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Abstract

Adults with autism spectrum disorder (ASD) face difficulties in
communicating with neurotypical people in their daily lives and
workplaces. In addition, research on modeling communication in
neurodiverse groups is scarce. To recognize communication diffi-
culties caused by neurodiversity, we first, collected a multimodal
corpus for decision-making discussions in neurodiverse groups that
included a person with ASD and two neurotypical participants. For
corpus analysis, we investigated eye-gaze and facial expression
exchanges between individuals with ASD and neurotypical par-
ticipants during both listening and speaking. The findings were
extended to automatically estimate the engagement of ASD in-
dividuals. To capture the effect of contingent behaviors between
ASD individuals and neurotypical participants, we developed a
transformer-based model that considers the participation role by
changing the direction of cross-person attention depending on
whether the ASD individual is listening or speaking. The proposed
approach yields comparable results to the state-of-the-art for en-
gagement estimation in neurotypical group conversations while
accounting for the dynamic nature of behavior influence in face-to-
face interactions. The code associated with this study is available
at https://github.com/IUI-Lab/switch-attention.
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1 Introduction

Autism spectrum disorder (ASD) is a developmental disability re-
sulting from differences in the brain. It is characterized by persistent
deficits in social communication and social interaction across mul-
tiple contexts, including deficits in social reciprocity, nonverbal
communicative behaviors used for social interaction, and skills
in developing, maintaining, and understanding relationships [2].
European surveys show that 62% of individuals with autism have
never had employment [9], suggesting that adults diagnosed with
ASD (henceforth referred to as ASD individuals) often face commu-
nication problems in their daily life and the workplace.

However, the term neurodiversity, coined by Singer [36], rejects
the idiom of impairment. It attempts to promote an understanding
of alternative cognitive styles, while the term neurotypical was in-
troduced as a counterpart to describe non-neurodiverse individuals
in society [9]. Under the concept of neurodiversity, ASD individuals
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use communication signals differently from neurotypical ones, and
this difference is not a deficit. However, in a society where neurotyp-
ical individuals form the majority, ASD individuals are required
to join conversations dominated by neurotypical individuals and
communication signals are perceived from the perspective of neu-
rotypical individuals. This cause communication difficulty for ASD
individuals.

As the first step towards better mutual understanding between
different neurotypes, this study aims to provide a technology that
automatically detects social signal exchanges that may cause a com-
munication problem in neurodiverse group communications. To
understand and assess traits of people with ASD, previous studies
have analyzed verbal and nonverbal behaviors, including intonation
and vocalization [1], eye-gaze behaviors (e.g., mutual gaze, joint at-
tention) [37], and facial expressions [15]. However, existing studies
have not investigated group communications involving both ASD
individuals and neurotypical persons. Envisioning new research
field of neurodiverse group interactions, this study aims to analyze
interactions in which ASD individuals communicate with multiple
neurotypical persons.

To automatically recognize whether connections between neuro-
diverse participants are maintained during interactions, we focus on
estimating the social engagement of individuals with ASD, defined
as any interaction a human has with another human in a social
group [26, 35]. Various machine learning methods have been pro-
posed for social engagement estimation in human-human commu-
nication and human-robot interaction [6, 7]. Most of the proposed
engagement estimation methods for multiparty communication are
based on eye-gaze information [27], facial features [19, 39], and
audio/visual features [22]. Accordingly, we analyzed neurodiverse
group interactions using information from multiple modalities.

We collected a corpus from small group interactions, where one
ASD individual and two neurotypical persons discussed to make a
decision. We then analyzed the eye-gaze and facial expressions of
participants in the collected corpus. In estimating the engagement
of ASD individuals, this study employed cross-person attention
mechanisms [19]. Our transformer-based architecture leverages
multimodal information and captures co-constructed context be-
tween neurodiverse participants by switching the direction of the
cross-person attention according to the participation role.

The contributions of this study are summarized as follows.

e We constructed a corpus capturing communication in neuro-
diverse groups comprising an individual with ASD and two
neurotypical individuals.

o We revealed the influence of neurodiversity and participa-
tion roles on social signals by analyzing eye-gaze and facial
expressions in the collected corpus.

e We developed a social engagement estimation model for
ASD individuals by employing a transformer architecture
with cross-person attention mechanisms that capture inter-
actions between participants considering the participation
role (speaker or listener).

