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Introduction

Welcome to MINT, the first workshop on Multimodal Interaction in Face-to-Face Dialogue, co-located
with EMNLP 2026 and taking place on October 29, 2026, in Budapest, Hungary.

This first edition brings together researchers from computational linguistics, natural language proces-
sing, computer vision, and cognitive science to explore multimodal verbal and non-verbal behaviours
in face-to-face communication. The workshop covers models that integrate verbal and non-verbal cues;
empirical studies of multimodal communication; datasets combining synchronised speech, video, and
motion; methods for evaluating multimodal understanding and generation; and applications such as em-
bodied conversational agents, social robots, and virtual avatars. With these themes, we want to connect
the study of human communication with the development of AI systems.

We received 33 direct submissions and 2 ARR commitments, of which 18 were accepted as archival
papers and four as non-archival papers. We thank all the authors for their contributions and the program
committee members for dedicating their time and expertise to shaping the program. We are also excited
to welcome our two invited speakers, Vera Demberg (Saarland University) and Judith Holler (Radboud
University and Max Planck Institute for Psycholinguistics), and thank them for sharing their research
with us.

Finally, we are grateful to the Multimodal Language Department (MLD) at the Max Planck Institute for
Psycholinguistics for sponsoring this event. We look forward to a stimulating exchange of ideas and thank
everyone for being part of the first MINT workshop.

The MINT organisers: Esam Ghaleb, Ece Takmaz, Diego Frassinelli, Bulat Khaertdinov, Raquel Fer-
nández, Zerrin Yumak, Asli Ozyurek.
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Sponsors

The MINT organizers are grateful for the support from the Multimodal Language Department (MLD) at
Max Planck Institute for Psycholinguistics (www.mpi.nl).
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Willem Berner, Julio Cesar Cavalcanti, Kalle Åström and Gabriel Skantze . . . . . . . . . . . . . . . . . . 50

Automatic Annotation of Co-speech Gesture for Multimodal Communication Research – A Framework
and a Case Study

Ilya Burenko, Peter Uhrig and Anna Wilson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

Same Motions, Different Winners: The Gesture-Generation Leaderboard and Its Human Agreement Are
Configuration-Tunable

Deep Gandhi, Ali Asaria and Tony Salomone . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

Behavioral Alignment and the Engagement for Non-Speaking Participants in Online Meetings
Trung Duc Anh Dang, Zhiqing Peng and Patrizia Paggio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

Including Non-Manual Markers in Studies of American Sign Language Dialogue
Jillian Stebbins, Amber Hamilton, Emily Nover, Stephanie Patterson, Allison Fitch, Patrick Bou-

dreault, Raja Kushalnagar and Cecilia O Alm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

Do Motion Tokenizers for Co-Speech Gesture Generation Encode Gesture Semantics?
Varsha Suresh, Divij Jain, Jia Liu, M. Hamza Mughal and Vera Demberg . . . . . . . . . . . . . . . . . . . 96

Looking for Objects and Looking for Help: Robot Gaze Elicits Human Cooperation
Anna Manaseryan, Thi Lan Anh Bui and Casey Kennington . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Speaker gaze and disfluencies during storytelling toward a robot or a human: The role of partner type
and temperamental shyness

Nils Frederik Tolksdorf and Adriana Hanulíková . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

FriendBench: Benchmarking Dyadic Familiarity Inference in Humans and Multimodal Large Language
Models

Jeffrey M. Girard, Jason Zheng, Jacqueline Romero Vertino, Antony D’Avirro and Benjamin
Peloquin . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

MentaLED: A Multimodal Conversational Agent for Mental Health Support Using Linguistic and Pa-
ralinguistic Speech Cues

Changhyun Kim, Dahye Kim, Eunseon Seong, Harim Lee, Sangyool Lee and Dong-Kyu Chae144

v



Annotating and Recognizing the Palm Up Open Hand Gesture in Dutch
Fenna Berger, Alan Cienki and Lucia Donatelli . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

The Hidden Cost of Personality: How Conditioning Methods Disrupt Gesture Generation in Small
Language Models

Tova Radhe and Alessio Galatolo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

Gaze as Evidence for Common Grounding: A Cross-Corpus Analysis of MapTask and MUNDEX
Nan Li, Albert Gatt and Massimo Poesio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

vi



Proceedings of the 1st Workshop on Multimodal Interaction in Face-to-Face Dialogue (MINT), pages 1–9
October 29, 2026 ©2026 Association for Computational Linguistics

Multi-modal, Multi-Speaker Dialogue Turns Modeling
with Multi-modal LLMs

Lukas Hilgert Jan Niehues
Karlsruhe Institute of Technology, Germany
{lukas.hilgert, jan.niehues}@kit.edu

Abstract

State-of-the-art dialogue systems focus on two-
person dialogue. A major challenge when ex-
tending this to multiple speakers is turn-taking
– as it is nontrivial for more than two speak-
ers. In this work, we investigate how this task
can be formulated and how multi-modal LLMs
(MLLMs) are able to perform it. First, we
frame the task as multi-modal Next Speaker
Prediction (mNSP) and create a multi-modal,
multi-speaker NSP dataset from existing dia-
logue datasets. Second, we build dedicated sys-
tems for the mNSP task using MLLMs, and fi-
nally perform automatic evaluation, comparing
them to rule-based baselines. We also conduct
a human baseline study.

1 Introduction

In multi-speaker dialogues, each participant needs
a clear cue for when it is appropriate to speak. In-
terrupting at an untimely moment can irritate other
speakers and hinder the achievement of conversa-
tional goals. For dialogue systems, mastering this
timing is essential. Speaking too frequently may
annoy the user, whereas speaking too rarely can
make the system seem unresponsive and defeat its
purpose.

Previous work (Hilgert and Niehues, 2025) fo-
cused on predicting the next speaker from ground-
truth text transcripts of dialogues with explicit
speaker diarization. However, for humans, multi-
modal clues are essential to correctly decide when
to speak. In a dialogue, participants often provide
visual cues while speaking such as gestures, hinting
which other speaker they expect to react to their
statement. Through audio cues, they can indicate
when they begin or end their turn to speak (Sche-
gloff et al., 1996; Ogden, 2013).

Recent success of multi-modal Large Language
Models (MLLMs) with their ability to jointly
model visual and audio information enable us to
successfully combine the different input types. We

frame the ability to utilize vision and audio per-
ception for turn-taking as the multi-modal Next
Speaker Prediction (mNSP) task (similar naming
to Hilgert and Niehues (2025)).

In this work, we investigate whether and how
well MLLMs can do the mNSP task, as follows:

• We construct a multi-modal training and
benchmark dataset for mNSP from three ex-
isting dialogue datasets.

• We evaluate rule-based baselines and state-of-
the-art MLLMs on the benchmark.

• We build dedicated mNSP models by fine-
tuning MLLMs.

