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Abstract

Challenges in multimodal task-oriented dia-
logue between humans and systems, particu-
larly those involving audio and visual interac-
tions, have not been sufficiently explored or
shared, forcing researchers to define improve-
ment directions individually without a clearly
shared roadmap. To address these challenges,
we organized a competition for multimodal
task-oriented dialogue systems and constructed
a large competition-based dataset of 1,865 min-
utes of Japanese task-oriented dialogues. This
dataset includes audio and visual interactions
between diverse systems and human partici-
pants. After analyzing system behaviors identi-
fied as problematic by the human participants
in questionnaire surveys and notable methods
employed by the participating teams, we identi-
fied key challenges in multimodal task-oriented
dialogue systems and discussed potential direc-
tions for overcoming these challenges.

1 Introduction

Task-oriented dialogue systems are in high demand
in both academia and industry (Qin et al., 2023; Ni
et al., 2023). In recent years, particular attention
has been given to multimodal task-oriented dia-
logue systems that enable more natural and richer
real-time interactions through spoken utterances
and visual representations of both participants (i.e.,
real-time camera input capturing the user, as well
as output provided via system avatar video or em-
bodied robot actions) (Valizadeh and Parde, 2022;
Chen et al., 2025). In this paper, we refer to these
dialogues utilizing both audio and visual modalities
as “audio-visual dialogues.”

Despite significant attention in this area, the chal-
lenges involved in audio-visual task-oriented dia-

System’s video User’s video

System’s spoken utterances

User’s spoken utterances

(How about this spot?)

(Oh, I love it!)

User's subjective evaluation of 13 metrics for each dialogue

Naturalness Preference TaskSuccess ……

4 / 7 6 / 7 Yes

こちらの観光地は如何でしょう?

いいですね！

Figure 1: Example of a dialogue in our competition-
based dataset. It contains 1,865 minutes of Japanese
audio-visual task-oriented dialogues and subjective dia-
logue evaluation results. Maps Data: Google.

logue between humans and systems have not been
sufficiently explored or shared within the research
community. Consequently, researchers are forced
to define improvement directions individually with-
out a clearly shared roadmap. This situation is
mainly due to the lack of datasets for audio-visual
task-oriented dialogues between humans and sys-
tems. Without detailed analyses of such datasets,
it is difficult to precisely identify the key factors
influencing user experience and task performance,
particularly given the complex interactions across
multiple modalities.

As an initial step toward promoting a shared
understanding of key challenges in audio-visual
task-oriented dialogues, we organized a compe-
tition at the 7th Dialogue System Live Compe-
tition (DSLC7) (Sato et al., 2025) in which we
constructed a dataset of Japanese audio-visual task-
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oriented dialogues between various participating
systems and humans, as shown in Fig. 1. This
competition consisted of two stages: a preliminary
round and a final round. In the preliminary round,
94 human evaluators interacted with the participat-
ing systems and provided subjective evaluations
after each dialogue. As a result, we collected 1,865
minutes of publicly shareable data comprising 257
audio-visual task-oriented dialogues along with
their corresponding subjective evaluation results.
In the final round, the top three systems selected
from the preliminary evaluations engaged in a to-
tal of six dialogues with the representatives we
invited. The six dialogues were observed and eval-
uated by an audience of approximately 110 people,
including dialogue researchers. Additionally, we
surveyed the audience before and after the final
round, enabling us to analyze changes in their per-
ceptions regarding key challenges in audio-visual
dialogue systems throughout the competition.

In this paper, we first describe the competition
we organized and the dataset created during the
competition. We then analyze the competition-
based dataset to identify key challenges in mul-
timodal task-oriented dialogue systems involving
audio and visual modalities. Finally, we discuss
potential approaches to address these challenges
based on notable methods implemented by partic-
ipating teams. Our dataset and the codebase of
system templates provided to participating teams
(Section 3.1) will be accessible from the DSLC7
project page.1

2 Related Work

Multimodal task-oriented dialogue datasets.
Various multimodal task-oriented dialogue datasets
have been developed in response to the growing
interest in multimodal dialogue. However, these
datasets generally consist of dialogues that lack
audio (i.e., spoken utterances) or visual modali-
ties (i.e., videos of dialogue participants) (Walker
et al., 2001; Raux and Eskenazi, 2004; Williams
et al., 2013; Henderson et al., 2014; Saha et al.,
2018; Thomason et al., 2020) or that have been
collected either from human-human interactions
or via the Wizard-of-Oz approach (Hemphill et al.,
1990; Thompson et al., 1993; Horiuchi et al., 1999;
Spanger et al., 2012; Jayagopi et al., 2013; Gorisch
et al., 2014; Kim et al., 2016; Hayakawa et al.,
2016; Byrne et al., 2019; Canévet et al., 2020;

1https://sites.google.com/view/dslc7.