2 Background
2.1 Social Signal Display by ASD Individuals

In autism research, there have been many studies that compared
communication behavior of ASD and neurotypical individuals. A
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survey paper [1] analyzed the prosodic features of ASD and neu-
rotypical individuals and discussed that mean pitch value and pitch
range can be considered a reliable feature to distinguish ASD from
neurotypical individuals. For eye-gaze behavior, it is known that
people with ASD have difficulty in mutual gaze or eye contact
during face-to-face communication. For facial expressions, ASD in-
dividuals display less frequent facial expressions, and neurotypical
individuals have difficulties recognizing facial expressions by ASD
individuals and vice versa [15]. As a study focusing on the interac-
tion dynamics between ASD and neurotypical individuals, Warlau-
mont et al. [42] analyzed naturalistic recordings of child-adult vocal
exchanges, and reported that the strongest trend concerned the
adult’s responses to the child rather than the child’s responses to
the adult. The length of time before an adult responded to an ASD
child’s speech was larger in ASD than for neurotypical children.

Based on these findings, past research in social signal processing
has attempted to automatically detect people with strong autistic
traits using machine learning techniques [17, 32]. However, no
other studies have addressed the engagement estimation of ASD
individuals in neurodiverse group interactions.

2.2 Engagement Estimation

There is a large number of studies concerned with engagement es-
timation. Various types of engagement have been discussed, includ-
ing social, task, and emotional engagement [26, 39, 41]. Some studies
of group interactions addressed group-level engagement [12, 27, 33]
as well as the engagement of individual participants. Aiming to
estimate the attitude of ASD individuals in group interactions, our
study addresses the social aspect of engagement (social engage-
ment) while considering ASD individuals (individual engagement).
Based on the discussion by Oertel et al. [26], which surveyed vari-
ous definitions of social engagement [23, 29, 35], our study defined
social engagement as “any interaction a human has with another
human in a social group”.

Various features for engagement estimation have been examined.
Some studies reported that eye-gaze or head pose are good predic-
tive features [4, 14, 24, 27]. In child-robot interaction, it was found
that social engagement can be modeled as a state consisting of af-
fect and attention components in the context of the interaction [6].
Physiological reactions such as heart rate and electrodermal activity
can be used to predict engagement with an agent [8].

Most recent research in engagement estimation employs deep
neural networks. CNN and LSTM were used to model facial features
extracted from videos [10, 39]. Rudovic et al. [30] proposed a multi-
modal method for engagement estimation that combines body, face,
audio, and autonomic physiology data of children with autism dur-
ing robot-assisted autism therapy. Later, they extended their study
to a deep reinforcement learning architecture [31]. Studies more
closely related to ours proposed transformer-based engagement
estimation methods. Ma et al. [21] used transformer architecture to
assess individual student learning engagement and Lee et al. [19] ad-
dressed video-based engagement estimation in group settings using
a cross-person attention mechanism to model contingent behavior
between pairs of participants. Kim et al. [16] proposed an archi-
tecture that combines cross-modal attention [40] and cross-person
attention. However, these studies did not consider the participation
role in modeling group interactions.
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Figure 1: Snapshot of a corpus collection session.

3 Neurodiverse Group Discussions Corpus

To analyze and model neurodiverse interactions, we first collected
data related to group communication between individuals with
ASD and neurotypical individuals.

3.1 Procedure

With the cooperation of a nonprofit organization that supports
people with ASD, 11 ASD individuals and 5 neurotypical nonprofit
organization members (henceforth referred to as supporters) with
experience in supporting them participated in data collection. In
addition, 22 neurotypical people were recruited from the general
public. The average age of individuals with ASD was 29.6 years
old (10 male and 1 female), that of supporters was 31.2 years old
(4 male and 1 female), and that of the public participants was 31.7
years old (11 male and 11 female).

Every ASD individual participated in two consecutive sessions,
namely, one session communicating with two supporters and an-
other session communicating with two public participants. Each
discussion group consisted of one ASD individual and two neu-
rotypical participants, and 22 neurodiverse group discussions were
conducted: 11 conversations between ASD individuals and support-
ers and 11 conversations between ASD individuals and the public
participants. Some supporters participated in multiple sessions,
while each public participant participated in only one session. All
the participants were native Japanese speakers.

