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Abstract
In recent years, dialogue systems have been applied to daily
living. Such systems should be able to associate conversations
with dialogue situations, such as a place where a dialogue oc-
curs and the relationship between participants. In this study,
we propose a dialogue situation recognition method that under-
stands the perspective of dialogue scenes. The target dialogue
situations contain dialogue styles, places, activities, and rela-
tions between participants. We used the Corpus of Everyday
Japanese Conversation (CEJC), which records natural everyday
conversations in various situations for experiments. We experi-
mentally verified the effectiveness of our proposed method us-
ing multimodal information for situation recognition.

1. Introduction
Dialogue systems for daily living have been developed in recent
years [1]. Such systems, which are used by unspecific users
in various situations, must work adaptively with dialogue situa-
tions. For example, if a system can understand a situation, it can
precisely recognize a user’s speech by changing the ASR mod-
els based on the environment. In addition, a social conversation
system can adjust its utterance style based on the relationship
shared by participants. Several studies have developed systems
by investigating dialogue situations. Bohus et al. [2] built a sys-
tem that can refine the locations of participants by recognizing
their positional relations. Utami and Bickmore [3] developed
a counseling dialogue system that adapts to dialogues between
intimate pairs like couples. Dialogues about surrounding envi-
ronments have also been studied for spoken dialogue systems
within vehicles [4]. In addition, research to conduct the dia-
logues about the given scenes has been actively studied [5–7].
These studies suggest that recognition and adaptation to a situa-
tion are crucial functions for future dialogue systems. However,
since previous studies generally assumed that conventional sys-
tems work under limited and specific dialogue situations, re-
search has failed to focus on the recognition of everyday dia-
logue situations.

On the other hand, many researchers have investigated
acoustic and visual scene recognition and proposed numerous
approaches based on deep learning. In acoustic scene recog-
nition, many studies described successful results in the chal-
lenges of the Detection and Classification of Acoustic Scenes
and Events (DCASE) [8, 9]. For example, Convolutional Neu-
ral Networks (CNNs) [10, 11] and a combination of CNN and
Long Short-Term Memory (LSTM) were used for classifica-
tion. In the area of computer vision, the MIT Indoor 67 [12],
SUN 397 [13], and Places [14] databases were used as bench-
marks for visual scene understanding. Similar to acoustic scene
recognition, CNN-based models have been created for visual
scene recognition [15–19]. The above studies aimed to estimate
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Figure 1: Examples of Dialogue Data of CEJC with Dialogue
Situation Labels: Images are anonymized for publication.

scenes from acoustic and visual cues. Although some of the
scenes contained human interaction, dialogue behavior was not
the main target of recognition.

Unlike conventional studies, we propose a dialogue situ-
ation recognition method that understands the perspectives of
dialogue scenes including the activity of and the relationship
between dialogue participants. The target dialogue situations
include the following elements: a conversational style, the place
where the conversation took place, the kind of activity con-
ducted while talking, and the relationship between participants.
Since humans estimate such dialogue situations from audio, vi-
sual, and linguistic contexts, we propose a recognition model
using multimodal information. For our experiments, we used
the Corpus of Everyday Japanese Conversation (CEJC), which
records conversations that naturally occur in daily life. First, we
analyze the relevance between the situations to investigate an ef-
fective learning method. Then, we evaluate the performance of
our proposed model by recognition experiments.

2. Corpus of Everyday Japanese
Conversation

2.1. Overview

Figure 1 shows examples of the Corpus of Everyday Japanese
Conversation (CEJC) [20, 21] that we used for this study.
CEJC is a unique corpus that records by video cameras and IC
recorders conversations that are embedded in naturally occur-
ring activities in daily life. We used CEJC’s monitor edition,
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Table 1: Dialogue situation labels.

Situations Labels
Style Meeting, Discussion, Chat
Place School/Workspace, Indoor, Outdoor,

Other facilities, Restaurant, Home
Activity Leisure activities, Work, Social life, So-

cial life with meals, Rest, Studying,
Housework, Social participation, Trans-
portation, Personal care, Meals

Relation Social relationships, Friends, Family

which contains 50 hours of conversations. This edition includes
the data of everyday conversations recorded by 40 informants
selected considering the gender and age balances. Since the
balance of the recorded situations was somewhat biased, it was
adjusted so that the distribution became as close as possible to
that of the actual conversations [20].

The audio data were recorded by IC recorders (Sony ICD-
SX734) for individual participants and a central IC recorder
(Sony ICD-SX1000) placed at the center of the dialogue scenes.
For video recording, the Panasonic HX-A500 was used for the
outdoor and moving situations, and a spherical camera (Kodak
PIXPRO SP360 4K) and two portable video cameras (GoPro
Hero3+) were used for other situations. In particular, the single
GoPro Hero3+ was employed for many recordings. The corpus
contains transcriptions with detailed annotations with speaker
labels and the starting and ending times of the utterances.