Okamoto et al., 2020; Kim et al., 2021; Komatani
and Okada, 2021; Kim et al., 2022; Eijk et al., 2022;
Inaba et al., 2024; Zhang et al., 2023; Soltau et al.,
2023; Si et al., 2023). Consequently, the analysis
of audio-visual multimodal task-oriented dialogues
between actual systems and human users remains
limited. In this study, we constructed an audio-
visual task-oriented dialogue dataset containing
interactions between diverse systems and diverse
human users through organizing a competition.

Dialogue system competitions. Organizing com-
petitions for dialogue systems is vital, not only for
driving technological advancements but also for
clarifying and sharing key research challenges. To
date, several competitions focusing on dialogue
systems have been conducted, such as the Dia-
log System Technology Challenges (Soltau et al.,
2023),2 Alexa Prize,3 and Dialogue System Live
Competitions (Higashinaka et al., 2024). How-
ever, competitions that compare the overall perfor-
mance of audio-visual task-oriented dialogue sys-
tems based on human evaluation remain scarce. A
notable exception is the Dialogue Robot Competi-
tion, where audio-visual task-oriented dialogues be-
tween robots and humans have been conducted (Mi-
nato et al., 2023). However, due to the nature
of this competition—specifically, evaluating the
performance of systems deployed in actual retail
environments—the dialogue dataset is not made
publicly available and has not been sufficiently an-
alyzed. In this study, we analyze our publicly avail-
able competition-based dataset to uncover chal-
lenges in audio-visual task-oriented dialogue sys-
tems.

3 Organization of Competition

As a first step towards identifying and sharing key
challenges in audio-visual task-based dialogue sys-
tems, we organized a competition at DSLC7 in
Japan. Through this competition, we collected
Japanese dialogues between participating systems
and humans and associated evaluation data. Con-
structing a dataset through a competition enabled
us to collect dialogues of diverse systems.

The competition consisted of preliminary and
final rounds. In the preliminary round, dialogue
systems from participating teams engaged in face-
to-face interactions with human evaluators. After

2https://dstc11.dstc.community/
past-challenges.

3https://www.amazon.science/alexa-prize

https://sites.google.com/view/dslc7
https://dstc11.dstc.community/past-challenges
https://dstc11.dstc.community/past-challenges
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each dialogue, human evaluators provided subjec-
tive evaluations of the systems. Systems that re-
ceived high subjective evaluation scores advanced
to the final round. In the final round, these se-
lected dialogue systems interacted with dialogue
interlocutors designated by us in front of an au-
dience that included dialogue system researchers.
The audience evaluated the systems based on the
demonstrated dialogues as a third party.

3.1 Task Settings

A key objective of this competition is to collect
diverse interactions that comprehensively reveal
challenges in audio-visual task-oriented dialogue
systems. To achieve this, it is crucial to involve hu-
man interlocutors with a broad range of attributes.
However, simply recruiting diverse participants is
not sufficient; for participants to naturally engage
in dialogue, the task setting itself must be designed
in a way that encourages natural conversation re-
gardless of individual background or experience.
With this in mind, we designed a “Tourist Spot
Selection Task,” inspired by the Dialogue Robot
Competition. As Inaba et al. (2024) mentioned,
travel planning is considered a dialogue topic that
people with diverse attributes can naturally partici-
pate in.

Tourist spot selection task. In this task, a di-
alogue system acts as a travel agency’s counter
salesperson, suggesting tourist spots to the human
interlocutor. Through a dialogue, the system aims
to determine a primary tourist spot in Japan that
aligns with two travel objectives specified by the
interlocutor. A screenshot of a dialogue system is
shown in the upper left of Fig. 1. The system is
allowed to display images and maps (via Google
Maps4) of up to four tourist spots to the interlocu-
tor through a virtual monitor (hereafter “Travel
Viewer”).

Travel objectives. The interlocutor selects two
travel objectives before the dialogue. The selection
process is conducted in two stages. First, the in-
terlocutor randomly draws five “Objective Cards,”
each describing different travel objectives, from a
set of 52 unique cards we prepared for this compe-
tition. This initial random draw ensures diversity
among the objectives that appear in the dataset, re-
flecting a wide range of travel motivations. Then,
from these five cards, the interlocutor selects two

4https://developers.google.com/maps.

objectives that they feel would be natural and easy
to discuss as their own travel goals. This second
step allows interlocutors to choose objectives that
are personally relatable, thereby facilitating more
natural and engaging dialogue. Examples of these
objectives include “Taking attractive photographs
at scenic spots” and “Organizing a company trip.”
The travel objectives remain undisclosed to partic-
ipating teams, requiring them to develop systems
that are flexible enough to accommodate any given
objective.

