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Abstract
For multi-party conversation, a critical task is addressee detection,
the identification of the intended recipient of a conversational turn.
The task of addressee detection is complicated by the fact that there
may not be an explicit addressee. In human-robot and human-agent
interaction, the agent should have the ability to reliably detect the
addressee to ensure that it does not interrupt the flow of conver-
sation. In this work we focus on the tasks related to multimodal
addressee detection, by combining modalities from vision, audio
and text using attention-based models. We compare the perfor-
mance of various combinations of modalities for these tasks. We
find that our models can significantly outperform the baseline and
an LLM-based model. In the main task of addressee detection, the
combination of multimodal features is effective. We also find that
the text modality is better for predicting whether a turn has an
explicit addressee, while vision modalities are better suited for iden-
tification of the explicit addressee. Our models are able to process
information with low latency, making them suitable for real-time
interaction scenarios.

CCS Concepts
• Human-centered computing→ Interaction design process
and methods.
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1 Introduction
For real-time situated conversation, autonomous agents and robots
should be able to manage turn-taking tasks. These tasks involve
knowing when the user has finished their turn so they can gener-
ate and respond in a timely manner. Recently there has been an
increased focus on modeling this turn-taking behavior, resulting
in models that can take the turn at near human-like speed, and in
some cases even overlap human speech.

Conventionally, this research has been conducted in the context
of dyadic conversation, where there are only two participants. How-
ever, everyday conversation also consists of multiple participants
and designing agents which canmanage these type of conversations
should also be addressed. Turn-taking in multi-party conversation
is arguably more complex because not only should participants be
aware of when a turn has ended, but should also be able to recog-
nize who should speak next. This phenomenon does not occur in
dyadic conversation because there is only one possible candidate
for the next speaker.

Furthermore, the turn itself may not explicitly indicate who can
speak next. For example, if a participant in a multi-party conver-
sation says “What do you all think?”, this indicates that any other
participant may take the turn. Therefore, the addressee of the turn
is not a specific person but the group as a whole. We term the
prediction of whom the current speaker is directing their speech
towards (including all the participants) as addressee detection.

A conversation agent engaging in multi-party dialogue requires
an addressee detection model to maintain the rhythm of the con-
versation. It should be able to understand when a turn is directed
at itself, so that it may respond quickly, or when it is directed at
another participant, so that it does not interrupt the conversation.
In order to do this, the agent requires an understanding of the
multimodal behavior of the participants.

One approach to this could be to use multimodal large language
models (MLLMs) which are able to analyze and predict the next
speaker given audio, video and text information. MLLMs also pos-
sess the ability to do chain-of-thought reasoning to arrive at their
prediction [35]. However, a drawback of this approach is the in-
crease in latency. Decisions on whether or not to take the turn
should be made very quickly, but using an MLLM can be costly in
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terms of time compared to more traditional machine learning ap-
proaches. For human-agent interaction, a lightweight model should
be considered as more beneficial even at a lower accuracy.

It is also essential to understand the extent to which modalities
contribute towards the task of addressee detection. Conversation is
of course a multimodal phenomenon which requires visual, audio
and linguistic cues, and addressee detection is no exception to this.
In this work we investigate the influence of particular modalities by
comparing a range of unimodal and multimodal models. Further-
more, we look at several sub-tasks of addressee detection and the
modalities that are necessary for an agent to achieve these tasks.

To address the above issues, this work undertakes a thorough
analysis of addressee detection in a corpus of three-party conversa-
tions between humans in Japanese. We extract several modalities
which can assist in determining who the speaker is addressing (if
any) and then create both unimodal and multimodal models to com-
pare them for various addressee detection tasks. We compare our
models against an LLM to confirm the necessity of multimodal in-
formation. We also find that there are differences in the importance
of modalities depending on the task.

