same as a speaker
of an immediately previous sentence 148. For example, it is possible to calculate the speaker change information 147
from the speaker identification information 146 of the current and immediately previous sentences. For example, in a
case where the speaker identification information 146 indicates that the speaker is a listener at a current time point and
that the speaker is a talker at a previous time point, the speaker change information 147 is set to "response". In a case
where the speaker identification information 146 indicates that the speaker is a listener at both the current time point
and the previous time point, the speaker change information 147 is set to "continuous utterance". In a case where at a
time a talker and a listener are opposite to those in the examples described above, the speaker identification information
146 is set to a proper value in a similar manner. That is, in a case where the speaker at the current time point is different
from the speaker at the immediately previous time point, the speaker change information 147 is set to "response", while
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in a case where the speaker at the current time point is the same as the speaker at the immediately previous time point,
the speaker change information 147 is set to "continuous utterance". In a case where there is no sentence at the previous
time point, that is, in a case where the current sentence is the first sentence of all sentences included in the training data
141, the speaker change information 147 is set to "dialogue start".
[0048] The text data indicated by the sentence 148 is, for example, character string data including no word delimiter
in the case of Japanese, while the text data may be character string data including a space functioning as a word delimiter
in the case of English.
[0049] As described above, the training data 141 is data representing associations among the first sentence 148 that
can be a current uttered sentence, the second sentence 148 that can be an uttered sentence immediately previous to
the first sentence 148, the first speaker identification information 146 indicating a speaker of the first sentence 148, the
second speaker identification information 146 indicating a speaker of the second sentence 148, the speaker change
information 147 indicating whether the speaker of the first sentence 148 is the same as the speaker of the second
sentence 148, and the dialogue act information 145 indicating a class of the first sentence 148.
[0050] The training data acquirer 111 acquires the training information 142 (the dialogue act information 145, the
speaker identification information 146, the speaker change information 147, the sentence 148) at the current time point
(time of the training information 142 to be processed), and one or more pieces of the speaker identification information
146 and sentences 148 within a continuous time range immediately previous to the current time point wherein the time
range is represented by a context window size (this time range is also referred to as a set of previous time points).
[0051] The dialogue act estimation apparatus 100 performs the process in step S112 repeatedly while changing the
current time point of the training information 142 to be processed or changing the training data 141 until the learning
converges. In this process, the training data acquirer 111 performs the extraction based on dialogue IDs 143 such that
there is a discontinuation between different dialogues. Each time the extraction is performed, the training data acquirer
111 increments the current time point to extract different learning data. In a usual case, the context window size is fixed.
However, in a case where context information is so small that the context window size is not filled with context information
as in the initial dialogue state, the context window size is set to be smaller than in the usual case.
[0052] For example, in the example shown in Fig. 5, in a case where the context window size is 5 and the sentence
148 at a time point 5 is a sentence to be processed, then the following data/information is acquired: the sentence 148
at the current time point 5; the sentence 148 at time points 0 to 4 in the set of previous time points; the speaker identification
information 146 "B, A, A, A, A, B" at the current time point and the set of previous time points, 0 to 5; and the speaker
change information 147 "response" at the current time point 5. Furthermore, dialogue act information 145 "uninterpretable"
at the time point 5 is acquired as training data indicating a correct value in the learning.
[0053] Similarly, in the example shown in Fig. 6, in a case where the context window size is 5 and the sentence 148
at the time point 5 is a sentence to be processed, then the following data/information is acquired: the sentence 148 at
the current time point 5; the sentence 148 at time points 0 to 4 in the set of previous time points; the speaker identification
information 146 "B, A, B, A, B, B" at the current time point and the set of previous time points, 0 to 5; the speaker change
information 147 "continuous utterance" at the current time point 5; and the dialogue act information 145 "question" at
the time point 5.
[0054] Next, the learner 112 learns the association between the current uttered sentence (sentence 148) and the
dialogue act information 145 by applying the acquired training data 141 to a particular model, taking into account impor-
tance levels of words included in the current uttered sentence (sentence 148). Herein, the model is, for example, a neural
network model 151 which will be described later.
[0055] More specifically, the morphological analyzer 131 divides each of the sentences 148 at the current time point
and at time points in the set of previous time points acquired by the training data acquirer 111 into words thereby
converting each sentence 148 to a word sequence (S113). For example, in the case of Japanese, this process may be
performed using morphological analysis software (for example, MeCab). In the case of English, the process may be
performed by regarding spaces in each utterance as word delimiters. For example, when a given sentence is "I have a
headache.", the morphological analyzer 131 divides the given sentence into "I", "have", "a", "headache", and ".".
[0056] Next, the word feature extractor 132 converts each of the word sequences obtained by the morphological
analyzer 131 for the current time point and time points in the set of previous time points to a feature vector, which is a
sentence vector representation representing a word feature (S114). A specific method usable herein is, for example, to
convert each sentence to a feature vector based on a list of all words having a possibility of being input (hereinafter, this
list will also be referred to as a dictionary) such that the feature vector has a value of 1 for only elements corresponding
to words or successive words included in the sentence. This method is known as a bag of words expression. That is,
the feature vector includes as many elements as the total number of words or successive words included in the list, and
each element corresponds to a word or successive words.
[0057] Supervised learning (in which, for example, a dialogue act is employed as training data) may be performed as