Inputs and outputs. The systems submitted to
this competition can use the human interlocutor’s
voice and frontal video as input. The output is
the specified CG avatar’s motion commands and
its synthesized voice. The competition does not
restrict the manner of turn-taking, and the system
and the interlocutor are allowed to interrupt each
other’s speech.

System requirements. The full specifications of
all requirements are provided in Appendix A. Re-
quirements include, for example, designated CG
avatars, CG avatar software, and a text-to-speech
API.

Evaluation metrics. Table 1 summarizes the
evaluation metrics used in the evaluation. Based
on these metrics, each system’s performance is ul-
timately represented by two aggregate scores: the
Satisfaction score and the Completion score. The
Satisfaction score is obtained by averaging the ten
metrics that capture the dialogue-experience per-
spective for each evaluator, as listed in the upper
half of Table 1, and then averaging these values
across all evaluators. The Completion score is cal-
culated as the product of (i) the proportion of eval-
uators who answered “Yes” to Task Success (Suc)
and (ii) the mean of their objective-achievement
ratings, computed by first averaging of each evalua-
tor’s Obj1 and Obj2 scores (which assess, for each
Objective Card, whether the determined tourist spot
met the stated purpose; see Table 1) and then av-
eraging these means across the evaluators who an-
swered “Yes” to Suc. All metrics in Table 1, except
those requiring binary answers (“Yes” or “No”),
are rated on a 7-point Likert scale. These metrics
follow those previously employed in the Dialogue
Robot Competition.

System template. As an example system for the
submission to our competition, we provided partici-
pating teams with a system that meets the specified

https://developers.google.com/maps
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Perspective Evaluation metric Abbreviation

Satisfaction

Was the system’s tourist information sufficient? (Information Sufficiency) Inf
Was the dialogue with the system natural? (Naturalness) Nat
Was the system behavior appropriate? (Appropriateness) App
Was the system behavior preferred? (Preference) Ple
Was the dialogue with the system satisfactory? (Satisfaction) Sat
Did you find the system trustworthy? (Trustworthiness) Tru
Was the system’s information useful in selecting a tourist spot? (Usefulness) Use
Was the system’s information reliable? (Reliability) Rel
Would you like to visit this travel agency again? (Return Intention) Ret
Did you get excited about traveling? (Expectation for Travel) Exp

Completion
Did you decide on a tourist spot? [Yes/No] (Task Success) Suc
Did the tourist spot meet the purpose of the first Objective Card? Obj1
Did the tourist spot meet the purpose of the second Objective Card? Obj2

Table 1: List of evaluation metrics. Except for “Task Success,” which is answered as “Yes” or “No,” all metrics are
evaluated on a 7-point scale.

requirements based on Remdis (Chiba et al., 2024),
a platform designed for developing real-time mul-
timodal dialogue systems. Participants were not
required to base their development on this template
as long as they satisfied the aforementioned require-
ments.

3.2 Preliminary Round

Participating teams. The competition initially
received entries from 12 teams. Of these, two teams
withdrew before the preliminary round’s evaluation.
Additionally, our screening process determined that
two more teams could not be evaluated, leaving
eight teams qualified for the preliminary round. Fi-
nally, nine systems participated in the preliminary
round’s evaluation, with the addition of our base-
line system.

Procedures of the preliminary round. The hu-
man evaluators first received an explanation of how
to interact with and assess each dialogue system.
Evaluators who consented to participate after re-
ceiving the explanation interacted with the assigned
participating systems and evaluated each system
immediately following each interaction. Each eval-
uator repeated this task—dialogue followed by
evaluation—up to four times, thus evaluating up to
four distinct systems. To eliminate potential effects
arising from the order in which dialogues were con-
ducted, we employed a counterbalancing design.
Each dialogue was carried out in a private room,
with the evaluator interacting face-to-face with the
system (see Fig. 2).

Comment-based feedback. In addition to the
rating-based evaluation for the metrics introduced
in Section 3.1, evaluators were asked to provide

Figure 2: Scene from the preliminary round.

free comments highlighting positive and negative
aspects of the system for each dialogue as supple-
mentary information.

Collection of dialogues. With the consent of
evaluators and participating teams, we collected
records of the dialogues conducted during the pre-
liminary round. These consisted of audio and video
recordings from both the systems and the human
evaluators, in addition to system logs.

3.3 Final Round

In the final round, we demonstrated task-oriented
dialogues between the representatives we invited
and the three top-rated systems from the prelim-
inary round5 in front of an audience of approxi-
mately 110 people, including many dialogue re-
searchers. The audience evaluated each system’s
dialogue performance as a third party, which deter-
mined the final rankings of the top three teams in
the competition. For details of the dialogue demon-
stration, please refer to Appendix B.