The discussion task was designed based on the MATRICS cor-
pus [25] comprising three group decision-making tasks. We used
two tasks from the MATRICS corpus: guest selection and travel
planning. For the guest selection task, given a list of 10 celebrities,
the participants were asked to decide the ranked order of celebrities
to be invited to an event considering audience attraction. For the
travel planning task, the participants were instructed to create a
two-day travel plan for foreign friends visiting Japan on vacation.
The order of the tasks and conditions of the neurotypical group
members (supporter/general public) were randomized.

The study was approved by our ethics review committee. The
individuals with ASD understood how to cooperate with data collec-
tion, and all participants provided their consent for data collection.

3.2 Data

Video: A snapshot of corpus recording is shown in Figure 1. A
webcam and video camera were used to record the face of each
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Table 1: Characteristics of the collected corpus.

Total number of groups 11
Total number of conversations 22
Average length of a conversation 14 min 41 s
Total number of utterances (VADs) 12016
Total number of turns 8311
Average duration of an utterance 1.6s
Average duration of a turn 2.7s

participant. The webcam was placed on top of the video camera.
Thus, the positions and angles of the two cameras were almost the
same. The webcams recorded 1280 x 720 MP4 videos, and the video
cameras recorded 1440 X 1080 MTS videos. An additional video
camera was used to record an overview of the communication. The
frame rate of all the cameras was 30 frames per second.

Audio: Each participant wore a pin microphone to record individual
speech at a sampling rate of 48000 Hz. Voice activity detection
(VAD) program was applied to individual audio recordings to detect
speech intervals. The amplitude-level threshold was set to 400. At
this threshold, if the silent interval was longer than 200 milliseconds,
it was identified as an utterance boundary. A sequence of utterances
by the same speaker was identified as a turn.

Language: VAD as an utterance was transcribed using Google
ASR. The recognition errors in the automatic transcription were
manually corrected.

The basic characteristics of the collected corpus are listed in
Table 1. The average length of the 22 conversations was 14 minutes
and 41 seconds, and the corpus contained 12016 utterances and
8311 turns. The average duration of the utterance was 1.6 seconds,
and the average turn length was 2.7 seconds.

3.3 Engagement Annotation

The collected corpus was annotated for social engagement of ASD
individuals. Social engagement was rated in terms of the following
aspects: attitude of participating in the discussion as a listener
(e.g., no reaction/response to other participants’ speech, distractive
actions such as yawing and stretching) and attitude as a speaker
(e.g., keep talking without being conscious of others’ reactions,
talking to himself/herself, not looking at others, completely looking
down during speaking). In addition, if the ASD individual did not
appear to be participating in the discussion at all, that attitude was
also rated as disengagement.

Based on the abovementioned criteria, three levels of disengage-
ment (0, 1, and 2) were annotated. When the ASD individual dis-
played disengagement behaviors, disengagement level 2 was as-
signed as the annotation. When an ASD individual did not display
such behavior, a disengagement level of 0 is assigned. A disengage-
ment level of 1 was assigned when a weak indication of these types
of behaviors appeared. The disengagement levels of ASD individ-
uals were annotated for all utterances, including their own. Two
annotators performed the annotations. They rated the disengage-
ment levels using the ELAN video annotation tool while looking
at the overview video with a close view of the upper body of each
participant.
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frame:1772/20796

Figure 2: 3D head pose reconstruction for one frame.

The two annotators independently labeled a couple of sessions,
discussed the samples for which they did not agree, and refined
the coding scheme to reach a consensus on the annotation criteria.
By merging levels 0 and 1 into “engaged” and labeling level 2 as
“disengaged,” the inter-rater agreement for the two classes was com-
puted, indicating a substantial agreement between the annotators
(Cohen’s Kappa = 0.65). To ensure the dataset’s reliability, the two
annotators individually labeled all samples, and then discussed any
disagreements to decide on the final labels.

4 Data Analysis
4.1 Gaze Behaviors

The participants’ gaze behavior was analyzed using the head pose
generated with OpenFace [3]. Given that information and a camera
calibration procedure, the head pose information obtained with
OpenFace was brought to a shared 3D space. Figure 2 illustrates the
head pose reconstruction for one frame using that technique. Given
the unified 3D representation of the head pose of all participants,
we employed the discrete head pose encoding technique described
in [38] to estimate the visual attention target for each participant.