• We perform a human baseline study.

2 Multi-modal NSP Benchmark

We define the mNSP task like Hilgert and Niehues
(2025) but extend it to multi-modal input: given a
video clip together with accompanying audio of the
last turns of a dialogue, a model should predict the
next speaker based only on the information from
the video and audio modality.

As a first step, we designed a benchmark based
on the AMI meeting corpus (Carletta et al., 2005),
the MULTISIMO multi-modal corpus (Koutsom-
bogera and Vogel, 2018), and the MSDWild multi-
modal speaker diarization dataset (Liu et al., 2022).
AMI consists of recorded meetings of four people.
It provides video and audio of the meetings to-
gether with a transcript that also shows when each
speaker spoke. MULTISIMO contains discussions
between two players and a facilitator about a game-
like task / quiz. It provides the same level of detail
as AMI but is however a lot smaller by total record-
ing duration (Table 1). The MSDWild dataset is
intended for speaker diarization. It is sourced from
public videos (“YouTube Vlogs”) with two to ten
speakers and is manually labeled. In contrast to the
other two datasets, the language spoken is not only
English but also Chinese, Thai, Korean, Japanese,
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AMI MULTISIMO MSDWild
Duration 100h 3h 80h
Dialogues 162 17 1015
Turns 74377 3807 18747
train 80.96 0.00 79.31
dev 10.82 44.86 9.35
test 8.22 55.14 11.35

Table 1: Total runtime of the original datasets, the total
number of dialogues and mNSP task items (“turns”)
after our filtering, and the percentage of turns per split
for each dataset (see subsection C.1).

German, Portuguese, and Arabic. Also, it provides
no ground-truth transcript of the audio spoken in
the videos.

We split AMI according to the split provided by
the dataset authors. As the MULTISIMO dataset
has no official split and is fairly small, we create
our own 1:1 split (dev / test) that is for evaluation
only (Table 1). Most of the videos in MSDWild
involve only two speakers; therefore, we ignore the
split suggested by the dataset authors and create
a new one (train / dev / test) that contains only
dialogues with more than three speakers. We list
more details in subsection C.1.

To eliminate ambiguous turns, we discard any
turn that overlaps with the subsequent turn, while
retaining both utterances in the context. The initial
turn of each dialogue is removed because, with-
out prior context, an informed decision cannot be
made. Speaker identifiers from the dataset (e.g.,
“MTD011UID”) are replaced with pseudonyms of
the form “speaker <number>”.

3 Multi-modal NSP with LLMs

To model the mNSP task as an MLLM task, we
prompt the MLLMs to predict the next speaker by
utilizing the information we provide in the prompt
(Appendix A); an instruction for the task and the
four most recent turns of the current dialogue as
context. We use only the last four as this was shown
to perform not much worse than eight or 16 turns
in a text-only setting (Hilgert and Niehues, 2025)
and we observe no high performance difference in
our setting (Table 5). We source the beginnings and
ends of each turn from the timestamps provided by
the datasets.

Additionally, we have to insert speaker-
identifying information so that the model’s out-
put can be evaluated easily. To inform the model
how we assigned identifiers to the speakers, we

insert the name (speaker <number>) and an image
(screenshot from the video) of each speaker in the
prompt.

We fine-tune the models supervised on data from
the training set from AMI and MSDWild where the
expected output text is the next speaker identifier
based on the aforementioned prompt.

4 Experiments

We fine-tune MLLMs and compare them to simple
rule-based and model-based methods.

4.1 Setup
We share our full training setup here and further
details in Appendix B.

Models We use and fine-tune the 3B parame-
ter model of the Qwen2.5-Omni family (Xu et al.,
2025a) of open-weight MLLMs because they offer
native audio, image, and video input. We com-
pare the performance to zero-shot Qwen3-Omni-
30B-A3B-Instruct (Xu et al., 2025b) and fine-tuned
LLaVA-Next-Video-7B-DPO (Zhang et al., 2024).

Training Data As training data, we use the train-
ing split from our composite dataset. We only train
on those samples where the duration of the video
clip of four turns takes less than 30 seconds to avoid
out-of-memory issues during training. This require-
ment holds for most of the data points (98.4%), so
we assume that excluding those data points will not
substantially degrade performance.

Ablation Studies We investigate how using only
one of the two datasets with training sets (AMI and
MSDWild) influences performance (Table 5). In
similar experiments, we train on more than four
turns as context. Additionally, we fine-tune one
adapter to first do speaker diarization by listing
all involved speakers in the provided clip in order
of occurrence and to then predict the next speaker
(two-step prompt). This data is available for MS-
DWild (even though the transcript is missing) and
for AMI.

To show the benefit of direct multi-modal input,
we check our results against a text-only baseline
where an MLLM transcribes the conversation (with
speaker diarization) zero-shot and based on that an
MLLM fine-tuned on transcripts predicts the next
speaker. To transcribe the dialogue, we provide
the model with the same information as the direct
multi-modal setup (video with audio of the con-
versation and an image of each speaker). We also
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run this experiment with the ground-truth dialogue
transcript. These, however, are only available in
the AMI and MULTISIMO dataset.

Metrics We select multiple metrics to evaluate
performance on mNSP to display different aspects
of the task and the datasets. As our primary evalua-
tion metric, we use next-speaker accuracy because
it directly reflects the available data and task. Since
the distribution of turns per speaker is imbalanced
(Table 4), we also report the weighted F1 score.
Finally, because a few baselines are deterministic
(yet high performing), we include the Matthews
correlation coefficient (MCC) to verify that our
models outperform random chance. Each score is
calculated per dialogue and then aggregated with
weighted (dialogue length) average.

4.2 Rule-based Baselines

We report evaluation results for four simple,
rule-based baselines. Two of them model oppo-
site dialogue-flow patterns, a third combines both
approaches, and a fourth always picks the same
speaker. The baselines are:

Baseline Definition
Always
switch

Random speaker, but forced to
switch after every turn

Never
switch

Predict the same speaker as in the
previous turn

Random
Completely random speaker,
allowing repeats

Speaker 0
Always select the speaker who
spoke first in the dialogue

Both the Always switch and Never switch base-
lines require knowledge of the true last speaker
(ground-truth information). Consequently, we also
provide a second Never switch baseline (as its
performance is in general higher than Always
switch and therefore more interesting) that uses
the last-speaker prediction generated by our two-
step prompt setup instead of the true label.

4.3 Human Baseline Study Setup

We ran a preliminary human baseline study with
six participants on one dialog (168 turns) from the
AMI dataset’s test split. We divided the dialogue
into three parts (1, 2, 3) to limit the workload for
each labeler. We let each part be labeled by two
labelers and average their scores. We present more
details in Appendix D.