The final round had two additional objectives
5We selected three systems that scored particularly high in

both Satisfaction and Completion in the preliminary round.
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beyond determining the rankings of the competing
systems. The first was to enable the audience to
observe and understand the current capabilities and
challenges of audio-visual task-oriented dialogue
systems. The second objective was to widely share
the challenges recognized by the audience with the
research community. With this in mind, both before
and after the final round, we surveyed the audience
about the recognition of challenges in audio-visual
dialogue systems (hereafter, final round fixed-point
questionnaire).6 The questionnaire requested par-
ticipants to select three challenges they considered
most significant from our list (Table 3). In con-
ducting the same questionnaire before and after the
event, we aimed to clarify how perceptions of the
challenges changed due to the competition.

4 Collected Data

Preliminary round data. We collected 257 dia-
logues between nine systems and 94 human evalu-
ators, totaling 1,865 minutes, along with subjective
evaluation results provided by evaluators. Each
dialogue consists of a quadruple: a frontal video
of the interlocutor, a video of the dialogue sys-
tem avatar and the Travel viewer, separated audio
recordings of both dialogue speakers, and system
input/output logs. To the best of our knowledge,
this is the first large-scale dataset of audio-visual
task-oriented dialogues between humans and sys-
tems. More detailed information on the dataset is
provided in Appendix C.

Final round data. We collected six dialogues—
two dialogues each from three selected systems—
and obtained objective evaluation results from the
audience members for each dialogue. The com-
ponents of each dialogue are identical to those of
the preliminary data. In addition, we included the
results of the final round fixed-point questionnaire
from 86 members of the final round audience.

5 Analysis

We collected a large-scale dataset comprising
audio-visual task-oriented dialogues between di-
verse dialogue systems and human evaluators and

6Note that this competition was held concurrently with
another competition involving audio-visual dialogue systems
addressing a different task (Takahashi et al., 2025), and in
a strict sense, the questionnaire also included feedback re-
garding that competition. However, since both competitions
were conducted in the same format, except for the dialogue
situations and evaluation metrics, the questionnaire results
are considered to highlight the challenges identified in our
competition.

corresponding evaluation results. By analyzing
them, we investigate the current key challenges in
audio-visual task-oriented dialogues.

Numerous analytical perspectives are possible in
audio-visual task-oriented dialogues, where multi-
ple modalities intricately interact to influence user
experience and task accomplishment. In this pa-
per, we focus on the issues that were frequently
pointed out in the preliminary and final round ques-
tionnaires. These issues may have a substantial
impact on the dialogues, as they drew notable atten-
tion from evaluators in the preliminary round and
from the audience in the final round. Given that our
dataset represents the first large-scale collection
of audio-visual task-oriented dialogues between
humans and systems, our analysis specifically em-
phasizes the issues associated with the audio-visual
modality rather than the semantic content of the
dialogues.

5.1 Summary of Questionnaire Results

Free comments in the preliminary round.
Among the 257 dialogues conducted in the prelimi-
nary round, free-text comments were provided for
165. Among these, 128 dialogues contained com-
ments that described specific problems. The first
author read every comment and segmented them
into discrete problem statements, with each seg-
ment counted as one issue. Applying this manual
procedure resulted in a total of 161 issues. These
161 issues were then manually grouped into the
categories shown in Table 2. Notably, more than
half of these comments referred not to the semantic
content of the system’s utterances but to system be-
haviors involving audio or visual aspects, such as
response timing or the avatar’s facial expressions.
These issues can be broadly classified into five
categories: “Timing of responses,” “Length of re-
sponses,” “Backchanneling,” “Speech recognition /
Synthesis,” and “Facial expressions of avatar.”

Final round fixed-point questionnaire. Table 3
presents the results of the fixed-point questionnaire
to the audience during the final round. These re-
sults show that, prior to the final round, audience
votes were relatively evenly distributed across most
of the listed issues, with some minor biases. In
contrast, after the final round, there was a notable
increase in votes regarding the naturalness of turn-
taking, while votes concerning deficiencies in facial
expressions, gestures, and system actions during
non-speech periods decreased sharply.
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Category Issue Frequency

Timing of responses Response delay 17
Interruption of human utterances, Unnatural response timing 10

Length of responses Too long responses, Rapid-fire responses 14

Backchanneling Inappropriate frequency or timing of backchanneling 7

Speech recognition / Synthesis Incorrect speech recognition results 12
Mispronunciations (especially of kanji characters) 9

Facial expressions of avatar Rigid or subdued facial expressions 5

Others
Issues with a frequency of less than five 15
Issues related to dialogue contents 72
(e.g., failure to reflect tourism purposes in the system’s recommendation)

Table 2: Issues mentioned in the subjective evaluators’ free comments during the preliminary round and their
frequency. Only issues involving vision or audio are shown in detail.