well as prior or post learning to extract a word which occurs frequently in a particular dialogue act and convert the
extracted word to a vector representation.
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[0058] Next, the context dependence extractor 133 determines a first feature vector indicating a context, which is
frequently used in predicting a dialogue act corresponding to the sentence at the current time point, based on feature
vectors at time points in the set of previous time points, a feature vector at the current time point, speaker identification
information 146 at time points in the previous set of time points and speaker identification information 146 at the current
time point, and a first weight parameter (S115). For example, this function is realized by a model 153 (a first model)
shown in Fig. 7. The model 153 outputs a first feature vector based on the text data of the first sentence 148 at the
current time point, the text data of the second sentence 148 at time points in the set of previous time points, the first
speaker identification information 146 at the current time point, the second speaker identification information 146 at time
points in the set of previous time points, and a first weight parameter. For example, the model 153 determines the first
feature vector from the first sentence at the current time point and the second sentence at time points in the set of
previous time points according to a RNN-LSTM (Recurrent Neural Network-Long Short Term Memory) which is a time
series neural network model having a first weight parameter dependent on speaker identification information 146 at time
points in the set of previous time points (previous speaker identification information) and speaker identification information
146 at the current time point (current speaker identification information). By this model 153, context information dependent
on the current sentence with a high occurrence frequency is finally output as the first feature vector from the hidden layer.
[0059] The scene dependence extractor 134 calculates a second feature vector indicating sentences at the current
time point and at the immediately previous time point for each scene (dialogue start, continuous utterance, response,
and the like) used frequently in predicting a dialogue act corresponding to the sentence at the current time point, based
on the feature vector at the current time point, a feature vector at the time point immediately previous to the current time
point (hereinafter also referred to as the immediately previous time point), the speaker change information 147 at the
current time point, and the second weight parameter (S116). For example, this function is realized by a model 152 (a
second model) shown in Fig. 7. That is, the second model 152 outputs the second feature vector based on the text data
of the first sentence 148 at the current time point, the text data of the second sentence 148 at the immediately previous
time point, the first speaker change information 147 at the current time point, and the second weight parameter. For
example, the model 152 determines the second feature vector from the first sentence at the current time point and the
second sentence at the immediately previous time point according to RNN-LSTM, which is a time series neural network
model, having a parameter depending on the speaker change information 147 at the current time point. By this model
152, the second feature vector indicating sentences at the current time point and the immediately previous time point
which frequently occur is output for each scene finally from a hidden layer.
[0060] Next, the dialogue act predictor 135 calculates a posterior probability indicating a probability distribution of a
dialogue act corresponding to the sentence at the current time point depending on the first feature vector, the second
feature vector, and the third weight parameter (S117). For example, as in the model 154 shown in Fig. 7, this function
is realized by multinomial logistic regression. That is, the third model 154 outputs the posterior probability of the dialogue
act corresponding to the first sentence at the current time point based on the first feature vector, the second feature
vector, and the third weight parameter.
[0061] Next, the weight updater 136 updates first to third weight parameters of the models 152 to 154 based on the
posterior probability of the dialogue act and the dialogue act at the current time point which is a true value indicated by
the dialogue act information 145 (S118). For example, the weight updater 136 updates the weight parameter by using
an error backpropagation method based on a prediction error between the posterior probability and the true value of the
dialogue act. That is, the weight updater 136 learns updating the first to third weight parameters such that the error (the
difference) between the posterior probability and the true value of the dialogue act. As described above, in the learning,
the learner 112 performs error backpropagation between the posterior probability and the dialogue act information 145
indicated by the training data 141 at the current time point.
[0062] Next, the learner 112 determines whether the learning process is to be ended (S119). For example, the learner
112 makes the determination such that in a case where the repetition of learning does not result in a further reduction
in the error, the learner 112 determines that the learning process is to be ended.
[0063] in a case where it is determined that the learning process is not to be ended (No in S119), the process is
performed again from step S112 for the next time point or for another training data 141. In a case where it is determined
that the learning process is to be ended (Yes in Sol 19), the learning result information 122 indicating a result of the
learning process is stored in the storage 103 (S120). More specifically, this learning result information 122 indicates
learning parameters (first to third weight parameters) as of when the learning process is ended.
[0064] The learning process using the neural network model 151 is described in further detail below. Fig. 7 is a diagram
illustrating an outline of the neural network model 151 used in the context dependence extractor 133, the scene depend-
ence extractor 134, and the dialogue act predictor 135 according to the present embodiment. The model 151 includes
models 152 to 154 described above.
[0065] The model 153 used in the context dependence extractor 133 includes a recurrent neural network (RNN-LSTM)
and a hidden layer.
[0066] The recurrent neural network is suitable for use in processing time-series data. Among various types of recurrent
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neural networks, the LSTM (Long Short Term Memory) has an advantageous feature that it becomes possible to learn
a long-term dependency by providing a module called a storage unit.
[0067] Similarly, the model 154 used in the scene dependence extractor 134 includes a recurrent neural network
(LSTM) and a hidden layer. The model 154 used in the dialogue act predictor 135 is configured to perform logistic
regression.
[0068] The neural network model 151 is used to minimize a cross-entropy error represented by formula (1) shown below. 