The labelers were presented with the same
prompt and information (video + images) for their
decision as the MLLM. We compare the human
baseline against the best system when evaluating
on the full AMI test split (Qwen2.5-Omni-3B fine-
tuned for two-step prompt).

4.4 Results
We analyze the performance of the baselines and
our fine-tuned models.

Rule-based Baselines The Never switch base-
line (both ground truth and prediction variant) per-
forms the best with both accuracy and F1 score.
This resonates with a characteristic of the AMI and
partially the MSDWild dataset that speakers often
have multiple turns after another. Consequently,
the method where the speaker always switches per-
forms very poorly for AMI. We observe this also
with MCC scores as they are only in the (higher)
positive range for “Never”. The method with the
least assumptions that picks the next speaker com-
pletely randomly (“Random”) performs roughly
on the expected random chance of 25% for a four-
speaker dialogue (AMI) and 33% for three speakers
(MULTISIMO).

A general takeaway is that even though the
dataset is imbalanced (lower speaker ID → more
turns, Table 4), the accuracy and F1 scores have
close values for most (rule-based) experiments (Ta-
ble 2). An exception is “Speaker 0”. As this base-
line always predicts only one specific speaker, the
accuracy is high (as speaker 0 has the highest share
of turns) but the F1 score is significantly lower as
no true positives for the other speaker exist.

MLLMs The models show an expected differ-
ence; the bigger model performs better across al-
most all metrics and datasets in the zero-shot set-
ting (Table 2).

The Never switch baseline has the advantage of
ground truth information about the last speaker.
This becomes clear when we rely on the last
speaker being predicted by an MLLM (Never
switch (prediction)) and scores drop below our
fine-tuned MLLMs on all datasets and metrics (ex-
cept for F1 on MULTISIMO). We also see that in
general, the models perform better for turns where
no speaker switch occurs (Table 5, speaker switch
vs. same speaker). We conclude that, rather than
merely prediction the most common or previous
speaker, fine-tuned MLLMs capture richer turn-
taking patterns.
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Subset AMI MULTISIMO MSDWild
Metric Acc F1 MCC Acc F1 MCC Acc F1 MCC
Rule-based Baselines
Always switch 15.06 15.63 -11.86 34.23 34.47 2.08 25.17 26.24 -1.50
Random 24.83 26.02 -0.12 32.08 32.38 -1.96 29.50 31.15 0.28
Never switch (GT) 55.02 55.29 36.56 31.25 31.44 -4.61 39.42 39.38 4.02
Never switch (prediction) 35.78 35.75 11.91 33.11 31.57 -0.53 32.60 32.37 2.53
Speaker 0 30.49 15.91 0.00 35.97 19.48 0.00 37.85 22.98 0.00
Zero-shot MLLM
Qwen2.5-Omni-3B 19.70 13.41 0.38 28.20 22.06 0.70 22.99 18.99 -0.37
Qwen3-Omni-30B 30.62 27.59 5.48 30.20 24.28 -2.03 31.64 28.16 0.00
Ground truth text transcript as input for MLLM (Qwen2.5-Omni-3B), no multi-modal information
Zero-shot 12.42 13.80 -9.55 21.92 25.78 3.67 - - -
Fine-tuned on AMI 59.16 59.12 41.81 39.21 38.46 6.14 - - -
Text-only MLLM (first transcribe zero-shot, then predict)
Qwen2.5-Omni-3B 29.07 23.05 -0.62 34.11 29.96 2.42 33.76 28.68 1.06
Fine-tuned MLLM
Qwen2.5-Omni-3B 48.55 45.48 26.61 37.68 27.77 7.10 36.20 31.06 1.23
LLaVA-Next-Video-7B 30.13 16.06 0.57 35.02 24.57 -0.81 36.34 29.07 -0.40
Fine-tuned MLLM, two-step prompt
Qwen2.5-Omni-3B 49.26 46.84 26.68 36.15 27.42 1.21 38.27 34.21 4.72

Table 2: mNSP on the test set. We compare simple rule-based baselines with the MLLMs fine-tuned on different
task setups. All values are scaled by 100 for better readability. Scores from experiments with direct ground-truth
(GT) model input are grayed out.

Ablation Studies Running the next speaker pre-
diction task after performing speaker diarization
explicitly (two-step prompt) shows small but con-
sistent gains over the direct prompt for AMI and
MSDWild (Table 2).

When we let the model first transcribe the con-
versation and then predict the next speaker solely
from the text, performance lags behind both the
direct and the two-step prompt for almost all cases
(Table 2). With the ground-truth transcripts and a
fine-tuned MLLM, however, we exceed all other
methods (except for the MCC score for MULTI-
SIMO) by roughly 10 to 15 percentage points on
AMI and two to six on MULTISIMO. As this
method still is not near 100%, we think it shows
again the task’s ambiguity and that transcribing the
dialogue (either implicitly or explicitly) is only one
part of solving the mNSP task.

With LLaVA-Next-Video, we see that our fine-
tuning also allows other MLLMs to perform the
mNSP task; however, it falls short of Qwen2.5-
Omni likely because of the older base model and
the missing audio modality.

Training and inference on more than four
turns increases performance consistently but only

slightly (Table 5), albeit with longer training and
inference times. In similar experiments, we saw
that training on both AMI and MSDWild leads to
more robust predictions (Table 5).

In general, fine-tuning MLLMs on dialogue
data—by aligning video and audio with the next
speaker—enhances mNSP capabilities above rule-
based baselines when ground-truth is unavailable.
Moreover, this improvement is non-trivial, as im-
plied by the MCC scores.

4.5 Human Baseline Study Results

Our human baseline study shows that the average
human performance is close to our system’s aver-
age performance. They also both have drastically
reduced mNSP scores on the second part of the dia-
logue compared to other parts. For the first part, our
system underperforms the human labelers while for
the third part, our system achieves higher scores
on all metrics. So even though humans are able
to correctly and reliably pick the next speaker in a
multi-speaker dialogue setting, they do not outper-
form our system by a wide margin in this study. We
think this shows both the strength of our approach
and highlights the ambiguity of the mNSP task.
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Part of
AMI

subset
Metric

Average
from
two

labelers

Fine-tuned
MLLM,

two-step prompt

1 Acc 64.29 53.57
F1 63.68 49.44
MCC 35.30 -2.97

2 Acc 36.61 33.93
F1 32.88 32.46
MCC 11.15 6.47

3 Acc 40.18 51.79
F1 40.08 44.70
MCC 1.61 8.51

Average Acc 47.02 46.43
F1 45.54 42.40
MCC 16.02 8.55

Table 3: Results from human baseline study on a subset
of the AMI test set; numbers from Qwen2.5-Omni-3B
fine-tuned for two-step prompt as comparison.