Issue BF AF

Unnatural turn-taking 58 75
User and environment unawareness 54 60
Slow operation, Poor real-time performance 51 52
Insufficient facial expressions and gestures 30 19
Insufficient actions during non-speech 28 19
High processing costs 23 17
Misaligned gestures 13 10
Response with inappropriate acoustics 1 0
Others 0 6

Table 3: Results of the final round fixed-point question-
naire from 86 participants. Respondents selected three
issues from the list that they felt were most important.
BF and AF represent the number of respondents who
selected the issue before and after the final round, re-
spectively.

During the preliminary round, evaluator com-
ments primarily pointed out issues related to re-
sponse timing, response length, backchanneling,
speech recognition/synthesis, and the avatar’s fa-
cial expressions. Among these, system behavior
concerning turn-taking drew particular attention in
the final round. In the following sections, we an-
alyze our large-scale dataset collected during the
preliminary round to investigate how these behav-
iors impact user experience and evaluation results.
We also discuss potential approaches for addressing
them based on notable methods by some partici-
pating teams. Detailed statistical values for subse-
quent analyses are provided in Tables 4 and 5.

5.2 Analysis: Timing of Responses
5.2.1 Response Delay
Among the issues raised during the preliminary
round, response delay was the most frequently men-
tioned. To quantitatively assess its impact, we cal-
culated Spearman’s rank correlation coefficients

between the cumulative duration of pauses—from
the end of human utterances to the beginning of sys-
tem responses—of each dialogue and evaluators’
ratings across all evaluation metrics for the dia-
logue. The results revealed statistically significant
negative correlations between the cumulative pause
duration and four evaluation metrics—Nat, App,
Ple, and Sat—from the Satisfaction perspective, as
well as task completion ratings (Table 4).

These findings provide quantitative evidence that
response delays can affect user experience and task
completion in audio-visual task-oriented dialogues.
This observation is intriguing in light of prior re-
ports suggesting that humans tend to be tolerant of
response delays in task-oriented dialogues (Peng
et al., 2020).

While the fundamental solution to this issue is
clearly to improve the response generation speed,
current techniques face inherent limitations in
achieving such acceleration. Consequently, some
teams implemented strategies such as inserting
fillers or thinking gestures during response prepa-
ration to mitigate perceived response delays. Pre-
vious studies indicate that such fillers and gestures
can reduce human-perceived delays (Kum and Lee,
2022). In fact, one evaluator explicitly commented
positively, stating, “It was good that the system
did not remain silent while it was thinking.” How-
ever, we observed a case where these strategies
yielded a negative impact. In a free comment on
one dialogue in the preliminary round, one eval-
uator explicitly mentioned being bothered by the
repeated filler “um” in the same dialogue. Indeed,
we found that the system generated 13 instances of
“um” and similar fillers during that dialogue, poten-
tially causing annoyance due to their repetitiveness.



455

Dialogue feature Inf Nat App Ple Sat Tru Use Rel Ret Exp Tsk

Total response delay (§5.2.1) –.058 –.137* –.151* –.160* –.124* –.087 –.077 –.053 –.077 –.025 –.192*
No. of interruptions (§5.2.2) –.203* –.239* –.250* –.243* –.202* –.175* –.186* –.161* –.148* –.150* –.232*
Average response length (§5.3) –.175* –.165* –.220* –.208* –.224* –.191* –.248* –.201* –.215* –.197* –.223*
No. of backchannels (§5.4) –.273* –.267* –.280* –.261* –.218* –.169* –.175* –.193* –.194* –.185* –.071
No. of backchannels (<15) (§5.4) .055 .176 .258* .185 .139 .134 .081 .094 .167 .073 .364*
No. of expression changes (§5.6) .165* .182* .196* .217* .220* .158* .155* .204* .208* .166* .150*

Table 4: Spearman’s rank correlation coefficients between each dialogue feature and the evaluation scores. Tsk is
defined as a single Task Completion metric, used here for correlation analysis, by aggregating the three Completion-
related metrics (Suc, Obj1, and Obj2) into one score. For each dialogue, if Task Success is “Yes,” Tsk equals the
average of Obj1 and Obj2; if “No,” Tsk is set to 0. Note that * indicates significance at p < 0.05.

Dialogue subset Inf Nat App Ple Sat Tru Use Rel Ret Exp Suc (Obj1+Obj2) / 2 Tsk

w/ SR errors (§ 5.5.1) 4.75 4.00 3.92 4.50 4.25 4.17 5.00 4.75 4.17 4.75 0.92 5.58 5.64
w/o SR errors 5.22 4.67 4.81 4.91 4.70 4.94 5.31 5.30 4.42 5.00 0.94 5.08 5.26
w/ SS errors (§ 5.5.2) 5.67 5.22 5.00 4.89 4.67 4.78 5.44 5.56 4.22 5.11 1.00 4.67 4.67
w/o SS errors 5.18 4.61 4.76 4.89 4.68 4.90 5.28 5.26 4.42 4.99 0.93 5.12 5.30

Table 5: Average user evaluation scores for each dialogue subset. “w/ SR errors” and “w/o SR errors” indicate
subsets of dialogues in which speech recognition errors were reported or not, respectively, while “w/ SS errors” and
“w/o SS errors” indicate the corresponding subsets for speech synthesis errors.