The contributions of this work should be of interest to conver-
sation researchers and practitioners. In this paper, we present the
following outcomes:

• A description and annotation of the addressee detection task
and several related sub-tasks

• A comparative evaluation of unimodal and multimodal mod-
els related to these sub-tasks

• A lightweight model that can be used for the purposes of
multi-party human-agent interaction

2 Related Work
There has been much research conducted on turn-taking in conver-
sation agents. This has often been from the perspective of dyadic
interactions with the task being endpoint detection, or predicting
when the user has finished their speaking turn [10, 13, 20, 30]. This
includes recent full duplex models which allow the agent to take the
turn before the user has finished speaking [7, 9, 19, 28]. Endpoint
detection in multi-party dialogues has also been addressed in a
similar manner using multimodal approaches [22, 23].

Many works deal with addressee detection in multi-party conver-
sation by focusing on the related problem of next speaker prediction.
In this scenario, the model tries to determine the actual next speaker.
Several approaches have been implemented using gaze, head and
mouth information, as well as multimodal modeling [15–17, 24].
Recent works have used LLMs and multimodal LLMs to predict
the next speaker [7, 12, 26], however the inherent latency of these
models means they may have limited use in an online context.

Rather than predicting who will speak, addressee detection pre-
dicts who is being spoken to. This task has been the subject of
prior multimodal research before widespread use of deep learning
models [5, 21, 32, 33]. Current approaches have used more sophis-
ticated models [25, 31], however these assume the addressee is an
individual participant. In this work we will show that in multi-party
conversation it is common for the addressee to be the group itself.

Recent works have implemented addressee detection in multi-
party conversation robots through the use of LLM prompting [1,

3, 4]. In these cases, text and gaze information is sent to the LLM
which decides who is being addressed. However, the reliance on
LLMs could cause issues, in particular because the gaze behavior
sent to the prompt cannot be fully captured and may ignore shifts
during the turn.

This work differentiates itself from previous research by pro-
viding a thorough analysis of not only addressee detection but
also related tasks that are of interest to conversation agents in
multi-party scenarios. Unlike previous work we also try to detect
situations where the addressee is all participants in the conversa-
tion, as this is a regular phenomenon in the real world. We also
emphasize the need for models to have low latency, so we ensure
that our models are able to function in real-time to allow for fast
turn-taking. To our knowledge there is no existing work which
approaches this task in a real-time, multimodal manner.

3 Data Collection
In this work we extract samples of conversation from TEIDAN, a
situated multi-party dialogue corpus [14]. The corpus consists of
three participants engaging in free conversation on a particular
topic. The topics include subjects such as “What city should be the
capital of Japan?” and “What would be the most important thing to
take to a desert island?”. The participants converse around a circular
table, forming an approximate equilateral triangle shape. Each trio
of participants engages in three separate sessions of dialogue with
a different topic, each with a duration of 5-10 minutes long. The
data of 12 trios was collected, resulting in 36 sessions of data.

The corpus contains several streams of data. Video data was
recorded of each participant by a web camera placed on the ta-
ble in front of their seated position. All video recordings were
synchronized. Audio data was collected from separate pin micro-
phones for each participant and also from a circular microphone
array which was placed in the center of the table. All conversations
were transcribed manually, including non-lexical utterances such as
backchannels and fillers. Figure 1 shows the layout of the dialogue
environment.

3.1 Turn and addressee annotation
Conversation turns were annotated manually by one expert annota-
tor and labeled as either A, B or C corresponding to the participant
holding the speaking floor. While in general only one person at
a time can be holding the floor, there were some cases of overlap
when multiple participants talked over each other. A total of 3121
turns were annotated.

For every turn the addressee was also annotated. Possible labels
were

• A, B or C, the addressee is the corresponding participant
• E (everyone), the turn is addressed to all participants
• W (whoever), the addressee is an unspecified participant
• N (none), no-one is addressed, such as self-talk
• U (unknown), the addressee cannot be determined
• O (other), the addressee is none of the above categories

Annotators watched the video of the conversation up until the
turn had ended and decided the addressee label only on the previ-
ous context and not the actual next speaker. In other words, the
addressee and next speaker are not necessarily the same.

1255



Real-time Multimodal Addressee Detection in Multi-party Dialogue ICMI ’26, October 05–09, 2026, Napoli, Italy

Figure 1: Screen capture of a multiparty conversation in the TEIDAN corpus with participants labeled.