5 Related Work

Previous research on dialogue turns differs from
our approach, as we assume a multi-speaker dia-
logue setting with an MLLM as the predictor. More
theoretical work focuses on the fundamental rules
of turn-taking (Sacks et al., 1974) and the influence
of audio (Schegloff et al., 1996; Dhillon et al., 2004;
Ogden, 2013) and visual clues (Kendon, 1967;
Kendrick et al., 2023).

Transition Relevance Places Methods for turn-
taking use LLMs to predict transition-relevant
places within a stream of words. Transition-
relevant places are points in a dialogue where a
turn-shift can happen. Ekstedt and Skantze (2020)
fine-tuned GPT-2 to predict these spots in written
and spoken dialogues. Later work (Umair et al.,
2024) experimented with more recent LLMs. This
research focused on only two simultaneous speak-
ers. Newer work extends this to multiple speakers
but only considers the text domain (Hilgert and
Niehues, 2025).

Audio / Visual Cues Multi-modal approaches for
next-speaker prediction (NSP) exploit visual cues
such as gaze and hand gestures (Ishii et al., 2016;
Malik et al., 2020). This research incorporates
gaze-transition patterns and the timing structure
of eye contact (Ishii et al., 2016) or head move-
ments (Ishii et al., 2015). Malik et al. (2020) fur-
ther employed focus-of-attention features, among

others, to train classic machine-learning classifiers
for NSP.

Other systems base turn-taking prediction on
voice-activity projection (VAP), forecasting future
voice activity from the current audio signal (Inoue
et al., 2024a,b). These methods have been extended
to handle multiple speakers (Elmers et al., 2025).
A recent end-to-end framework combines a VAP
model with a turn-taking model for human-robot
conversation (Skantze and Irfan, 2025).

6 Conclusion

Our research goal is to investigate the ability of
fine-tuned multi-modal LLMs to predict the next
speaker in a multi-speaker dialogue setting using
multi-modal information (mNSP task). We create a
multi-modal benchmark from the existing dialogue
dataset AMI, MULTISIMO, and MSDWild. The
experiments on our benchmark show that small
fine-tuned MLLMs like Qwen2.5-Omni-3B can
outperform rule-based baselines and pipeline ap-
proaches (transcribe, then predict) on accuracy, F1,
and MCC score – as long as they do not rely on
ground truth information.

In future work, we will investigate the ambigu-
ity of the task (should vs. could speak) and how
humans handle it.

Limitations

We do not predict the upcoming speaker on a
token-by-token or word-by-word basis; instead, a
prediction occurs after a complete utterance (as
defined by datasets timestamps) has finished. Con-
sequently, the system expects whole utterances as
input, not a continuous audio-video stream. This
workflow can be realized by feeding our system
with the output of a multi-speaker VAP model, e.g.,
the one proposed by Elmers et al. (2025).

Predicting only one speaker as the next possible
one may not consider the ambiguity of the task.
Multiple speakers could be eligible if, for example,
one speaker asks an open question to two other
speakers where both are supposed to answer. We
limit our work to predicting only one speaker at
a time because it is more straightforward both for
evaluation and training given the existing datasets.
We also assume that predicting the next speaker for
thousands of data points helps average out the am-
biguity and still gives a good view on the (m)NSP
capabilities of (M)LLMs.
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A Prompt

Here, we present the prompt we employed for the
mNSP task:

Your task is to predict the next
speaker given the full conversation
history. Do not provide any explanation.
Do not complete the conversation.

This is a video clip of the conversation:
<video>
This is an image of speaker 0:
<image>
This is an image of speaker 1:
<image>
This is an image of speaker 2:
<image>
This is an image of speaker 3:
<image>

Predict the next speaker by outputting
the name and only the name of the
next speaker. Carefully consider the
motives of the participating speakers
in the conversation. Do not provide
any explanation. Do not complete the
conversation.

B Inference and Training Details

• Models

– Qwen2.5-Omni-31

– Qwen3-Omni-30B-A3B-Instruct2

– LLaVA-NeXT-Video-7B-DPO3

• Inference

– Hugging Face Transformers library
(Wolf et al., 2019) for loading and run-
ning the models.4

– Temperature: 0.0 (no sampling)

• Training

– LlamaFactory (Zheng et al., 2024)5 with
FlashAttention 2 (Dao, 2024).

– In general, we followed the example
script for Qwen2.5-Omni.6

– Supervised LoRA (target all layers) fine-
tuning (Hu et al., 2022) with rank r = 8.

– adamw_torch optimizer
– Learning rate 1.0 × 10−4, cosine LR

scheduler, 0.1 warmup ratio.
1https://huggingface.co/Qwen/Qwen2.5-Omni-3B
2https://huggingface.co/Qwen/

Qwen3-Omni-30B-A3B-Instruct
3https://huggingface.co/lmms-lab/

LLaVA-NeXT-Video-7B-DPO
4https://github.com/huggingface/transformers
5https://github.com/hiyouga/LLaMA-Factory
6https://github.com/hiyouga/LlamaFactory/pull/

7537
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– One training run per experiment.

• Hardware equipment: Up to three NVIDIA
RTX 6000 Ada Generation GPUs or one
NVIDIA RTX PRO 6000 Blackwell at the
same time on a small-scale GPU server clus-
ter.

C Dataset Details

We provide more details on our preprocessing of
the datasets here and statistics of the resulting fil-
tered datasets.

C.1 Preprocessing

• Split

– We split the dataset either using the train-
ing/validation/test split provided by the
original authors (AMI) or a custom split
(MULTISIMO, MSDWild).

– We assign entire dialogues to splits with-
out dividing any single dialogue across
them.

– We define a target ratio (e.g., 80% / 10%
/ 10% for MSDWild), shuffle the dia-
logues randomly using Python’s random
module (seed = 42), and then allocate
them according to the desired ratios.

• Filtering

– Conversations from the AMI dataset in-
volving fewer or more than four speakers
(9 out of 171 dialogues) are excluded to
simplify performance comparison across
dialogues for AMI.

– For MSDWild, we only include those
dialogues with more than two speakers.

– In the MULTISIMO dataset, all dia-
logues have exactly three speakers.

– Turns that exhibit mismatches between
audio and video files are omitted.

C.2 Speaker Contribution

Our analysis (Table 4) shows that the speaker that
appears earlier in the conversation has a higher
share of turns per dialogue (if all dialogues have the
same number of speakers (AMI, MULTISIMO)).
For MSDWild, the pattern is similar but also im-
pacted by the fact that most dialogues have only
three speakers (so e.g., speaker 3 will appear less
often).

Dataset AMI MULTISIMO MSDWild
Speaker 0 30.49 35.97 37.85
Speaker 1 25.94 30.40 23.27
Speaker 2 24.80 33.64 29.62
Speaker 3 18.77 - 7.90
Speaker 4 - - 0.99
Speaker 5 - - 0.33
Speaker 6 - - 0.00
Speaker 7 - - 0.05

Table 4: Contributed turns (in percentage) from each
speaker across all dialogues (test set).