As tasks increase in complexity, dialogue durations
are expected to lengthen, increasing the count of
response delays and consequently increasing fillers
and gestures. Given that audio-visual dialogues
are gradually handling more complex tasks, careful
consideration should be given to ensuring diver-
sity in fillers and gestures to mitigate the potential
negative impacts of these approaches.

5.2.2 Interruption of Human Utterances,
Unnatural Response Timing

While delays in system responses were frequently
mentioned, some evaluators also reported inter-
ruptions of their utterances by the system and the
reverse phenomenon. We calculated Spearman’s
rank correlation coefficients between the number
of interruptions per dialogue (instances where both
system audio and human audio occurred) and eval-
uation scores from the preliminary round for each
dialogue. The analysis confirmed that the number
of interruptions exhibited statistically significant
negative correlations with all evaluation metrics,
both from the Satisfaction and Task completion
perspectives (Table 4). This result suggests that
interruptions, in addition to response delays, repre-
sent a critical issue with a serious impact on user
satisfaction and task completion.

One team attempted to reduce these interrup-
tions by utilizing visual cues. Specifically, this
team implemented a feature in which the system
avatar extended its hand toward the interlocutors,

indicating the appropriate timing for them to begin
speaking. Indeed, the average number of interrup-
tions per dialogue for this team’s system was 7.1,
which is lower than the 8.4 interruptions observed
on average in other teams’ systems.

However, even in dialogues with this system,
utterance interruptions were not entirely elimi-
nated. One potential reason is that evaluators
might not have noticed the avatar’s hand move-
ments. In this dialogue task, essential task-related
information is visually provided through the Travel
Viewer interface. Providing such visual informa-
tion might reduce evaluators’ attention toward the
avatar, thereby limiting the effectiveness of visually
guided turn-taking strategies.

In dialogues enriched with extensive visual in-
formation, simply transplanting turn-taking cues
proposed in previous audio-visual studies, such as
an avatar extending its hand to signal the floor, may
have only limited effectiveness.

5.3 Analysis: Length of Responses

Another frequently mentioned issue was the exces-
sively long duration of uninterrupted system utter-
ances. Upon detailed observation of these com-
ments, it became evident that long utterances were
particularly noted during explanations about tourist
spots. This suggests that system utterances became
notably lengthy when attempting to deliver infor-
mation about tourist spots in a single utterance.

Indeed, a correlation analysis between the du-
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ration of system utterances and human evaluation
scores from the preliminary round suggested that
extremely long system utterances significantly im-
pact user experience and task performance. Specif-
ically, all evaluation metrics for both user satis-
faction and task completion showed statistically
significant negative correlations with the average
duration (in seconds) per system utterance during
interactions (Table 4).

This result is interesting when considered along-
side previous studies reporting relatively high
human tolerance towards verbose system re-
sponses (Whittaker et al., 2003). Although par-
tially overlapping with the discussion in the pre-
vious section, one possible factor contributing to
the discrepancy from these earlier findings could
be the relatively longer dialogue duration involved
in this task. Given that prolonged interactions may
occasionally lead to decreased interlocutors’ con-
centration, future studies could explore methods
to alleviate users’ cognitive load, such as breaking
down or shortening information delivery during
dialogues.

5.4 Analysis: Backchanneling

Several evaluators commented that the systems pro-
duced too many backchannels or that their tim-
ing appeared unnatural. Indeed, calculating Spear-
man’s rank correlation coefficient between the num-
ber of backchannels (the total number of system
utterances of fewer than six characters during user
utterances) per dialogue and evaluator ratings of
each dialogue revealed that this feature exhibited
statistically significant negative correlations with
all the evaluation metrics from the Satisfaction per-
spective (Table 4).

Conversely, when analyzing only dialogues with
fewer than 15 backchannels, we found a statis-
tically significant positive Spearman’s rank cor-
relation between the frequency of backchannels
and evaluator ratings of Appropriateness (Table 4).
This suggests that appropriately frequent backchan-
neling can have a beneficial impact on user experi-
ence. These results suggest that the tendencies pre-
viously observed in non-task-oriented dialogues—
where both excessively frequent and insufficient
backchannels degrade interaction quality (Poppe
et al., 2011)—can also apply to task-oriented di-
alogues. Thus, achieving natural and desirable
task-oriented dialogues may require an optimal fre-
quency of backchannels.