The gaze ratio during speaking was defined as the proportion
of frames in which a participant was looking at others to the total
number of frames during speaking. Similarly, the gaze ratio during
listening was computed as the proportion of frames in which the
target participant gazed at the speaker compared with the number
of frames acquired during their listening time. In three-party con-
versations, a participant can take one of three participation roles,
namely, speaker, addressee, and side participant. However, it is diffi-
cult to automatically distinguish the addressee and side participant.
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Figure 3: Average gaze ratios of participants.

Sometimes, both participants may be addressees. Therefore, the
addressee and side participants were not distinguished, and the two
non-speakers were simply considered as listeners in this study.

Figure 3a shows the average gaze ratio that ASD individuals
looked at other participants when they were speakers. The ratios
of gazing at the other participants were 0.499 and 0.48 for the
supporter sessions and the general public sessions, respectively.
No significant differences were observed between those sessions.
Thus, we treated both supporters and participants recruited from
the general public as neurotypical participants and conducted the
subsequent analyses.

Figure 3b shows the average proportion of ASD participants gaz-
ing at neurotypical participants while speaking (0.490), and that of
neurotypical participants (NT speaker) gazing at other participants
while speaking (0.686). The result of the t-test was statistically sig-
nificant (+ = —3.535, p < .001), indicating that ASD individuals
were paying significantly less attention to other participants while
speaking compared to neurotypical participants.

Figure 3c shows similar analysis results for the listener case.
When the ASD participants were listeners, the mean ratio of gazing
at other participants was 0.451, compared with 0.713 for neurotypi-
cal participants (NT listener). Again, the t-test showed a statistically
significant difference between the two groups (t = —4.904, p < .001),
indicating that participants with ASD paid significantly less atten-
tion to other participants compared to neurotypical participants,
even when they were listeners. Furthermore, Figure 3d left shows
a comparison of the percentage of attention paid to others when
participants with ASD were speakers (0.490) and listeners (0.451).
The difference was marginally significant in the t-test, indicating
that ASD individuals tended to show a lower gazing rate when
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Table 2: Results of facial expression analysis.

ICMI °24, November 04-08, 2024, San Jose, Costa Rica

Gaze from Gaze to AU01  AU04 AUO6  AU07  AU09  AUI0 AUI2  AU17  AU20 AU23 AU25  AU26  AU45
(a) NTspeaker  ASDlistener 0362 0453 0304 06477 0082 0553 0562 0505 01297 0133 08917 05827 0234
(b) NTlistener ~ ASD speaker 0414 0397 0249 0584 0061 0506 0479 0535 0111 0140 0720 0447  0.157
(©) ASDspeaker ~NTlistener ~ 0.243  0.262 0354 0707 0.086 03917 03207 0408 0124  0.149 0735 0443  0.168
(d) ASDlistener ~NTspeaker  0.362° 0.221 0296 0527 0059 0321 0268 0469 0126  0.2000 0588 0390  0.134
(¢) NTspeaker  NTlistener 0360 0444 03257  0650° 0.102° 0549 05717 0474 0138 0175 08107 0598 0.223%
(f) NTlistener ~ NTspeaker ~ 0405 0434 0271 0584 0081 0463 0475 0555 0153 0159  0.636  0.501  0.181

they were listeners than when they were speakers. In contrast,
neurotypical participants gazed at others more when they were
listeners (0.713) than when they were speakers (0.686) (Figure 3d
right), showing a statistically significant difference between these
roles (t = —2.421, p < .05).

The results suggest that even if neurotypical participants as
speakers pay attention to ASD individuals, there is a possibility that
ASD participants may not look at the speaker and may not provide
sufficient feedback, which is necessary for social engagement.