2.2. Labels of Dialogue Situations

Many kinds of metadata were attached to each record. As labels
of dialogue situations, we used, from the metadata, a conversa-
tional style (Style), the place where the conversation took place
(Place), the kind of activity conducted while talking (Activity),
and the relationship between the participants (Relation). Since
the number of samples of some labels was small, we combined
some of the labels. For the labels under “Place,” we combined
“School” and “Workplace” into “School/Workplace.” The la-
bels related to “Indoor” were integrated into a single category.
The labels related to “Facility” other than “Restaurant” were
combined into “Other facilities.” For labels under “Activity,”
we combined the following: “Leisure activities” and “Leisure
activities with transportation,” “Housework” and “Housework
with meals,” and “Social participation” and “Social participa-
tion with meals.” For the labels under “Relation,” those except
for “Family” and “Friends” were merged into “Social relation-
ships.” The definitive dialogue situation labels are summarized
in Table 1.

2.3. Analysis of Relevance Among Situation Labels

The target dialogue situations are considered interrelated. The
dialogue situation recognition model can be trained effectively
by capturing such relations. Here, we calculated the affinity
scores [22] among labels to investigate the relevance among the
situations. Affinity score A(X,Y ) between labels X and Y is
calculated as:

A(X,Y ) =
P (X,Y )

P (X) + P (Y )− P (X,Y )
. (1)

The higher an affinity score is, the more likely that X and Y will
co-occur and not appear separately. Figure 2 shows a heatmap

Figure 2: Affinity matrix: lighter color represents higher affinity
and darker color represents lower affinity.

of the affinity scores between labels. A lighter color repre-
sents higher affinity, and a darker color represents lower affin-
ity. We found relationships between the situations; higher affin-
ity scores were observed between “Car” and “Transportation,”
and between “Family” and “Chat.” These are intuitive results
considering our daily conversations. We also found other rea-
sonable relations. For example, “Chat” tends to co-occur with
“Restaurant” and “Friend,” and “Work” tends to co-occur with
“Meeting” and “Social relationships.”

These results suggest that considering the relevance be-
tween dialogue situations is effective for training a situation
recognition model. Therefore, we conducted multi-task learn-
ing to capture the relationships between situations in addition to
employing multimodal features in our experiments.

3. Multimodal Dialogue Situation
Recognition Model

Figure 3 shows an overview of our proposed dialogue situation
recognition model, which takes audio signals, video data, and
utterance transcriptions as input. First, the audio, visual, and
linguistic inputs are converted to embedding vector sequences
by ResNet50 [23], VGGish [11], and BERT [24]. Each embed-
ding vector sequence is sent to individual Uni-directional Gated
Recurrent Units (Uni-GRUs), which output representation vec-
tors at every time step. The outputs of the Uni-GRUs at the final
step are concatenated and input to the output layer correspond-
ing to each situation. Finally, the output layer outputs the pre-
diction results. In this study, the dialogue situations of “Style,”
“Place,” “Activity,” and “Relation” are dealt with as individual
tasks. Since analysis of the affinity scores revealed that the dia-
logue situations are interrelated, we introduced multi-task learn-
ing to train the network. In multi-task learning, the output of the
Uni-GRUs is connected to four output layers.

In this study, we assumed that the system observes a dia-
logue scene for a short time and estimates its dialogue situation.
Therefore, the inputs are segments that were cropped from the
original recording. We used the embedding vectors of the ut-
terances as linguistic features. Since the segments generally
contain multiple utterances, we input the utterance vectors in
the order of the starting times to the language Uni-GRU. The
parameters of ResNet50, VGGish, and BERT were frozen in
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Figure 3: Overview of dialogue situation recognition model:
Proposed model takes video, audio, and text inputs and outputs
prediction results of conversational style, place, activity, and
relationship between participants. Network is trained by multi-
task learning.

this paper. When conducting single-task learning for compari-
son, only the final layer that corresponds to the target task was
connected to the model.

4. Experiments
4.1. Setup of Experimental Data

The monitor edition of CEJC contains 126 records. We sepa-
rated them into training, development, and test sets. We made
the ratio of labels as similar as possible between sets. The
amounts of records of the training, development, and test sets
were 76, 25, and 25, respectively. Records derived from the
same dialogue were assigned to the same set.