General guidelines were provided to annotators to assist them
in determining the addressee. For example:

• Does the speaker use the name of a person?
• Does the speaker use “we” or “us” in their utterance?
• Is the speaker responding to a question?
• Where is the speaker looking when they speak?

Speakers providing their own opinions were annotated as “every-
one”, since they are directed towards the group as a whole. However,
if this is a counter-argument to an opinion which has already been
expressed (by uttering “but...”), the addressee is considered to be
the person whose opinion is being challenged.

An addressee can also change within a turn. In this case, the
annotator was asked to consider only the addressee at the end of
the turn. For example in the following dialogue:

A: “I think Osaka is good because the roads and rail-
way are easy to understand.”
B: “Like the Midosuji line?”
A: “Exactly. Tokyo is really complicated, but Osaka is
well laid out.”

When speaker A responds to B’s statement by saying “Exactly”,
then the addressee is B, which is a direct answer to B’s original
utterance. However the rest of the turn is expressing their opinion
while looking at both B and C, therefore the addressee label is
everyone.

For this addressee annotation, three annotators independently
labeled each turn. We use the majority label as the final annotation.

In cases where all three annotators labeled the addressee differ-
ently, the final label was annotated as unknown. Inter-annotator
agreement for this task using Fleiss’ kappa 𝜅 was 0.52, indicating
moderate agreement. We note that labeling for this task is still
somewhat subjective, particularly compared to identifying the next
speaker.

3.2 Analysis of addressee labels
Figure 2 shows the distribution of addressee labels. The most fre-
quent label is not a specific participant but the label for everyone
(E). This indicates that addressee detection should not just predict a
specific participant in the conversation, but also be able to predict
whether a turn is directed towards the group as a whole.

We also find a portion of annotations labeled as unknown. This
shows the difficulty of the task, where three annotators could not
come to an agreement on the final label. For the purposes of this
work, we mainly focus on the participant labels (A, B and C) and
the everyone label (E) which account for over 90% of the labels.

We also compared the addressee labels to that of the actual next
speaker. We only considered cases where the addressee label was
an explicit participant (A, B or C) and the next speaker was not
the same as the current turn’s speaker. It was found that out of
1,497 turns, the addressee label was different than the person who
actually took the turn in 515 (34.4%) of them . This clearly shows that
addressee detection and next speaker prediction are not equivalent
phenomena. An example of a non-addressee taking the turn is as
follows:
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Figure 2: Distribution of addressee labels annotated in the
TEIDAN corpus.

B speaking to C: “Ah, you can’t compete against
Toyota.”
A: “Yeah. Toyota is really strong”

In multi-party conversation we argue that this phenomena is not
uncommon, due to the underlying complexity of the involvement
of several people. Dialogue agents do not have to accurately predict
the next speaker, but should determine who can be the next speaker,
which is closely related to the addressee.

4 Dialogue Tasks
The overall goal of this work is to predict the addressee of the
turn which has just concluded. We make two assumptions. The
first assumption is that the current turn speaker is known. The
second assumption is that the end of the turn has been detected.
This detection may be achieved by a separate turn-taking model,
which should be investigated in future work.

In the corpus, the participants A, B and C are fixed and do not
change. However, for training models which predict a particular
participant, we need to be able to choose from labels which are
not dependent on the explicit identity of the current speaker but
also allow us to specify the non-speakers. To address this issue, if
the current speaker is A then we do not predict B or C, but rather
“left” and “right”, representing the relative position of the addressee
candidates. We can then use this method for any speaker.

The primary task is a 3-class problem which tries to predict
either one of the non-speakers (left or right) or everyone (E) as the
addressee. We ignore unknown and other annotations and set this
as the main addressee detection task (MAIN). However, related to
this main task are other sub-tasks which also demand investigation.
These sub-tasks are slightly different, but may also be important in
other contexts related to dialogue and turn-taking.