5.5 Analysis: Speech Recognition/Synthesis
Errors in speech recognition and synthesis still oc-
curred, and numerous comments regarding these
errors were received in the preliminary round.

5.5.1 Speech Recognition
In particular, dialogues in which speech recogni-
tion errors were reported7 exhibited lower scores
across all Satisfaction perspectives’ metrics aver-
aged among all evaluators, as well as a lower per-
centage of evaluators answering “Yes” for Task
Success, compared to dialogues without such errors
(Table 5). Notably, the evaluation for Appropriate-
ness had an average score of 3.92, which is signifi-
cantly lower than the 4.82 recorded for dialogues
without reported speech recognition errors (one-
tailed Welch’s t-test, p = 0.043). These results
suggest that speech recognition errors negatively
impact user experience.

Two teams adopted a simple yet potentially ef-
fective approach to mitigate task failures arising
from speech recognition errors: explicitly asking
interlocutors to confirm the accuracy of informa-
tion captured by the system. Indeed, one evaluator
positively commented on one of these teams, high-
lighting, “It was reassuring that the system thor-
oughly confirmed its understanding aligned with
my requests before proceeding to the next step.”

However, there was also a comment—not di-
rectly associated with these two teams—that indi-
cated “Bad point: there were too many confirma-
tions.” This suggests that confirmations should be
minimized to maintain positive user experiences,
possibly by only querying when the system’s confi-
dence level is low.

5.5.2 Speech Synthesis
In contrast to speech recognition, dialogues in
which speech synthesis errors were pointed out8

did not exhibit lower evaluation scores from either
the Satisfaction or Completion perspective com-
pared to dialogues without such errors (Table 5).
This suggests an intriguing possibility: although
speech synthesis errors might be memorable for

7Although evaluators could not see the speech recogni-
tion output in our data collection settings, they sometimes
reported misrecognitions when they heard system responses
that referred to unrelated words that sounded similar to those
included in the evaluators’ preceding utterances.

8The evaluators could not directly check the text being
read aloud by the system, but they reported speech synthesis
errors when they noticed clear mistakes in the synthesized
speech, such as inappropriate readings of kanji characters in
the system’s responses.
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interlocutors, they do not significantly affect the
task performance or the user experience.

5.6 Analysis: Facial Expressions of Avatar

The preliminary round revealed some comments ad-
dressing issues related to the CG avatar’s facial ex-
pressions, despite these expressions being directly
unrelated to task completion. Considering the na-
ture of the task, in which evaluators were required
to choose tourist destinations, it was initially ex-
pected that their attention would predominantly fo-
cus on the Travel Viewer displaying detailed tourist
information. Thus, it is particularly noteworthy
that they may have allocated a certain degree of
attention to the avatar’s facial expressions.

Correlation analyses with Spearman’s rank cor-
relation coefficients conducted between the number
of the avatar’s facial expression changes in each
dialogue and the evaluation scores revealed statis-
tically significant positive correlations across all
evaluation metrics from the Satisfaction perspec-
tive (Table 4). These results indicate that even
in visually rich interactions, system behaviors not
directly associated with task execution can affect
interaction quality, highlighting the importance of
efforts to develop systems with more natural and
appealing behaviors.

5.7 Discussion

Based on the analyses presented thus far, two major
findings have emerged.

First, most of the system behaviors that received
a certain number of comments during the prelimi-
nary round were statistically confirmed to be key
challenges affecting audio-visual task-oriented dia-
logue. This highlights the importance of conduct-
ing real interactions between humans and systems,
gathering human feedback, and analyzing the feed-
back to uncover key challenges.

Second, merely transplanting methods or find-
ings from prior research did not completely elimi-
nate key challenges, particularly the response-delay
and turn-taking problems analyzed in Section 5.2.
This may be partly due to the increased task com-
plexity and the richer information available to in-
terlocutors in the current setting. As audio-visual
task-oriented dialogue systems are expected to han-
dle increasingly diverse and complex tasks in the
future, it may become necessary to not only apply
existing findings but also extend them in ways that
account for the nature of each task.

6 Conclusion

In this paper, we presented an overview of the
audio-visual task-oriented dialogue system com-
petition we organized and the dataset constructed
through this competition. To the best of our knowl-
edge, this is the first publicly available large-scale
dataset of audio-visual task-oriented dialogues be-
tween humans and systems. Based on feedback
from evaluators, we identified key challenges in
developing multimodal task-oriented dialogue sys-
tems that integrate both auditory and visual modal-
ities. Our analysis further revealed that addressing
some of the key challenges requires more than a
direct application of existing research findings—
it necessitates extending these insights, taking the
nature of the task into account. We hope that the
dataset and findings presented in this paper will
contribute to more systematic and efficient research
and development of audio-visual task-oriented dia-
logue systems.