D Annotation Acquisition for Human
Baseline Study

We asked colleagues working in the field of NLP
to fill out a web-based form for our user study to
acquire a human baseline. We created a website for
labeling each video clip with the next speaker using
Gradio (Abid et al., 2019).7 The participation was
not mandatory, and we offered no compensation.
We informed the participants that the data created
by them during this user study will be incorporated
into a scientific publication.

E AI Assistance

AI assistance for writing and coding was only used
in a way that it did not impact the findings pre-
sented in this paper.

F Additional results

We share additional results in this section (Table 5)
that are not central to our findings.

7https://gradio.app/
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Subset AMI MULTISIMO MSDWild
Metric Acc F1 MCC Acc F1 MCC Acc F1 MCC
Fine-tuned MLLM (Qwen2.5-Omni-3B), AMI + MSDWild, vary context
4 turns 48.55 45.48 26.61 37.68 27.77 7.10 36.20 31.06 1.23
8 turns 48.93 46.55 28.38 37.68 31.39 9.05 37.56 33.10 1.36
Rule-based Baselines, evaluate different turns
Never switch (GT) 55.02 55.29 36.56 31.25 31.44 -4.61 39.42 39.38 4.02

Speaker switch 0.07 0.07 -35.84 0.26 0.30 -50.02 1.49 1.45 -46.32
Same speaker 99.85 99.85 99.78 99.88 99.88 99.81 96.63 96.90 88.00

Fine-tuned MLLM (Qwen2.5-Omni-3B), evaluate different turns
AMI + MSDWild 48.55 45.48 26.61 37.68 27.77 7.10 36.20 31.06 1.23

Speaker switch 35.88 31.83 10.01 37.52 27.65 9.01 33.25 27.63 1.41
Same speaker 58.89 56.56 40.09 39.82 30.52 12.30 42.33 40.01 3.23

Fine-tuned MLLM (Qwen2.5-Omni-3B), different training mix
AMI + MSDWild 48.55 45.48 26.61 37.68 27.77 7.10 36.20 31.06 1.23

AMI 50.68 47.96 29.17 32.35 23.99 4.34 38.36 31.16 3.12
MSDWild 34.15 32.91 10.71 39.07 30.32 6.53 38.93 33.03 3.36

Table 5: mNSP on the test set. We compare simple rule-based baselines with the MLLMs fine-tuned on different
task setups. All values are scaled by 100 for better readability.
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Abstract

Real-time communication mediated by artifi-
cial intelligence (AI) can produce an accurate
output while changing how a speaker plans an
utterance and what a listener receives. Output
measures, such as word error rate, machine
translation scores, and task accuracy, leave
these process effects unobserved. We propose a
dual-axis framework that aligns disfluency mea-
sures with suggestion correspondence, includ-
ing lexical entrainment and semantic similar-
ity. Disfluency type, rate, timing, and duration
characterize observable production difficulty.
Correspondence measures characterize whether
suggestion content appears in the response. Ob-
serving both axes within the same episode dis-
tinguishes behavioral configurations that either
family alone leaves ambiguous and supports ex-
plicit hypotheses about planning, uptake, and
resistance. An illustrative corpus demonstrates
event-detection feasibility and shows that se-
mantic correspondence varies with coded in-
corporation and exceeds a comparison matched
on presentation format. These checks leave
cognitive interpretations open to experimental
validation. We also derive a prediction con-
cerning listeners: removing natural disfluencies
may remove cues that listeners use to antici-
pate difficult or novel material. The resulting
framework and reporting protocol extend stan-
dard evaluation to the human processes through
which real-time AI-mediated communication
succeeds or fails.

1 Introduction

Natural language processing (NLP) evaluation of
spoken dialogue systems has long asked whether
a system produced an accurate or useful output.
Word error rate (WER) evaluates automatic speech
recognition (ASR), Bilingual Evaluation Under-
study (BLEU) and chrF evaluate machine trans-
lation (MT), and task completion evaluates goal-
oriented dialogue (Papineni et al., 2002; Post,
2018). These measures have driven progress in

speech recognition, spoken language understand-
ing, and end-to-end (E2E) dialogue modeling
(Shriberg, 1994; Jurafsky and Martin, 2024). Their
unit of analysis becomes incomplete when a system
intervenes during communication itself. Real-time
AI-mediated communication (AI-MC) now sup-
plies suggestions, lexical clarifications, and spoken
completions while a person is planning and pro-
ducing speech (Duan et al., 2021; He and Fussell,
2026; Qin et al., 2025; Fang et al., 2025; Xia et al.,
2023). Two systems can consequently receive the
same output score while differing in planning dis-
ruption, response reuse, or preservation of cues that
support a listener. Evaluation that overlooks these
differences can favor a system that improves the
observable product while degrading the interaction
through which it was produced.

Speech provides evidence about these other-
wise hidden process differences. Speakers pro-
duce approximately 2–3 words per second while
coordinating lexical selection, phonological encod-
ing, prosodic planning, and articulation (Levelt,
1989). Filled pauses, repetitions, and restarts occur
in roughly 6–10% of spoken words in naturalis-
tic conversation (Bortfeld et al., 2001; Fox Tree,
1995), and their distributions vary with planning,
retrieval, monitoring, and interaction management
(Goldman-Eisler, 1968; Shriberg, 1994; Clark and
Tree, 2002; Corley and Stewart, 2008). An event
still has several possible sources because its inter-
pretation depends on the speaker, task, conversa-
tional position, and linguistic context. Its type and
timing can localize observable difficulty, while cor-
respondence between the AI suggestion and the
response establishes whether related content ap-
peared. The two forms of evidence answer comple-
mentary questions about the same episode.

We therefore advance a framework with two ob-
servable axes: speech measures and suggestion
correspondence. Lexical entrainment provides the
established word-choice measure within the second
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axis, while semantic and human-coded measures
capture correspondence beyond shared wording.
Aligning the axes yields four behavioral profiles
that organize competing explanations without as-
signing a unique cognitive state. A reporting pro-
tocol then specifies the anchors, comparisons, and
missing-data distinctions needed to test those ex-
planations. The same process perspective produces
an additional prediction for listeners, who may lose
useful anticipatory cues when AI systems smooth
disfluent speech (Arnold et al., 2003; Fox Tree,
2001; Corley et al., 2007). Our contribution is a
way to formulate and evaluate these process ques-
tions alongside output quality. We begin by estab-
lishing what speech-production theory permits the
measures to mean.

2 Theoretical Basis for Process Measures

Using disfluency as a process measure requires a
theory that constrains its possible sources. Levelt’s
1989 model organizes speech production into three
incrementally operating stages: the conceptualizer
generates a preverbal communicative intent, the
formulator translates this intent into a linguistic
plan, and the articulator executes the motor pro-
gram as speech (Indefrey and Levelt, 2004; Levelt
et al., 1999). A perceptual loop monitor compares
inner speech and auditory feedback with intent, and
detected mismatches can interrupt an ongoing plan
(Roelofs, 2020; Nozari et al., 2011; Hartsuiker and
Kolk, 2001).