One sub-task is to construct a binary classifier which predicts
whether the addressee is an explicit participant or not. In other
words, the positive class is when the addressee label is either A, B
or C and the negative class is any other label. We term this as an
explicit addressee detection task (EXP).

Another sub-task is to predict which of the participants is the
addressee, given that the addressee is a participant (A, B, or C).

Figure 3: Overview of the tasks related to addressee detection
in this paper. Assume that A is the turn speaker and has just
completed their turn.

We term this as a participant detection task (PART), and in this
corpus the model is also a binary classifier since there are three
participants. We note that this task can be strongly influenced by
the physical positions of the dialogue participants, which are fixed
in the TEIDAN corpus.

Finally, we define a sub-task of continuing the interaction be-
tween a pair of participants. Assume that A was the speaker in the
previous turn and B is the speaker in the current turn. We consider
that interaction between the two has continued if the addressee of
B’s turn is A. If the addressee is anything other than A, then their
dyadic interaction has stopped. We frame this task as a continuation
task (CONT) which predicts a continuing interaction.

Figure 3 summarizes the main task and three sub-tasks. A goal
of this work is to understand how different modalities contribute to
predicting each of the four tasks. For example, we hypothesize that
the PART sub-task is best handled by visionmodalities, since in this
scenario the gaze and head orientation of the participants provides
information that discriminates between explicit addressees.

5 Model architecture
We will now create several models which will focus on each of the
tasks described in the previous section. We describe the process of
feature extraction and the architecture of each of these models.

5.1 Feature extraction
First we extract all the turns in the corpus and use the addressee
information as labels for all of the tasks. Some videos contained
corrupted frames so these were removed for training. Note that the
labels themselves will be slightly different depending on the task,
as shown in Table 1.

For each turn we create the following feature sets:
• Eye gaze angles (yaw and pitch) for each participant
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Figure 4: Multimodal architecture used in this work. For unimodal models the embeddings are input directly into a fully
connected network for classification.

Table 1: Label candidates for each task

Task Label candidates (addressee is...)
EXP in {𝐴, 𝐵,𝐶}, not in {𝐴, 𝐵,𝐶}
PART left of speaker, right of speaker
CONT previous speaker, not previous speaker
MAIN left of speaker, right of speaker, everyone

• Head pose angles (yaw, pitch and roll) for each participant
• Audio embeddings for each participant
• Text embeddings for the utterances of each participant

Eye gaze angles are calculated from the video of each participant
using a pre-trained L2CS-Net model [2]. We sample the output
angles at a rate of 5 Hz to ensure that it can function in real-time.
The window for prediction is the five seconds preceding the end
of the turn, creating a six-feature sequence with a length of 25
per sample. We make the assumption that the end of the turn is
where most of the information regarding the addressee can be
found. Preliminary experiments with longer context windows or
using only the duration of the current turn showed no additional
benefit.

Head pose angles are similarly calculated using a pre-trained
6DRepNet model [11]. Data is sampled at a rate of 30 Hz. The
window for prediction is also five seconds, creating a nine-feature
sequence with a length of 150 per sample.

Although it is possible to use the audio from the individual pin
microphones, we found that they picked up speech from other par-
ticipants which led to severe cross-talk. For this reason, we extract
audio from each participant using the signal from the microphone
array. We apply a speech separation algorithm to the microphone
array signal which enhances audio from a particular direction and

suppresses it from others [18]. This can also function in real-time,
making it suitable for this work. The audio embeddings themselves
are calculated using the WavLM Transformer-based model [8]. We
apply the model to the previous five seconds of audio for each par-
ticipant. Each embedding is averaged to produced a final embedding
for each participant of 768 dimensions.

Text information is converted to embeddings using the SBIntu-
tions Sarashina sentence transformer model for Japanese1, which
produces a vector of 1728 dimensions for each utterance. We add
speaker-specific information to the utterance before feeding it to
the model (e.g. “Speaker A: What do you think about that”). We use
the sequence of utterances with a context up to the last 10 turns of
the dialogue. All participant utterances are used in this sequence.