Ethical Considerations
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Team ID N Inf Nat App Ple Sat Tru Use Rel Ret Exp Avg Suc (Obj1+Obj2) / 2 Cmp

1 31 5.61 5.71 5.48 5.74 5.45 5.42 5.61 5.48 5.10 5.42 5.50 0.97 5.83 5.65
2 34 4.62 3.85 4.21 4.38 3.88 4.29 4.94 4.79 3.68 4.29 4.29 0.97 5.33 5.18
3 40 5.33 4.53 4.60 4.78 4.43 4.70 5.23 5.40 4.33 5.05 4.84 0.83 4.82 3.98
4 34 5.74 5.24 5.62 5.59 5.59 5.59 5.76 5.88 5.21 5.53 5.57 0.97 5.52 5.35
5 33 5.67 5.42 5.42 5.45 5.52 5.58 5.67 5.73 5.00 5.39 5.48 0.97 5.69 5.52
6 29 4.38 3.34 3.45 3.79 3.52 3.86 4.69 4.86 3.45 4.28 3.96 0.90 4.62 4.14
7 27 4.56 3.93 4.11 4.11 4.00 4.37 4.85 4.78 3.85 4.48 4.30 1.0 4.67 4.67
8 26 4.12 3.81 3.92 4.00 3.77 4.19 4.31 4.42 3.54 4.19 4.03 0.77 4.80 3.69
9 3 5.33 4.67 5.00 5.00 5.00 4.67 5.33 4.67 3.67 4.67 4.80 1.0 3.67 3.67

Table 6: Number of dialogues and averaged evaluation scores for each participating team in the preliminary round.
N indicates the number of conversations obtained for each team, Avg indicates the satisfaction score (average of ten
scores for satisfaction), and Cmp indicates the Completion score (Section 3.1). Note that the evaluation scores for
dialogues that were excluded during the process of formatting the dataset have been excluded from the calculations
in this table. Thus, the results for each team in the competition may differ slightly. In particular, the N value for
Team ID 9 is notably small because its system frequently failed when interactions deviated from its predefined
dialogue flow, and these failed dialogues were removed during the dataset curation process.

A System requirements for our
competition

• The system must display the CG avatar using
the specified software.9

• The system must be capable of communicat-
ing in Japanese.

• The system must utilize the specified text-to-
speech API10 for speech synthesis.

• Tourist spots must be selected from those
registered in the provided “Rurubu DATA11”
API.

• The system must employ the specified Travel
Viewer, and all images displayed in the Travel
Viewer must be obtained through the “Rurubu
DATA” API.

• The system must initiate each dialogue.
• The determined tourist spot must be men-

tioned in the system’s final utterance.
• Each dialogue must conclude within ten min-

utes.

B Demonstration of dialogues in the final
round

To prevent systems from being evaluated solely
based on exceptionally successful or unsuccessful
dialogues, each system engaged in two dialogues
(a total of six dialogues for the three systems), with
the audience conducting third-party evaluations af-
ter each dialogue. The dialogues were conducted

9https://mmdagent-ex.dev.
10We specified Microsoft Azure’s ja-JP-NanamiNeural.

URL: https://learn.microsoft.com/azure/
ai-services/speech-service/text-to-speech.

11API service provided by JTB Publishing, Inc. for acquir-
ing and searching tourist attraction information. URL: https:
//solution.jtbpublishing.co.jp/service/domestic.

in two rounds. The first round consisted of one
dialogue per system, conducted in a randomized
order, followed by a second round using the same
system order. The representative dialogue inter-
locutors consisted of six individuals: three counter
sales staff from Japanese travel agencies who par-
ticipated in the first round and three Japanese di-
alogue researchers who served as interlocutors in
the second round.

C Details of Constructed Dataset

Table 6 shows the number of dialogues and evalua-
tion scores for each team in the preliminary round.

https://mmdagent-ex.dev
https://learn.microsoft.com/azure/ai-services/speech-service/text-to-speech
https://learn.microsoft.com/azure/ai-services/speech-service/text-to-speech
https://solution.jtbpublishing.co.jp/service/domestic
https://solution.jtbpublishing.co.jp/service/domestic

	Introduction
	Related Work
	Organization of Competition
	Task Settings
	Preliminary Round
	Final Round

	Collected Data
	Analysis
	Summary of Questionnaire Results
	Analysis: Timing of Responses
	Response Delay
	Interruption of Human Utterances, Unnatural Response Timing

	Analysis: Length of Responses
	Analysis: Backchanneling
	Analysis: Speech Recognition/Synthesis
	Speech Recognition
	Speech Synthesis

	Analysis: Facial Expressions of Avatar
	Discussion

	Conclusion
	System requirements for our competition
	Demonstration of dialogues in the final round
	Details of Constructed Dataset