[0069] In formula (1), P(Y = ytk | xt-T,...xt;) indicates a posterior probability of a k-th dialogue act ytk of K dialogue acts
for a feature vector xt of a t-th sentence 148 (at the current time point) and feature vectors xt-T at time points of the set
of previous time points in N pieces of training information 142. T denotes a fixed context window size indicating the
number of time points included in the set of previous time points. θ denotes all learning parameters of the neural network,
and utk denotes a true value of a dialogue act for a t-th uttered sentence. That is, formula (1) indicates a prediction error
of a dialogue act for all data. The learner 112 updates θ using the error backpropagation method to minimize the prediction
error represented in formula (1).
[0070] A flow of a process performed in the neural network to determine each posterior probability is described below.
First, in the LSTM, as described in formula (2) to formula (5) shown below, the feature vector x is multiplied by four
weight matrices Wi, Wc, Wf, and Wo, ht-1 indicating a previous output from the LSTM is multiplied by weight matrices Hi,
Hc, Hf, and Ho, and respective results thereof are added with bias terms bi, bc, bf, and bo. By putting these results as
arguments in a sigmoid function, which is an activation function, four vectors it, c∼t, ft, and ot having element values in
a range from 0 to 1 are calculated. The vectors it, c∼t, ft, and ot are for controlling the storage unit, and more specifically,
the vectors it, c∼t, ft, and ot respectively assume responsibility for storage input control, input memory cells, forgetting
control, and storage output control. 