4.2 Facial Expressions

We also analyzed the facial expressions considering a combination
of gaze direction and participation role. The results of the analy-
sis are listed in Table 2. For example, the data in row (a) indicate
the facial expression of a neurotypical participant as a speaker
(NT speaker) gazing toward an ASD individual as a listener (ASD
listener), and those in row (b) indicate the facial expression of a
neurotypical participant as a listener (NT listener) gazing toward
an individual with ASD as a speaker (ASD speaker). By compar-
ing rows (a) and (b), we investigated whether the facial reactions
of neurotypical participants while looking at a person with ASD
differed depending on their participation role. Comparisons were
made for each action unit (AU). In addition, because there were
two neurotypical participants per group, we first extracted the data
for the combination of neurotypical participant 1 (NT1) and the
participant with ASD as well as those of neurotypical participant 2
(NT2) and the participant with ASD, and then merged these data.
Similarly, a comparison between rows (c) and (d) allowed us to
investigate whether the facial reaction of the participants with ASD
while looking toward a neurotypical participant differed depending
on their participation role. For comparison with pairs including the
individuals with ASD, rows (e) and (f) provide the characteristics
of facial reactions occurring between neurotypical participants.
For AU6, AU7, AU9, AU10, AU12, AU25, AU26, and AU45, the
speakers’ average AU values were larger than those of the listeners
in all three combinations (rows (a)-(b), (c)-(d), and (e)-(f)). These
AUs were assumed to be speech-induced facial motions expressed
regardless of who was looking at whom. By contrast, the compar-
ison between rows (a) and (b) shows that the average values of
AU4 and AU20 expressed by NT speakers are larger than those
expressed by NT listeners. For AU4, the difference was statistically
significant (NT speaker, 0.453; NT listener, 0.397). For AU20, the
difference was marginally significant (NT speaker, 0.129; NT lis-
tener, 0.111). According to [11], AU4 expresses sadness, fear, and
anger, whereas AU20 expresses fear. By comparing rows (c) and (d),
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ASD individuals expressed AU1 and AU23 towards a neurotypical
participant more strongly when they were listeners (ASD listener)
than when they were speakers (ASD speaker). The difference was
statistically significant for AU1 (ASD speaker, 0.243; ASD listener,
0.362) and AU23 (ASD speaker, 0.149; ASD listener, 0.2). In [11],
AU expresses fear and surprise, and AU23 expresses anger, suggest-
ing that for pairs including ASD individuals, the intensity of facial
features expressing sadness, fear, and anger are different depending
on their participation roles.

A comparison between rows (e) and (f) shows no specific fa-
cial expressions for the neurotypical pairs. Notably, for AU6, the
difference was marginally significant, whereas it was statistically
significant for the other combinations (rows (a)-(b) and (c)-(d)).
This was because the difference in the AU6 intensity between speak-
ers and listeners became smaller in neurotypical pairs, suggesting
that the speaker and listener exchanged smiles with similar inten-
sity. Moreover, in rows (d) and (f), the AU17 value for the listener
was larger than that for the speaker. In appraisal theory [13], it was
discussed that AU17 is expressed in obstructive situations, suggest-
ing that the listeners expressed their evaluation of the situation
when it was difficult to continue discussing or reach a decision.

Overall, we found that the participants’ facial expressions dif-
fered depending on whether they were speakers or listeners. It was
also found that some specific AUs occurred only in the interac-
tion between ASD individuals and neurotypical participants. These
results suggest that it is crucial to consider the factors of partici-
pation role in creating models to estimate the engagement of ASD
individuals based on facial features.

5 Engagement Estimation
5.1 Modalities and Features

Two modalities capturing the nonverbal behavior of the participants
were analyzed. Videos captured by front-facing cameras were used
to track facial expressions and audio recorded by pin microphones
was used for speech prosody analysis.

Advances in self-supervised learning have dramatically improved
the quality of speech representations. For each utterance in the cor-
pus, we extracted Distilled Universal Paralinguistic Speech Repre-
sentations (TRILLsson) [34] features to capture the speech prosody.
TRILLsson is a collection of efficient state-of-the-art paralinguis-
tic speech models based on knowledge distillation. We used the
1024-dimensional embedding generated by TRILLsson3.

For each utterance in the corpus, we also extracted Masked Au-
toencoder for Facial Video Representation Learning (MARLIN) [5]
features to capture facial expressions. MARLIN is a self-supervised
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Figure 4: Three different modeling approaches for engagement estimation were considered in this study: 1) self-attention
uses only the middle data stream in the architecture, 2) cross-attention uses all data streams and implements (other — self)
cross-attention, and 3) switch-attention uses all data streams and implements (other — self) cross-attention when self is
speaking and (self — other) cross-attention when self is listening. ® denotes concatenation.

approach to learn state-of-the-art universal facial representations
from videos that can transfer across a variety of facial analysis tasks.
We used the 768-dimensional embedding generated by MARLIN.