Predictive processing accounts add that speak-
ers and listeners anticipate utterances at multiple
linguistic levels (Pickering and Garrod, 2013; Ha-
goort, 2019). Together, these accounts explain why
external content arriving during production may
affect planning, retrieval, monitoring, or manage-
ment of the interaction. They also set an inferential
boundary: event type and timing narrow candidate
processes without identifying a unique stage.

2.1 Relation to NLP Research on Disfluency

NLP has usually treated disfluency as material to
detect and remove. Work on the Switchboard cor-
pus established taxonomies of interruption points,
reparanda, and repairs (Shriberg, 1994), and subse-
quent sequence labelers, pretrained transformers,
and E2E ASR rescorers filtered these events before
parsing or MT (Wang et al., 2020; Jamshid Lou and
Johnson, 2020; Rocholl et al., 2021). This approach
supports downstream processing while discarding

evidence about how that output was produced.
A separate literature shows that AI can change

human language. Smart-reply and predictive-text
systems narrow lexical diversity and shift register
in text-based communication (Arnold et al., 2020;
Mieczkowski et al., 2021; Hohenstein et al., 2023;
Yakura et al., 2024), while work on conversational
entrainment measures lexical and syntactic con-
vergence between people (Nenkova et al., 2008;
Reitter, 2014; Niederhoffer and Pennebaker, 2002).
Real-time systems now connect these previously
separate concerns: E2E models such as Moshi (Dé-
fossez et al., 2024) and SpeechGPT (Zhang et al.,
2023), together with incremental turn-taking sys-
tems (Skantze, 2021), supply content during ongo-
ing production. The resulting evaluation problem
concerns both the system contribution and the hu-
man process of responding to it. This paper uses
disfluency to preserve process evidence and sug-
gestion correspondence to determine how that evi-
dence relates to system content.

2.2 Disfluency Types and Production
Processes

Disfluency categories become informative through
their different distributions across production and
interactional contexts. Silent pauses at clause and
phrase boundaries are associated with conceptual
planning and with the complexity or novelty of
upcoming material (Goldman-Eisler, 1968; Butter-
worth, 1980). Filled pauses (“uh/um”) occur dur-
ing conceptual planning and lexical retrieval and
can signal an upcoming delay to listeners (Clark
and Tree, 2002).

Other categories provide stronger evidence about
managing or revising an utterance. Repetitions can
maintain the conversational floor while formulation
continues (Schegloff et al., 1977; Engelhardt et al.,
2010). Self-repairs provide overt evidence that a
speaker halted and revised speech after monitoring
(Hartsuiker, 2006; Levelt, 1983), and their onset
can follow an error within hundreds of millisec-
onds (Hartsuiker and Kolk, 2001; Postma, 2000).
Their functions overlap with effects of task diffi-
culty, language background, turn management, and
the surrounding utterance. Inference therefore de-
pends on contrasts among types and positions. For
example, a shift from fillers toward repairs is con-
sistent with increased monitoring and correction,
while remaining compatible with other contextual
explanations.
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2.3 How AI Mediation Perturbs Production

These associations between disfluency type and
cognitive process make the production model ex-
perimentally useful. Lexical clarifications can re-
solve unfamiliar terms during comprehension and
change the information available for response plan-
ning (Duan et al., 2021; He and Fussell, 2026).
Content suggestions, such as topic prompts and
factual completions, may change conceptual plan-
ning (Arnold et al., 2016; He and Fussell, 2026;
Qin et al., 2025). Lexical and stylistic sugges-
tions, such as word recommendations and register
adjustments, supply candidate words or syntactic
frames during formulation (Arnold et al., 2020;
Hohenstein et al., 2023). Timing cues, such as
turn-taking prompts, may change turn initiation
and floor management (Skantze, 2021). These map-
pings specify predictions while allowing one inter-
vention to affect several components.

Evaluating external content while preparing
speech can place simultaneous demands on work-
ing memory (Oomen and Postma, 2001; Engel-
hardt et al., 2013). A nearby disfluency is con-
sequently consistent with evaluation of the inter-
vention and with unrelated production difficulty.
This ambiguity separates cognitive fluency, the ef-
ficiency of planning and retrieval, from utterance
fluency, observable speech production (Segalowitz,
2010). Lexical evidence, matched comparisons,
and converging measures are required to connect
an observable event to the intervention.

These mechanisms therefore motivate direc-
tional hypotheses. Relevant content available be-
fore a complex response may reduce pauses asso-
ciated with planning. Content that arrives during
formulation or conflicts with an emerging plan may
increase repairs and repetitions. Manipulating pro-
duction demand should chiefly alter speech event
timing and frequency, whereas manipulating sug-
gestion usefulness or attractiveness should chiefly
alter suggestion correspondence. Crossing these
manipulations tests whether the two measures re-
spond selectively and predicts changes in the four
profiles introduced next.

3 A Two-Axis Evaluation Framework

A useful framework must translate the theoretical
distinction into observations that can be compared
across systems. We organize those observations
along two axes: speech measures identify when
and how production difficulty becomes observable,

and suggestion correspondence identifies whether
system content appears in the response. Low dis-
fluency can accompany smooth uptake, no consul-
tation, silence, or withdrawal, and high correspon-
dence can reflect considered use, automatic reuse,
or content the speaker would have produced in-
dependently. Aligning the axes within the same
episode reduces these complementary ambiguities
and defines the evidence needed to distinguish the
remaining explanations (Jakesch et al., 2023; Ho-
henstein et al., 2023).

Comparison also requires a common protocol.
Studies should report anchors, windows, counting
rules, baselines, and extraction procedures while
adapting their values to the task and language. Un-
mediated baselines within each speaker are pre-
ferred when available. Studies without that condi-
tion should use matched windows or control trials
and model variation among speakers. Raw disflu-
ency values are unsuitable for unadjusted compar-
isons because individual rates vary substantially
(Bortfeld et al., 2001).

3.1 Speech Measures

The speech axis begins with event identity and pro-
gressively adds duration, position, and change over
time. Each layer restricts the plausible explanation
of an event while preserving uncertainty arising
from the speaker, task, and conversational context.

Disfluency rate by type. Report counts and rates
(per 100 words, per minute, or per elapsed response
time) of filled pauses, silent pauses, repetitions,
repairs, and false starts. Stating the denomina-
tor makes systems comparable, and retaining cat-
egories preserves differences among their likely
functions.

Disfluency duration. Report the temporal extent
of each event because equal counts can conceal
different amounts of interruption. Longer pauses
and repair phases can accompany greater planning
or reprocessing demands, with interpretation deter-
mined by event position and context (Hartsuiker,
2006).