[0071] Next, as shown below in formula (6), the learner 112 updates a value of a memory cell ct of the neural network
based on an input control vector it, an input memory cell c∼t, a forget control vector ft, and a previous memory unit value ct-1. 

[0072] Next, the learner 112 calculates ht indicating a current output from the LSTM using the output control vector ot
and the memory cell ct according to formula (7). 
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[0073] In formula (7), t indicates a time point of a sentence as counted in sentences arranged in a time series starting
from a past time point, and more particularly, t denotes the number of time points existing before the current sentence.
Formula (8) represents a tanh function. 

[0074] The learner 112 performs the operation recursively until t = e is reached, that is, until the current time point of
the dialogue act to be predicted is reached. Note that weight parameters used in the process described above are
different between the context dependence extractor 133 and the scene dependence extractor 134.
[0075] In particular, in the present embodiment, as shown below in formula (9), in the model 153 shown in Fig. 7,
variables Hiat-1, Hcat-1. Hfat-1, and Hoat-1 depending on previous speaker identification information are used in weight
matrices Hi, Hc, Hf, and Ho in formula (2) to formula (6). That is, a feature vector of a sentence of a previous speaker is
calculated using weight parameters which are different depending on an identification number of the speaker, and the
resultant feature vector is recursively added to a feature vector of a sentence of a next speaker. As a result, the speaker
is distinguished in terms of whether the speaker is a talker or a listener, and a context is reflected in the output of the
LSTM at the current time point at which the dialogue act is predicted. 

[0076] In the model 152 shown in Fig. 7, variables Hist-1, Hcst-1, Hfst-1, and Host-1 depending on the speaker change
information 147 are used for weight matrices Hi, Hc, Hf, and Ho in formula (2) to formula (6) as shown below in formula (10). 

[0077] That is, a feature vector of a sentence of a previous speaker is calculated using weight parameters varying
depending on a scene (dialogue start, a continuous utterance, a response, or the like), and the resultant feature vector
is recursively added to a feature vector of a sentence of a next speaker. The scene dependence extractor 134, unlike
the context dependence extractor 133, uses only two successive sentences, that is, a current sentence and an imme-
diately previous sentence, and the scene dependence extractor 134 is insensitive to a speaker. Thus, a dialogue act
that often occurs in a scene regardless of speakers is reflected, and context information over a long-term range is not
reflected.
[0078] Next, in a hidden layer in the model 153 shown in Fig. 7, according to formula (11) shown below, hle at a time
point t = e of the current sentence to be predicted in terms of the dialogue act is multiplied by a weight matrix Olae
dependent on the speaker identification information, and the result is added with a bias term bl thereby obtaining a first
feature vector fl-dep. 

[0079] Similarly, in a hidden layer in the model 152 shown in Fig. 7, according to formula (12) shown below, hre at the
time point t = e of the current sentence to be predicted in terms of the dialogue act is multiplied by a weight matrix Or,
and the result is added with a bias term br thereby obtaining a second feature vector fr-dep. 

[0080] Finally, in the logistic regression in the model 154 shown in Fig. 7, as shown below in formula (13), the first
feature vector fl-dep and the second feature vector fr-dep determined according to formula (11) and formula (12) are
combined, and the result is multiplied by a weight matrix Oclass and the result thereof is added with a bias term bclass.
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Furthermore, each obtained element is put as an argument in a softmax function shown below in formula (14). As a
result, a probability distribution of a dialogue act is obtained. Each element in the probability distribution indicates a
posterior probability P(Y = ytk |xt-T,... xt; θ). 