5.2 Architecture
For the individual modalities of gaze, head pose and text, we use
three bi-directional LSTMs [29] to capture sequential information.
After the Bi-LSTM encoding, a fully connected network is used
for the final classification. The hidden layer of the Bi-LSTMs is 64
dimensions for gaze and head pose and 128 dimensions for text. For
the audio model, we only have the final embeddings to capture the
sequence, so we concatenate all three of these to produce a 2304-
dimension vector which is fed into a linear projection to reduce the
embedding to 128 dimensions.

Multimodal models are constructed by concatenating the final
hidden state of the Bi-LSTMs, and the audio model’s linear projec-
tion. These concatenated embeddings are then used as input to a
fully connected network which is adapted to the specific task. We
can create models with any combination of modalities using this
architecture by including and excluding the embeddings of each
modality.
1https://huggingface.co/sbintuitions/sarashina-embedding-v1-1b
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For both individual and multi-modal models we also imple-
mented an attention mechanism for sequential data. Through initial
experimentation we found that self-attention [34] produced weaker
models, probably due to the relatively low number of training sam-
ples which caused overfitting. However, we found that simple addi-
tive attention [6] may potentially improve the model while using
fewer parameters. We integrated this attention mechanism to all
the Bi-LSTM models as a means of comparison. Figure 4 provides
an overview of the architecture of the models.

6 Model training and results
For each of the four tasks we trained a total of 21 models. These
models are:

• Individual modality models without attention (4 total)
• Individual modality models using Bi-LSTMs with attention
(3 total)

• All pair-wise combinations of modalities with and without
attention (12 total)

• Multimodal models consisting of all features with and with-
out attention (2 total)

All models were trained for 20 epochs using the Adam optimizer
with a learning rate of 0.001. Due to the low sample size we could
train a model in approximately 3-4 minutes with a laptop GPU.

We evaluated the models by using 12-fold cross-validation over
36 dialogue sessions. Each fold consisted of three sessions with the
same trio of participants. This cross-validation provides a more ro-
bust measure of performance as opposed to a random split, because
it ensures that a particular trio is not used in the training set and
each sample is evaluated exactly once.

We also use two baselines as comparison models. The first is a
weighted random baseline which makes a random prediction based
on the distribution of the labels. The second is the result of an LLM,
GPT 5.1 [27]. The text of the conversation is input into this model
and the LLM is asked to output predictions for each of the tasks.
For example, we use the below prompt for the EXP task:

"You are an expert in analyzing conversations. You
will receive the full conversation context up to and
including the final turn. Analyze only the final turn in
the provided context. The conversation participants
are A, B, and C. Do not judge earlier turns. Base your
answer on the final turn and its conversational con-
text. Return JSON only. Return exactly two keys: an-
swer and reason. The answer value must follow the
task-specific choices. The reason value should briefly
explain the evidence from the final turn and context.

Task 1: Decide whether the final turn is explicitly
addressed to exactly one person. Return 1 if the final
turn explicitly addresses exactly one listener.Return 0
otherwise. Return 0 when the utterance is addressed
to the whole group, to nobody in particular, or to
someone other than A, B, or C."

[transcript of conversation leading up to turn end]

Similar prompts were used for the other tasks.

Table 2: Best performing model for each task

Task (sample #) Best model Prec. Rec. F1
EXP (3061) Head + text w/attn. 0.670 0.666 0.667
PART (1655) Head + audio w/attn. 0.892 0.892 0.892
CONT (3024) Audio + text 0.697 0.695 0.696
MAIN (2774) All (attn.) 0.680 0.680 0.680

6.1 Results
We now report the performance of the models. Table 2 summarizes
the best model from cross-validation. Note that this does not imply
statistical significance compared to the other models. We find that
the sub-task of choosing which participant is the addressee has the
best performance, with the highest F1 score around 0.89. On the
other hand, the highest F1 scores for the other tasks are very similar,
around 0.67-0.70. We now present a more detailed evaluation by
comparing models for each task. We detail the performance of each
model on the sub-tasks in Figure 5. In these comparisons, we use
the average of the macro F1 score over all the folds and their 95%
confidence intervals. Note that this is a different metric than in
Table 2 which shows a single F-score over all the samples.