Positional distribution. Locate event onsets rel-
ative to AI appearance, question completion, re-
sponse onset, wording related to the suggestion,
and response end. A filled pause after appearance
is consistent with planning or lexical retrieval dif-
ficulty, whereas a repair after wording related to
the suggestion provides evidence of revision. Posi-
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tion connects an event to a candidate intervention
period and operationalizes the speech event timing
axis in §3.3. Alignment windows should be spec-
ified before analysis and tested for sensitivity to
plausible boundary changes.

Disfluency trajectory. Report change across a
conversation to distinguish initial disruption from
adaptation or accumulated difficulty. Record si-
lence, abandoned turns, and missing speech sepa-
rately because each can otherwise appear as a low
event rate.

3.2 Content Correspondence Measures
Once a speech event has been localized, the sec-
ond axis asks how the response relates to the in-
tervention. We distinguish surface lexical overlap,
semantic similarity, and incorporation coded by
people because each supports a different inference.
Suggestion correspondence names the general axis,
and lexical entrainment refers specifically to con-
vergence in word choice across turns, following the
dialogue literature (Nenkova et al., 2008; Nieder-
hoffer and Pennebaker, 2002; Reitter, 2014).

Moving-average type-token ratio (MATTR).
This measure summarizes lexical diversity across
a session and uses a moving window to reduce the
length sensitivity of raw type-token ratio (Coving-
ton and McFall, 2010). A decline can accompany
repeated use of vocabulary suggested by AI (Ho-
henstein et al., 2023). It therefore detects change
in expressive range across time. Attribution to an
individual suggestion requires the correspondence
measures that follow.

Suggestion correspondence. Compare the par-
ticipant’s response text with the displayed sugges-
tion. Use surface measures such as n-gram overlap
to assess wording reuse and sentence-embedding
cosine similarity or BERTScore to assess seman-
tic correspondence (Reimers and Gurevych, 2019;
Zhang et al., 2020). Human coding can establish
whether recognizable suggestion content appears.
Reporting them separately prevents semantic simi-
larity, lexical reuse, and incorporation from being
treated as interchangeable. Together they opera-
tionalize response content while leaving endorse-
ment and reliance to additional evidence.

Connotation and register shift. Compare the
speaker’s affective, formal, or stylistic profile with
the AI output using formality classifiers (Pavlick
and Tetreault, 2016), function-word style matching

(Niederhoffer and Pennebaker, 2002), or affective
representations. Persistence into later unmediated
turns provides a stronger adaptation hypothesis
than immediate reuse. Topic, audience, and in-
teractional goals remain competing explanations
that matched comparisons must address.

3.3 Combining Speech and Content Measures
The two axes become informative when measured
for the same episode. Suggestion correspondence
establishes the relation between response and sys-
tem content, whereas speech event timing locates
observable production difficulty around the con-
tent’s availability and possible use. Crossing them
yields four behavioral profiles (Table 1). The pro-
files convert two ambiguous signals into a struc-
tured set of competing explanations and specify
which additional evidence could separate them.

Table 2 draws on a secondary analysis of the
published XPLAIN Wizard-of-Oz study (He and
Fussell, 2026). In that study, speakers using En-
glish as a second language completed a standard-
ized collaborative planning task. The interface pro-
vided private, clickable lexical clarifications and
presented predefined idea or sentence suggestions
at scripted points. The source paper reports the
system design and survey and interview findings.
Here, timestamped recordings and response anno-
tations serve only to demonstrate event alignment
and correspondence measurement. Trained anno-
tators coded disfluency events against intervention
timestamps and coded suggestion incorporation
from separate records. The excerpts illustrate mea-
surement decisions and carry no validated profile
labels.

Reading the excerpts descriptively, Row 1 shows
close phrase correspondence in the reconstructed
materials and a brief filler at retrieval onset. Row 2
contains a filler at clause onset outside the prespec-
ified analysis window and uses a different lemma.
Row 3 contains a pre-uptake um, the phonological
pack-/pack-aged/packable repair, and content up-
take of the AI’s term “packable.” Row 4 contains a
silent pause and filler followed by lexical substitu-
tion within the AI’s syntactic frame. These observa-
tions illustrate the component measures and remain
compatible with multiple cognitive accounts.

The examples also show why a profile starts an
analysis. Frequent Profile A observations could
arise from smooth fit, uncritical reuse, or missed
event detection, whereas frequent Profile D obser-
vations could arise from substitution, rejection, un-
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No event in analysis window Disfluency or repair in analysis window

Higher suggestion
correspondence

Profile A: response content corresponds with the
suggestion, and no event occurs in the prespecified
window. Consistent with smooth uptake, uncritical
reuse, or missed event detection.

Profile B: response content corresponds with the
suggestion and an event occurs in the prespecified
window. Consistent with effortful uptake or concur-
rent production difficulty.

Lower suggestion
correspondence

Profile C: response content has little correspon-
dence with the suggestion and no event occurs.
Consistent with independent production, missed
support, or undetected correspondence.

Profile D: response content has little correspon-
dence with the suggestion and an event occurs in
the prespecified window. Consistent with substi-
tution, rejection, unrelated planning difficulty, or
floor management.

Table 1: Four behavioral profiles defined by suggestion correspondence and speech events in a prespecified analysis
window. The cells summarize observable configurations and retain multiple candidate interpretations. Analyses
should preserve both axes as continuous measures, and the quadrants are descriptive and support hypothesis
generation.

Illustrated
relation

Reconstructed illustra-
tion

Timing of speech events Suggestion correspondence

Phrase
match

“um like rolling suit-
case”

Brief filled pause at retrieval onset and short re-
sponse latency. Their relation to the AI event
depends on the prespecified window and coding
rule.

Surface and content correspondence
with the reconstructed phrase sug-
gested by AI.

Different
content

“um I think we can in-
clude some basic items”

Filled pause at clause onset outside the prespeci-
fied analysis window.

Response contains content that dif-
fers from the reconstructed sugges-
tion.

Match with
repair

“um it’s a pack-. . . pack-
aged. . . packable back-
pack”

Filled pause before wording related to the sug-
gestion, followed by truncation and self-repair.

Content correspondence with the
AI’s term (“packable”) and phono-
logical variation in its production.

Frame with
substitution

“it’s. . . um but maybe in-
stead of a wool hat use
a beanie”

Silent pause and filled pause before a lexical re-
vision within the prespecified analysis window.

Syntactic frame correspondence
with lexical substitution (wool hat
→ beanie).