[0081] Note that formula (11) to formula (13) provide a method of realizing in a neural network an approximation
function for obtaining a probability distribution from a vector indicating a feature value.
[0082] In the manner described above, the posterior probability of the dialogue act is calculated by the neural network
model 151 shown in Fig. 7.
[0083] Next, the dialogue act estimation process (S102 in Fig. 2) performed using the learning result obtained via the
learning process is described in further detail below. Fig. 8 is a block diagram illustrating a configuration of the dialogue
act estimator 114.
[0084] The dialogue act estimator 114 includes a morphological analyzer 161, a word feature extractor 162, a context
dependence extractor 163, a scene dependence extractor 164, a dialogue act predictor 165, and an estimator 166.
[0085] Fig. 9 is a flow chart illustrating the dialogue act estimation process (S102) according to the present embodiment.
[0086] First, the context dependence extractor 163, the scene dependence extractor 164, and the dialogue act predictor
165 read learning result information 122 (first to third weight parameters) stored, in the learning process(S101), in the
storage 103 (S131). More specifically, the first to third weight parameters of the neural network model 151 shown in Fig.
7 are updated.
[0087] Next, the dialogue data acquirer 113 acquires dialogue data 123 stored in the storage 101 (S132). Fig. 10 and
Fig. 11 each illustrate an example of dialogue data 123. More specifically, Fig. 10 illustrates an example of dialogue
data 123 for a case where a dialogue is performed in English, and Fig. 10 illustrates an example of dialogue data 123
for a case where a dialogue in a medical examination is performed in Japanese.
[0088] As shown in Fig. 10 and Fig. 11, the dialogue data 123 includes a plurality of pieces of dialogue information
171 corresponding to a plurality of uttered sentences uttered in a time series order. Each dialogue information 171
includes time information 172, speaker identification information 173, speaker change information 174, and an uttered
sentence 175.
[0089] The uttered sentence 175 is text data of a sentence uttered by a user. Note that the time information 172, the
speaker identification information 173, and the speaker change information 174 are respectively similar to the time
information 144, the speaker identification information 146 and the speaker change information 147 included in the
training corpus 121 described above.
[0090] As described above, the dialogue data 123 includes text data of a third sentence, which is a current uttered
sentence 175 uttered by a user, text data of a fourth sentence, which is an uttered sentence 175 immediately previous
to the third sentence, third speaker identification information 173 indicating a speaker of the third sentence, fourth speaker
identification information 173 indicating a speaker of the fourth sentence, and second speaker change information 174
indicating whether the speaker of the third sentence is the same as the speaker of the fourth sentence.
[0091] The dialogue data 123 is generated, for example, based on a plurality of successive uttered sentences input
from the outside. More specifically, first, the dialogue act estimation apparatus 100 divides the input successive uttered
sentences into a time series of sentences thereby obtaining the plurality of uttered sentences 175. Next, the dialogue
act estimation apparatus 100 adds time information 172 and speaker identification information 173 to each uttered
sentence 175. The dialogue act estimation apparatus 100 calculates the speaker change information 174 based on the
speaker identification information 173. More specifically, the dialogue act estimation apparatus 100 calculates the speaker
change information 174 at the current time point based on the speaker identification information 173 at the present time
and the speaker identification information at the immediately previous time point, and adds the resultant speaker change
information 174 to the uttered sentence 175 at the current time point.
[0092] In this process, dividing the successive uttered sentences into a time series of sentences is performed such
that, for example, in a case where the uttered sentences are input by a text chat system, the dividing is performed in
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units of text transmitted at a time to a person whom the uttered sentences are directed to. On the other hand, in a case
where inputting is performed using a voice dialogue system, the uttered sentences are divided based on occurrences
of continuous inactive voice segments that trigger speech recognition. The speaker identification information 173 may
be generated using voiceprinting recognition or the like, or may be input from the outside.
[0093] As for the dialogue data 123, at least, successive past uttered sentences dependent on the context window
size and a newly input current uttered sentence are held. An oldest past uttered sentence is discarded depending on a
new input. As for the context window size, the same value as that used in the above-described learning process (S101)
is used.
[0094] Next, the dialogue act estimator 114 applies the dialogue data 123 to the model 151 based on the learning
result information 122 thereby estimating a dialogue act to which the third sentence at the current time point is classified.
[0095] More specifically, the morphological analyzer 161 divides, into words based on morphological analysis, each
of the uttered sentences 175 at the current time point and times points in the set of previous time points included in the
acquired dialogue data 123 thereby obtaining a word string (S133).
[0096] Next, the word feature extractor 162 the word string at the current time point and word strings at time points in
the set of previous time points obtained by the morphological analyzer 161 are respectively converted to feature vectors
which are sentence vector representations representing word features (S134). The details of steps S133 and S134 are
similar to those of steps S113 and S114 described above.
[0097] Next, the context dependence extractor 163 determines a first feature vector based on the feature vectors at
time points of the set of previous time points the feature vector at the current time point, the speaker identification
information 173 at times of the set of previous time points and at the current time point, and the first weight parameter
(S135).
[0098] The scene dependence extractor 164 calculates a second feature vector based on the feature vector at the