5.2 Modeling Approaches

We formulated the engagement estimation as a binary classifica-
tion task. Following the state-of-the-art in engagement estimation,
we developed 3 transformer-based approaches for modeling the
behavior of ASD individuals in neurodiverse group discussions: 1)
self-attention, 2) cross-attention and 3) switch-attention (Figure 4).
Self-attention accounts for how one’s earlier behavior correlates
with their current behavior without taking into account the be-
havior of the other participants. Cross-attention is based on a re-
cently proposed state-of-the-art method for modeling engagement
in group conversations [19] that uses cross-attention to capture con-
tingent behavior across pairs of people. This method implements
the idea that a target person’s self behavior is contingent on the
other’s person behavior if the person’s self behavior was likely to be
influenced by the other’s behavior (other — self). Switch-attention
builds upon the cross-attention above by implementing the idea
that behavior influence is a two-way process. This approach imple-
ments switching of the cross-attention direction driven by the voice
activity of the person. If the target person is speaking, similar to the
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above formulation, the self’s behavior is likely to be influenced by
the other’s behavior (other — self). However, if the target person
is listening, the self’s behavior is likely to influence the other’s
behavior (self — other).

6 Experiments

We conducted subject-dependent and subject-independent exper-
iments with the corpus described in Section 3, the 3 modeling
approaches described in Section 5, and 3 different context lengths
(number of previous utterances). The goal of the subject-dependent
experiment is to test to what extent the modeling can estimate
the level of engagement when data from the same participants are
considered. We used a 10-fold cross-validation procedure to train
and evaluate the models. During training, we held out ~ 20% of the
train data as a validation set. The goal of the subject-independent
experiment is to test to what extent the modeling approaches can
generalize to unseen data and participants. In this experiment, we
trained the models using a leave-one-out cross-validation proce-
dure. During training, we used 8 groups as a train set, 2 groups as
a validation set, and the remaining 1 group as a test set.

All models were trained with Adam [18] optimizer with default
parameters (¢ = 0.001, f; = 0.9, B> = 0.999, and € = 1078) and
focal loss function [20]. The models were trained for 100 epochs
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Table 3: Engagement estimation results under different conditions. Subject-dependent models are evaluated with 10-fold
cross-validation. The numbers correspond to the mean (standard deviation) over folds.

Evaluation ‘ ‘ Subject-dependent
Context H 3 utterances ‘ 4 utterances ‘ 5 utterances
Metric H AccuracyT ‘ Weighted F17T ‘ Macro F17T ‘ AccuracyT ‘ Weighted F17T ‘ Macro F17 ‘ AccuracyT ‘ Weighted F17T ‘ Macro F17
Self-attention 84.4 (1.2) 84.0 (1.4) 68.0 (33) | 84.1(1.5) 83.7 (1.5) 67.1(3.0) | 84.1(1.3) 83.6 (1.7) 67.0 (4.1)
Cross-attention || 84.9 (1.2) 84.6 (1.6) 69.2(3.7) | 84.3(15) 83.6 (1.9) 66.6(2.2) | 83.8(0.8) 83.5 (1.1) 67.1(3.3)
Switch-attention || 84.4 (1.3) 84.3 (1.8) 69.2(3.2) | 84.0(1.3) 84.0 (1.6) 68.6 (2.8) | 84.9(1.2) 84.3 (1.8) 68.0 (4.7)

Table 4: Engagement estimation results under different conditions. Subject-independent models are evaluated with leave-one-
out cross-validation. The numbers correspond to the mean (standard deviation) over folds.

Evaluation ‘ ‘ Subject-independent
Context H 3 utterances ‘ 4 utterances ‘ 5 utterances
Metric H Accuracyl ‘ Weighted F1T ‘ Macro F17 ‘ AccuracyT ‘ Weighted F1T ‘ Macro F17 ‘ AccuracyT ‘ Weighted F1T ‘ Macro F17T

Self-attention 79.6 (13.2) | 76.5(17.3) 475 (43) | 79.8 (14.4)
Cross-attention || 80.4 (14.4) | 77.5(18.0) 48.6 (4.6) | 79.6 (14.4)
Switch-attention || 81.1(14.3) | 78.1(17.4) | 49.1(4.4) | 76.5 (15.3)

76.8(17.9) | 49.0(5.7) | 78.1(13.8) | 75.2(18.2) 46.3 (4.5)
76.9 (18.0) | 48.0(4.2) | 80.1(13.6) | 76.9(16.7) | 47.4(3.2)
74.7 (17.6) 46.9 (45) | 77.5(15.0) | 74.9(18.3) 47.2(5.7)

using the labeled utterances and the models’ states achieving the
best validation performance were selected for evaluation on the test
set. The models are evaluated on the test set in terms of accuracy,
weighted F1, and macro F1 between the estimations and the labels.
All models were implemented in PyTorch [28].