Results for the sub-task which predicts whether the addressee
is an explicit participant (EXP) are shown in the top graph of
Figure 5. We find that the text modality is the most important
predictor here. Text alone and multimodal combinations which use
text greatly outperform ones which do not have it. We find that
the visual modalities (gaze and head pose) are worse than random
chance. This can be intuitively explained by the nature of the task.
Utterances by themselves provide better information on whether or
not the addressee is an explicit participant. For example, the use of
names and “you” would indicate this. On the other hand, gaze and
head information by itself does not provide enough information as
to whether someone is speaking to a person or to the group.

The opposite phenomena occurs in the PART sub-task, which
predicts an explicit participant only. When there is an explicit par-
ticipant, gaze and head information are strongly associated with
increased performance of the model. Even unimodal models pro-
vide a macro F1-score greater than 0.8. The model has most likely
learned that looking in the direction of a person is an indicator that
they are the ones being addressed. The addition of audio also ap-
pears to slightly improve the models. Conversely, text information
alone is a poor predictor of an explicit participant.

In the speaker continuation task (CONT), audio appears to be
a strong modality. All multimodal models which contain audio
outperform models which do not have it, and even audio alone is
relatively strong. This could be due to the use of backchannels by
the previous speaker who is continuing their line of conversation
with the current speaker. For example, the audio embeddings may
capture the verbal interactions between the previous and current
speaker which produces a signal that their dialogue will continue.

Finally, for the main task (MAIN) we find that in general mul-
timodality improves the performance of the models. The gaze +
text models and full multimodal models are the best, although not
significantly better than the other multimodal models. It should also
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EXP sub-task scores
Model Mean F-score (with attention)
Baseline 0.500
GPT 0.4636
Gaze only 0.350 (0.390)
Head only 0.350 (0.400)
Audio only 0.525
Text only 0.649 (0.624)
G + H 0.351 (0.398)
G + A 0.496 (0.499)
G + T 0.644 (0.638)
A + H 0.495 (0.502)
A + T 0.646 (0.628)
H + T 0.638 (0.666)
All 0.657 (0.648)

PART sub-task scores
Model Mean F-score (with attention)
Baseline 0.500
GPT 0.776
Gaze only 0.848 (0.857 )
Head only 0.804 (0.840)
Audio only 0.779
Text only 0.450 (0.455)
G + H 0.842 (0.840)
G + A 0.887 (0.885)
G + T 0.856 (0.849)
A + H 0.855 (0.886)
A + T 0.791 (0.781)
H + T 0.819 (0.822)
All 0.878 (0.876)

CONT sub-task scores
Model Mean F-score (with attention)
Baseline 0.500
GPT 0.606
Gaze only 0.365 (0.366)
Head only 0.365 (0.368)
Audio only 0.656
Text only 0.607 (0.588)
G + H 0.365 (0.364)
G + A 0.655 (0.667 )
G + T 0.604 (0.593)
A + H 0.663 (0.659)
A + T 0.690 (0.670)
H + T 0.585 (0.592)
All 0.689 (0.666)

MAIN task scores
Model Mean F-score (with attention)
Baseline 0.333
GPT 0.610
Gaze only 0.588 (0.618)
Head only 0.546 (0.547 )
Audio only 0.610
Text only 0.440 (0.450)
G + H 0.567 (0.603)
G + A 0.656 (0.639)
G + T 0.666 (0.672)
A + H 0.640 (0.658)
A + T 0.639 (0.633)
H + T 0.631 (0.643)
All 0.673 (0.675)

Figure 5: Average macro F-1 scores for each of the tasks, with 95% confidence intervals. Tables show the precise scores.

be noted that although text alone is relatively weak, the addition of
other modalities greatly improves its performance.