current time point, the feature vector at the immediately previous time point, the speaker change information 174 at the
current time point, and the second weight parameter (S136).
[0099] The dialogue act predictor 165 calculates a posterior probability indicating a probability distribution of a dialogue
act corresponding to the sentence at the current time point based on the first feature vector, the second feature vector,
and the third weight parameter (S137).
[0100] The detailed process in steps S135 to S137 are similar to that in steps S115 to S117 except that the first to
third parameters indicated by the learning result information 122 are used.
[0101] Next, the estimator 166 estimates a dialogue act based on the posterior probability of the dialogue act obtained
in step S137, and stores an estimation result 124 indicating the estimated dialogue act in the storage 105 (S138). For
example, the estimator 166 employs, as an estimation result 124, a dialogue act having a highest probability value
among probability values of a plurality of dialogue acts indicated by posterior probabilities.
[0102] Furthermore, the process shown in Fig. 9 is performed sequentially for the respective uttered sentences at
each time point.
[0103] Fig. 12 and Fig. 13 each illustrate an example of an estimation result 124. Fig. 12 illustrates an example of an
estimation result 124 for a case where a dialogue is performed in English, and Fig. 13 illustrates an example of an
estimation result 124 for a case where a dialogue in a medical examination is performed in Japanese. As shown in Fig.
12 and Fig. 13, the estimation result 124 includes a plurality of pieces of estimation result information 181 corresponding
to a plurality of uttered sentences uttered in a time series order. Each estimation result information 181 includes time
information 172, speaker identification information 173, speaker change information 174, an uttered sentence 175, and
a predicted dialogue act 182.
[0104] The predicted dialogue act 182 indicates an estimation result of a dialogue act obtained by the estimator 166.
Note that the time information 172, the speaker identification information 173, the speaker change information 174 and
the uttered sentence 175 are the same as those included in the dialogue data 123.
[0105] In the example shown in Fig. 12, when the context window size is 5, the uttered sentences 175 at time points
in the set of previous time points are uttered sentences 175 at time points 5 to 9, and the uttered sentence 175 at the
current time point is an uttered sentence 175 at a time point 10. A plurality pieces of speaker identification information
173 at the respective time points are "A, A, A, B, B, A", and speaker change information 174 at the current time point is
"response". In this case, "Yes answers" is obtained as the predicted dialogue act 182 corresponding to the current time
point. This is an example in which a still enhanced prediction probability is achieved by extracting, by the scene depend-
ence extractor 164, "is that right" in a current utterance and a previous utterance as a frequently occurring utterance
dependent on the scene.
[0106] In the example shown in Fig. 13, when the context window size is 5, the uttered sentences 175 at time points
in the set of previous time points are uttered sentences 175 at time points 1 to 5, and the uttered sentence 175 at the
current time point is an uttered sentence 175 at a time point 6. A plurality pieces of speaker identification information
173 corresponding to the respective time points are "A, B, A, B, B, B", and speaker change information 174 corresponding
to the current time point is "continuous utterance". In this case, "response-chief symptom complaint" is obtained as the
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predicted dialogue act 182 corresponding to the current time point. This is an example in which a still enhanced prediction
probability is achieved by extracting, by the scene dependence extractor 164, "I am concerned about..." in an immediately
previous utterance as a frequently occurring utterance dependent on the scene, and furthermore by extracting, by the
context dependence extractor 163, "You have a headache. Anything else?" in a current utterance as context information
indicating a frequently occurring context depending on the current utterance.
[0107] Fig. 14 is a diagram illustrating a learning result using 200 dialogue act corpuses of English dialogues according
to the present embodiment. In classification accuracy into 42 classes of dialogue acts, the method according to the
present embodiment is better for various context window sizes than is achieved by the conventional technique disclosed
in Nal Kalchbrenner, Phil Blunsom, "Recurrent Convolutional Neural Networks for Discourse Compositionality", arXiv
preprint arXiv: 1306.3584, 2013. In particular, in a case where the number of dialogue act corpuses is small, it is possible
to improve the performance of converting general dialogue acts by taking into account two successively utterances that
are not low in occurrence frequency compared to the case in which context information of past utterances older than
the immediately previous utterance is learned.
[0108] In the example described above, the training corpus 121 includes a plurality of pieces of training data 141.
However, the training corpus 121 may include only one piece of training data 141.
[0109] Furthermore, in the example described above, the learning process and the dialogue act estimation process
are both performed by the dialogue act estimation apparatus 100. However, these two processes may be performed by
different apparatuses.
[0110] As described above, the dialogue act estimation apparatus 100 according to the present embodiment performs
the learning using the speaker change information 147 indicating whether the speaker of the current sentence is the
same as the speaker of the immediately previous sentence, and the speaker identification information 146 indicating
the speaker of each sentence. This results in an increase in accuracy in associating an uttered sentence with dialogue
act information.
[0111] A manner of using the dialogue act estimation apparatus 100 is described below. Fig. 15 is a block diagram
illustrating a dialogue system including the dialogue act estimation apparatus 100. This dialogue system has a speech
recognition capability, and includes a server 500 located on a cloud and a portable terminal 400. A user is allowed to