Each record was divided into segments of 30 seconds. The
audio signals of the segments were converted to monaural and
input to the VGGish to obtain 128-dimensional embedding
vector sequences. The video data were converted to 2,048-
dimensional vector sequences by ResNet50. In this paper, we
used audio data recorded by the central IC recorder (Sony ICD-
SX1000) placed in the center of the dialogue scene. Here, the
condition of the recording equipment differed from informant
to informant. If the record lacked the audio data of the cen-
tral IC recorder, we used the mixed-down audio of the individ-
ual IC recorders. We used video clips from the Panasonic HX-
A500 for the outdoor data and video clips from the single GoPro
Hero3+ for the other data. We gave a zero-vector for the records
that did not have any video data. The audio-visual features were
resampled every second. The utterances were segmented using
MeCab1 with the JUMAN dictionary2, and converted to 768-
dimensional vectors by BERT3. The embedding vectors of the
CLS tokens were input to the network by starting times. The ut-
terances straddling the segments were discarded. The drop rate
of the utterances was 2.88% when separated into segments of

1http://mecab.sourceforge.jp
2https://nlp.ist.i.kyoto-u.ac.jp/?JUMAN
3https://alaginrc.nict.go.jp/nict-bert/index.

html

30 seconds.
Finally, the amounts of samples of the training, develop-

ment, and test sets were 3,371, 1,537, and 1,176. Here, we
identically labeled the segments as those of the original record.

4.2. Conditions of Training Network

The network was trained to minimize the weighted cross-
entropy loss. The losses in each label were multiplied by a
weight that is proportional to the inverse of the sample size. The
number of Uni-GRU layers was 1. The optimization method
was Adam with a learning rate of 0.0005. The minibatch size
was 32 and the maximum number of epochs was 100. We inves-
tigated the classification performance while changing the num-
ber of nodes of the hidden layers as 16, 32, 64, and 128.

The condition that yielded the best macro average of F1-
score for the validation set was used for the definitive evalua-
tion. In the following section, we show the recognition results
for the test set.

4.3. Conditions of Multi-Task Learning

The network was trained to minimize the weighted sum of the
task losses in multi-task learning. We dynamically determined
the weights of the tasks by Dynamic Weighted Average (DWA)
[25]. In this method, the weight of task k was determined as
follows:

λk(t) =
K exp (wk(t− 1)/T )∑

i exp (wi(t− 1)/T )
, wk(t− 1) =

Lk(t− 1)

Lk(t− 2)
(2)

Here, wk(·) is the relative descending rate obtained as the ratio
of Lk(t − 1) and Lk(t − 2), which are the losses of task k at
the t− 1-th and t− 2-th trials. T is a temperature that controls
the softness of the task weighting. We employed T = 2, which
is identical to the conventional study [25]. K is a coefficient
that ensures

∑
i λi = K. In this paper, the task corresponds

to the individual dialogue situation. Therefore, we set K to the
number of kinds of situations (K = 4). We processed the calcu-
lation of the relative descending rate every epoch and initialized
wk(t) = 1.0 for t = 1, 2.

In multi-task learning, we selected the hyper-parameters
based on the macro average F1-scores of the four tasks for the
validation set.

4.4. Human Evaluation

To investigate the upper-bound of the recognition results, we
conducted a human evaluation for the test set. Five segments
for each record were selected randomly to reduce the evalua-
tion cost. The number of samples was 125 (5 video clips × 25
records). An expert watched the video clips in random order,
and selected an appropriate label from the list shown in Table
1 for each dialogue situation. The expert judged the situations
only from the information observed in the target video clip.

5. Results of Situation Recognition
Table 2 shows the recognition results. The table shows the
macro averages of precision, recall, and F1-score for each task.
“Average” in the table is the overall results representing the av-
erages of the four tasks. A, V, and L are the results when us-
ing the acoustic, visual, and linguistic information, respectively.
“Chance” represents the chance-level results. In addition, we
showed the results of the human evaluation as “Human.” Here
“F1” is not always equal to the harmonic mean of the precision
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Table 2: Results of situation recognition experiments: Table shows macro average of classification results for each task. Average is
macro averages of four tasks. A, V, and L represent acoustic, visual, and linguistic features, respectively. ST and MT are single- and
multi-task learning results. Pre., Rec., and F1 are precision, recall, and F1-score. Chance shows the chance-level results and Human
shows human evaluation results.