In general, multimodal models outperformed the LLM across
tasks. Perhaps surprisingly, the LLM was also outperformed by
the text-only model in the EXP task and performed best in the

PART sub-task, even though this task is much more suited for
visual features. These results suggest that a multimodal approach
is needed. A multimodal LLM may have performed better on this
task given video information, but would have been much slower
and so is not suitable for our purposes.
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We did not find evidence that the attention mechanism could
improve the model. Initial experiments with self-attention degraded
the model performance, and although additive attention did not
have this effect, it also did not significantly improve the models.

We also analyzed the predicted labels of theMAIN task to better
understand the errors. The confusion matrix of the All model with
attention is shown in Figure 6.We find that themajority of errors are
when the addressee is a participant and misclassified as everyone,
as opposed to the other participant. This emphasizes the difficulty
in detecting if an addressee is the entire group.

Figure 6: Confusion matrix for All with attention model on
MAIN task.

6.2 Discussion
We have trained models for a variety of tasks related to addressee
detection. We found that the performances of the models are re-
lated to the modalities used. Visual modalities can choose between
explicit participants. Deciding if an addressee is an individual or
the group itself requires text information. Audio is most useful
for predicting whether the dialogue continues between a pair of
participants. Our main task, to classify an addressee as one of the
other participants or everyone, required multimodal information.

We also found that a multimodal approach could outperform the
LLM, although the LLM was surprisingly effective, considering that
it did not have access to any visual information. However, the text-
only GPT model had an inference time of over one second, which is
relatively slow for a real-time conversation system. A major benefit
of our approach is that it is relatively lightweight.

This work has provided some insights which can be beneficial
for research on multi-party turn-taking. Although other work in
this area predicts the next speaker, we consider the intended ad-
dressee(s) of the speaker to be equally important. This allows us
to implement a turn-taking model that could be compared with
next speaker prediction in real-time conversation. Our model can
potentially be adapted to continuously detect the addressee during
the speaker’s turn, making it useful for guiding listening behaviors
in conversational robots. Our long-term goal is to create a conver-
sational robot which can engage in multi-party free conversation

with humans with conversational dynamics such as turn-taking.
This work is a step towards this goal.

6.3 Limitations and Future Work
In general, there is room for improvement in this task. Although we
achieved results above the baseline, it is still not known if the main
addressee detection model is robust enough for multi-party human-
agent interaction. For example, we used ground-truth transcriptions
for training the text models, whereas in a real-world conversation
we must use results from automatic speech recognition which may
contain errors.

The environment was also static, with participants in fixed po-
sitions. This means that gaze and head pose were influential for
certain tasks such as predicting an individual addressee. We are
investigating visual features which are independent of the positions
of participants, such as the change in gaze angles.

Future work in this area involves the implementation and evalu-
ation of addressee detection in a multi-party scenario. Our model
can function only if the end of the turn is reliably predicted, and
this task is also being investigated. The sub-tasks we addressed in
this work are also of value to other conversation phenomena and
the results can be used for comparisons in future research. We did
not find attention mechanisms to be particularly effective, perhaps
due to the relatively small sample size, so we are aiming to collect
more data for this purpose.

7 Conclusion
In this work we tackled the issue of addressee detection in multi-
party conversation. We describe how addressees were annotated
for each turn in the TEIDAN corpus and showed that addressee
detection is a distinct phenomenon from predicting the next speaker.
Several classification tasks were formulated related to addressee
detection. We used gaze, head pose, audio and text modalities in
various combinations to train classification models for these tasks.
It was found that different modalities were suitable for different
tasks and that multimodality generally improved performance on
them. We also further confirmed the necessity of multimodality by
showing that these models could outperform an LLM. All models
are lightweight and can function in real-time so we aim to integrate
this into an embodied spoken dialogue system in future work.

Safe and Responsible Innovation Statement
This work could potentially have societal impacts due to the ability
to analyze and classify human behavior using artificial intelligence.
Our model involves the analysis of human behavior, so identities of
participants in the conversation can be revealed by video, text and
audio. We have taken care to ensure that we have authorization
to use data that we have collected to train the models described
in this paper. Our contribution should not be interpreted in any
way as making a judgment on the behavior of participants in a
conversation, nor should any of the models be used to evaluate a
conversation in general.
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