make a voice dialogue in a natural language with the system via the portable terminal 400.
[0112] The portable terminal 400 and the server 500 are connected to each other, for example, via a public commu-
nication network such as the Internet. The portable terminal 400 may be a smartphone, a tablet, or the like.
[0113] The portable terminal 400 includes a microphone 401, a signal processor 402, a communication unit 403, and
a response executor 404. The microphone 401 is a unit that converts a voice to an electric voice signal and is used to
collect a voice of a user.
[0114] The signal processor 402 determines whether a voice input from the microphone 401 is noise or not. In a case
where the voice signal is not noise, the signal processor 402 outputs the voice signal to the communication unit 403.
[0115] The communication unit 403 converts the input voice signal to a communication signal in a format so as to be
allowed to be transmitted, and transmits the resultant communication signal to the server 500.
[0116] The response executor 404 displays, on a monitor, a response sentence received by the signal processor 402
from the communication unit 403.
[0117] The server 500 includes a dialogue act estimation apparatus 100, a communication unit 501, a speech processor
502, a dialogue manager 503, and a response generator 504. The communication unit 501 receives a communication
signal from the portable terminal 400, extracts a voice signal from the communication signal, and outputs the extracted
voice signal to the speech processor 502.
[0118] The speech processor 502 analyzes the extracted voice signal and generates text data indicating a voice
uttered by a user.
[0119] The dialogue act estimation apparatus 100 is, for example, the dialogue act estimation apparatus 100 shown
in Fig. 1 and is in a state in which the learning process described above is already completed. The dialogue act estimation
apparatus 100 generates the dialogue data 123 described above using text data generated by the speech processor
502, estimates a dialogue act using the dialogue data 123, and outputs an estimation result.
[0120] The dialogue manager 503 holds, in a time-serial manner, dialogue acts estimated by the dialogue act estimation
apparatus 100, and outputs a dialogue act of a response on the system side based on the series of dialogue acts.
[0121] The response generator 504 generates a response sentence corresponding to the dialogue act received from
the dialogue manager 503. The communication unit 501 converts the generated response sentence to a format capable
of being transmitted, and transmits the resultant communication signal to the portable terminal 400.
[0122] In the dialogue system shown in Fig. 15, as described above, the server 500 is capable of correctly understanding
an utterance of a user using the dialogue act estimation apparatus 100 in the state in which the learning is completed,
and is capable of responding correctly.
[0123] The dialogue act estimation apparatus has been described above with reference to the specific embodiments.
However, the present disclosure is not limited to the embodiments described above.
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[0124] Each of the processors in the dialogue act estimation apparatus according to any one of the embodiments
described above may be typically implemented by an integrated circuit such as an LSI. The LSI may be individually
formed as chips, or one chip may be formed so as to include a part or all of the processors.
[0125] However, the technique of implementing an integrated circuit is not limited to the LSI and may be realized by
using a dedicated circuit or a general-purpose processor. An FPGA (Field Programmable Gate Array) that can be
programmed after the manufacture of the LSI or a reconfigurable processor in which the connections and the settings
of circuit cells disposed inside the LSI can be reconfigured may be used.
[0126] The present disclosure may be implemented as a dialogue act estimation method executed by a dialogue act
estimation apparatus.
[0127] In each embodiment described above, each constituent element may be realized using dedicated hardware or
may be realized by executing software program corresponding to the constituent element. Each constituent element
may be realized by a program execution unit such as a CPU, a process or the like by reading software program stored
in a storage medium such a hard disk, a semiconductor memory, or the like and executing the software program.
[0128] Note that the manners of dividing the meaning generation apparatus into functional blocks shown in block
diagrams are merely examples. A plurality of functional blocks may be combined together into one functional block, or
one functional block may be divided into a plurality of functional block. A part of function may be transferred to another
functional block. Functions of a plurality of functional blocks having similar functions may be executed by single hardware
or may be executed by software in parallel or in a time-sharing manner.
[0129] The orders of executing the steps described in flow charts are merely examples that may be employed to realize
the present disclosure, and the order may be different from those employed in these examples. Part of the steps may
be performed concurrently (in parallel) with other steps.
[0130] The dialogue act estimation apparatus has been described above according to one or more aspect with respect
to the embodiments. However, the present disclosure is not limited to the embodiments described above. It will be
apparent to those skilled in the art that many various modifications may be applicable to the embodiments without
departing from the spirit and scope of the present disclosure. Furthermore, constituent elements of different embodiments
may be combined. In this case, any resultant combination also falls within the scope of the present disclosure.
[0131] The present disclosure is applicable, for example, to a dialogue act estimation apparatus and a system that
properly understands an utterance of a user based on a stored dialogue history of utterances in the form of a voice or
text uttered by a user. For example, the present disclosure is usable in a call center to achieve a task of a user, or a
task-oriented or non-task-oriented dialogue apparatus or a dialogue system in which an inquiry dialogue, a chat, or the
like is performed. The present disclosure is usable in an information search apparatus or an information search system
in which only a particular dialogue act is extracted from a dialogue history.