Style Place Activity Relation Average
Mod. Cond. Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
Chance – 0.209 0.333 0.257 0.053 0.143 0.077 0.017 0.091 0.028 0.158 0.333 0.214 0.109 0.225 0.144
A ST 0.411 0.402 0.403 0.485 0.559 0.492 0.234 0.251 0.232 0.508 0.520 0.511 0.410 0.433 0.410
V ST 0.466 0.438 0.443 0.444 0.525 0.431 0.283 0.337 0.291 0.511 0.495 0.474 0.426 0.449 0.410
L ST 0.497 0.545 0.498 0.209 0.218 0.191 0.151 0.159 0.128 0.515 0.484 0.481 0.343 0.352 0.325
A + V ST 0.470 0.398 0.376 0.548 0.558 0.493 0.398 0.440 0.381 0.451 0.463 0.450 0.467 0.465 0.425
A + L ST 0.439 0.415 0.422 0.528 0.606 0.530 0.215 0.229 0.211 0.523 0.526 0.510 0.426 0.444 0.418
L + V ST 0.524 0.505 0.509 0.486 0.537 0.466 0.310 0.337 0.273 0.551 0.549 0.542 0.468 0.482 0.448
A + L + V ST 0.539 0.425 0.440 0.538 0.596 0.532 0.328 0.418 0.344 0.527 0.509 0.503 0.483 0.487 0.455
A + L + V MT 0.546 0.513 0.519 0.520 0.558 0.488 0.458 0.428 0.390 0.573 0.554 0.548 0.524 0.513 0.486
Human – 0.844 0.669 0.700 0.64 0.667 0.642 0.617 0.552 0.500 0.848 0.823 0.824 0.737 0.678 0.667

and recall in the table since these scores are calculated as the
macro average of the labels.

First, we found that the performance of the examined mod-
els surpassed “Chance.” These results show that the network
was appropriately trained to estimate the dialogue situations
from the acoustic, visual, and linguistic cues. From the compar-
ison between modalities, we found that the acoustic and visual
information contributed to the “Place” and “Activity” estima-
tion. In particular, the “Place” result coincided with the findings
in conventional acoustic and visual scene analysis, suggesting
that location can be estimated using visual and acoustic cues. In
contrast, the linguistic information effectively estimated “Style”
and “Relation.” This result is appropriate because humans usu-
ally tailor such linguistic choices as phrasing and vocabulary
based on the conversational style or the relationship to the per-
son with whom they are speaking. For example, a casual speak-
ing style is chosen for chat-talks with friends and a more formal
tone for a discussion with a boss. “Relation” can also be esti-
mated from acoustic and visual cues. This result suggests that
the positions of participants were affected by their relationships.

In addition, the performance improved by combining mul-
timodal information. In the single-task learning condition, the
best overall result was obtained when using all the modalities;
the average F1-score was 0.455. These results suggest that
our proposed model robustly estimates dialogue situations using
multimodal information. Besides, it is considered that the rele-
vance between the situations can also be captured to some ex-
tent even with simple feature fusion. Multi-task learning further
improved the performance of the proposed model; we obtained
an average F1-score of 0.486. Here we conducted a McNemar
test with Bonferroni correction for the wins and losses between
the multi-task learning result and other multimodal results. This
step is equivalent to comparing accuracy. For “Style,” we ob-
served significant differences (p < 0.05) among all combina-
tions. For “Place,” a significant difference was observed in the
comparison to L+V and A+L+V (ST). For “Activity,” signifi-
cant differences were observed in the comparison to the bimodal
results. For “Relation,” significant differences were observed in
the comparison to A+V. These results indicate that multi-task
learning effectively improved the performance of “Style” in par-
ticular.

However, such definitive results failed to reach the levels
achieved by human evaluations. For example, the evaluator
successfully distinguished dialogue styles from the conversa-
tion content, even in 30-second movie clips, indicating that
the proposed model insufficiently represented conversational in-

formation. For example, the humans seemingly distinguished
among relationships by inferring participants’ occupations or
age. To correctly classify “Relation,” the situation recognition
model must capture wider dialogue contexts that include vari-
ous personal attributes of participants. Besides, not only global
visual information but also such local information as partici-
pant behaviors are effective for recognition. In future studies,
we will improve our method’s performance by incorporating the
knowledge of recent action recognition [26], acoustic event de-
tection [27], and age estimation [28] methods.

On the other hand, the result of the human evaluations was
0.667 in the F1-score, which was lower than our assumption.
One reason for the low score is the difficulty of the classifica-
tion of “Activity” and “Place.” As shown in Table 1, there are
overlaps and ambiguities in the class labels of CEJC. The eval-
uator pointed out that she was unsure which “Activity” to clas-
sify a meeting at a restaurant. In addition, “School/Workspace,”
“Indoor,” and “Home” tended to be confusing. Therefore, it is
necessary to re-examine the taxonomy of the labels.

6. Conclusion
This paper proposed a comprehensive dialogue situation recog-
nition method using multimodal information. We used CEJC,
which is a large-scale corpus of everyday Japanese conversa-
tion, for our experiments. From the analysis of its metadata, we
clarified that dialogue situations are mutually related. Recogni-
tion experiments showed that performance was improved using
multimodal information. Multi-task learning that focused on
the relevance between situations further improved the recogni-
tion results. We obtained an F1-score of 0.486. Although this
result surpassed chance-level results, it did not reach the human
evaluation results.

In future studies, we will examine the features related to
the action [26] and the attribution [28, 29] of the participants.
In addition, we will also incorporate the proposed model into
a response generation model (e.g., [30]) to achieve situation-
aware response generation.
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