7 Results
7.1 Subject-dependent

We have summarized the numerical results of the subject-dependent
experiment in Table 3. The mean and standard deviation of the
performance over 10 folds (i.e., 10-fold cross-validation) are re-
ported for different context windows and evaluation metrics. The
best overall results for all modeling approaches are reached for
context windows of size 3. From those, the cross-attention modeling
approach achieves the best performance for two of the considered
metrics. Specifically, 84.9 and 84.6 for accuracy and weighted F1,
respectively. The proposed switch-attention reaches the best per-
formance in terms of macro F1, 69.2. Given the small differences
and variations in performance across evaluations, none of the con-
sidered modeling approaches emerged as a leading candidate for
modeling the engagement of ASD individuals in neurodiverse group
discussions.

7.2 Subject-independent

The numerical results of the subject-independent experiment are
summarized in Table 4 by reporting the mean and standard devi-
ation of the performance over 11 folds (i.e., leave-one-out cross-
validation) for different context windows and evaluation metrics.
The best overall results for all modeling approaches are again
reached for context windows of size 3. From those, the proposed
switch-attention modeling approach achieves the best performance
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for all considered metrics. Specifically, 81.1, 78.1 and 49.1 for ac-
curacy, weighted F1 and macro F1, respectively. Similarly to the
results of the subject-dependent experiment, we observed small
differences and variations in performance across evaluations of the
considered modeling approaches. This experiment validated that
none of the modeling approaches emerges as a leading candidate
for modeling the engagement of ASD individuals in neurodiverse
group discussions.

8 Discussion

Our experiments show that engagement estimation of ASD indi-
viduals in neurodiverse group discussions is a challenging task.
The state-of-the-art modeling approach (i.e., cross-attention in our
experiments) proposed in [19] was reported to reach 88.8, 88.7,
and 75.1 in accuracy, weighted F1 and macro F1, respectively, on
a 4-class engagement estimation for interactions involving only
neurotypical participants. However, we observed a significant drop
in the performance of this approach when applied to the 2-class
engagement estimation of ASD individuals in neurodiverse group
discussions. One reason for this could be that there are significant
individual differences between ASD individuals and their nonverbal
signals used for social engagement prediction. A similar observa-
tion was made by Rudovic et al. [30]. They discussed that many
individuals with autism have unusually diverse styles of express-
ing their affective-cognitive states. To tackle the heterogeneity in
ASD individuals, they proposed to create a personalized model for
each ASD individual to automatically estimate engagement during
robot-assisted autism therapy.

In this study, we proposed the switch-attention approach that
builds upon the cross-attention [19] by implementing the idea that
behavior influence is a two-way process. The results show that
this strategy does not produce significantly different performance
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compared to cross-attention. Nevertheless, we believe that the pro-
posed switch-attention more naturally represents the dynamics
of face-to-face interactions, where behavior contingency is a dy-
namic two-way interaction. A natural extension of the proposed
switch-attention is the use of more nuanced information for the
participation roles, taking into account the addressee and side par-
ticipant (the two non-speakers were considered as listeners).

9 Conclusions and Future Work

In this study, aiming to model the interaction between ASD and
neurotypical individuals, we analyzed neurodiverse group inter-
actions. First, we collected decision-making group discussions by
neurodiverse groups and constructed a multimodal corpus. Using
the collected corpus, we analyzed the gaze direction of the partici-
pants and revealed that ASD individuals showed less gaze behavior,
especially as listeners. Analysis of facial expressions found that
some facial expressions occurred only between ASD participants
and neurotypical participants, and facial expressions were different
depending on the participation role, i.e., whether the participant
was a speaker or a listener.

To capture the effect of contingent behaviors between ASD indi-
viduals and neurotypical participants, we developed a transformer-
based model that considered the participation role by changing the
direction of cross-person attention depending on whether the ASD
individual listening or speaking. The proposed approach achieves
comparable results to the state-of-the-art in engagement estimation
of group conversations, while accounting for the dynamic nature
of behavior influence in face-to-face interactions.

Future work includes the extension of our neurodiverse group
discussions corpus and the development of more advanced engage-
ment estimation methods for ASD individuals.
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