Claims

1. A dialogue act estimation method, in a dialogue act estimation apparatus, comprising:

acquiring first training data indicating, in a mutually associated manner, text data of a first sentence that can be
a current uttered sentence, text data of a second sentence that can be an uttered sentence immediately previous
to the first sentence, first speaker change information indicating whether a speaker of the first sentence is the
same as a speaker of the second sentence, and dialogue act information indicating a class of the first sentence;
learning an association between the current uttered sentence and the dialogue act information by applying the
first training data to a model; and
storing a result of the learning as learning result information in a memory.

2. The dialogue act estimation method according to claim 1, wherein the first training data further includes first speaker
identification information indicating the speaker of the first sentence and second speaker identification information
indicating the speaker of the second sentence.

3. The dialogue act estimation method according to claim 2, wherein the model includes
a first model that outputs a first feature vector based on the text data of the first sentence, the text data of the second
sentence, the first speaker identification information, the second speaker identification information, and a first weight
parameter,
a second model that outputs a second feature vector based on the text data of the first sentence, the text data of
the second sentence, the first speaker change information, and a second weight parameter, and
a third model that outputs a posterior probability of a dialogue act corresponding to the first sentence based on the
first feature vector, the second feature vector, and a third weight parameter,
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wherein the learning is performed by performing error backpropagation between the posterior probability and the
dialogue act information indicated by the first training data.

4. The dialogue act estimation method according to claim 3, wherein
the first model determines the first feature vector from the first sentence and the second sentence according to a
first RNN-LSTM (Recurrent Neural Network-Long Short Term Memory) having the first weight parameter dependent
on the first speaker identification information and the second speaker identification information, and
the second model determines the second feature vector from the first sentence and the second sentence according
to a second RNN-LSTM having the second weight parameter dependent on first speaker change information.

5. The dialogue act estimation method according to any of claims 1 to 4, wherein the first training data is acquired from
a corpus in which two or more pieces of training data are accumulated.

6. The dialogue act estimation method according to any of claims 1 to 5, further comprising
acquiring dialogue data including text data of a third sentence of a current uttered sentence uttered by a user, text
data of a fourth sentence of an uttered sentence immediately previous to the third sentence, and second speaker
change information indicating whether the speaker of the third sentence is the same as a speaker of the fourth
sentence, and
estimating a dialogue act to which the third sentence is classified by applying the dialogue data to the model based
on the learning result information.

7. The dialogue act estimation method according to claim 1, wherein at least one of the acquiring, the learning, and
the storing is performed by a processor.

8. A dialogue act estimation apparatus comprising:

a training data acquirer that acquires first training data indicating, in a mutually associated manner, text data of
a first sentence that can be a current uttered sentence, text data of a second sentence that can be an uttered
sentence immediately previous to the first sentence, first speaker change information indicating whether a
speaker of the first sentence is the same as a speaker of the second sentence, and dialogue act information
indicating a class of the first sentence;
a learner that learns an association between the current uttered sentence and the dialogue act information by
applying the first training data to a model; and
a storage that stores a result of the learning as learning result information in a memory.

9. The dialogue act estimation apparatus according to claim 8, wherein at least one of the acquisition unit, the learner,
and the storage includes a processor.

10. A non-transitory storage medium storing a computer-readable program, the program causing a computer to execute
a process including:

acquiring first training data indicating, in a mutually associated manner, text data of a first sentence that can be
a current uttered sentence, text data of a second sentence that can be an uttered sentence immediately previous
to the first sentence, first speaker change information indicating whether a speaker of the first sentence is the
same as a speaker of the second sentence, and dialogue act information indicating a class of the first sentence;
learning an association between the current uttered sentence and the dialogue act information by applying the
first training data to a model; and
storing a result of the learning as learning result information in a memory.
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