Table 2: Four reconstructed illustrations of the component measures in Table 1. Content words were paraphrased
into a different topical domain, and the original disfluency forms and positions were preserved. The rows illustrate
measurement without validated profile assignments. Two trained annotators independently coded events against
intervention timestamps and resolved disagreements through discussion. The source study received institutional
review board approval (protocol 0149408). Italicized tokens mark filled pauses, and “. . . ” marks silent pauses.

related planning difficulty, or floor management.
A system comparison should use profile frequen-
cies to select follow-up measures and should retain
output quality, task performance, and participant
reports as complementary outcomes.

Operationalizing the axes. Retain correspon-
dence and speech timing as continuous measures
in primary analyses, with the four profiles sum-
marizing regions of their joint distribution. Any
categorical cutpoint should be justified for the task,
specified before analysis, and examined in a sen-
sitivity analysis. This preserves information that
universal high and low thresholds would discard.

Chance baseline for suggestion correspondence.
Similar wording may have been likely without ex-
posure to a particular suggestion. Compare each re-
sponse with unshown suggestions matched on gen-

erator, task, topic, communicative function, length,
and presentation format when possible. The dis-
played score, matched distribution, and their differ-
ence estimate how much correspondence is specific
to the displayed content. Report unmatched dimen-
sions because they limit the comparison.

Illustrative measurement check. The corpus
first tests event detection and describes where
events occurred. The source study recruited 38
speakers using English as a second language, and
35 recordings were usable for disfluency analysis.
Two independently coded event intervals counted
as a match when their temporal intersection di-
vided by their union reached .25, yielding symmet-
ric event-detection F1 = .981. The adjudicated
record contained 1,276 events with 2,286 category
labels, of which filled pauses were the most fre-
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quent category (1,039 labels). At least one event
occurred in 62.3% of suggestion response intervals
and 44.8% of clarification response intervals. The
design included no unassisted condition, and the
contexts differed in support function, response con-
tent, and observation time. This contrast therefore
provides only a descriptive estimate of coverage.

The next check asks whether aggregate disflu-
ency rate is associated with suggestion incorpo-
ration in this sample. Incorporation codes were
available for 312 responses from two sources: 268
had graded codes and 44 had binary codes. Each
source supplied a final code without independent
duplicate coding, and the 22 positive binary cases
lacked partial or full extent. Within participants,
the probability that an incorporated response had
a higher disfluency rate was .541 (exact p = .347,
Holm-adjusted p = .694, 31 participants, 277 re-
sponses). This inconclusive association does not
support using aggregate disfluency rate as a substi-
tute for a separate correspondence measure.

The correspondence checks then ask whether the
content measure behaves as intended. Using final
corrected response spans, similarity increased with
incorporation among 261 responses with graded
codes and semantic scores (descriptive Spearman’s
ρ = .483). Across 332 responses, displayed sug-
gestions were more similar than the mean of other
suggestions of the same format that were not shown
on that trial in 299 cases (90.1%), with mean simi-
larity of .617 for displayed suggestions and .352 for
comparisons (difference = .265). Both summaries
contain repeated responses from participants and
items. The alternative suggestions also concerned
different items, so the second summary is a weak
baseline that retains topic differences. These results
establish event-detection feasibility and a descrip-
tive relation between semantic correspondence and
coded incorporation. The corpus has no measure
of cognitive load aligned to individual events or
independent labels for the profiles, leaving their
cognitive interpretations for prospective tests.

3.4 Anticipated Objections
The most direct objection is that WER and sur-
veys already cover system quality and user expe-
rience. They answer questions at different tem-
poral scales: WER evaluates transcript accuracy,
and surveys summarize retrospective experience.
Analysis aligned to individual events asks where
production changed around a particular interven-
tion and whether its content entered the response.

The framework is useful when this local process
question matters to the system comparison.

A stronger objection concerns the nonspecificity
of disfluency. Planning, retrieval, language back-
ground, and floor management can produce similar
events. Temporal alignment and suggestion corre-
spondence reduce this ambiguity, especially with
comparisons within speakers or across matched
episodes. Causal and cognitive claims still require
the contextual and converging evidence specified in
Table 3. This constraint defines the framework’s ev-
idential standard and prevents a behavioral profile
from becoming a diagnostic label.

4 Application Across AI-MC Contexts

The framework earns practical value only when it
changes how systems are compared. The following
cases expose different ways that equivalent output
scores can conceal process effects, and each case
yields a distinct contrast for the two axes.

4.1 Proactive Content Scaffolding

Contextual suggestions and factual completions
can improve the final response while imposing dif-
ferent demands during its production (Fang et al.,
2025; Xia et al., 2023). Research on text input
already documents changes in language use un-
der reply and composition support (Arnold et al.,
2020; Mieczkowski et al., 2021). In speech, rel-
evant content available before response planning
may reduce pauses at clause boundaries, whereas
content that conflicts with an emerging plan may
increase fillers, false starts, or repairs. Tests can
separate these accounts by varying timing and se-
mantic fit, comparing matched opportunities, and
modeling individual baselines. Session trajecto-
ries then show whether an initial effect diminishes
through adaptation or accumulates across interven-
tions.

4.2 Lexical and Stylistic Adjustment

Word replacements, register adjustments, and tonal
reframings intervene closer to formulation by sup-
plying candidate lemmas and syntactic frames. In-
teractive alignment theory predicts lexical conver-
gence through priming and shared expectations
(Pickering and Garrod, 2004, 2013). Computa-
tional measures can compare convergence with
the human partner and with the AI across turns
(Nenkova et al., 2008; Reitter, 2014; Niederhoffer
and Pennebaker, 2002). This comparison becomes
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Requirement Reference implementation and reportable choices

Unit and contrast Analyze each suggestion opportunity and the participant’s first substantive response. Report any
unmediated condition, matched control trials, and adjustment for repeated observations within
speakers.

Event anchors and win-
dows

Record suggestion appearance, question completion, response onset, and response end. The
illustrative corpus used four intervals: 10 seconds before appearance, appearance to question
completion, question completion to response onset, and response onset to the earliest competing
event, substantive partner turn, page transition, or 30 seconds after question completion.

Disfluency assignment Assign an event to a window by onset. Report categories, counts, durations, denominator,
annotation or extraction method, reliability, and timestamp sensitivity.

Content correspondence Analyze only the participant’s response text. Report surface overlap, seman-
tic similarity, and incorporation codes separately. The illustrative check used
paraphrase-multilingual-mpnet-base-v2. Report the model and segmentation rule.

Chance baseline Compare the response with unshown suggestions matched on task, topic, communicative function,
length, and presentation format. The illustrative corpus matched task and presentation format
only. Report unmatched dimensions, the displayed score, comparison mean, and their difference.

Thresholds and missing-
ness

Preserve continuous scores in primary analyses. Mark categorical profiles as exploratory. Record
silence, abandoned turns, unavailable speech, and extraction failures separately.

Interpretation Report language, task, turn position, floor management, and plausible alternative explanations.
Use self-report, performance, multimodal measures, or experimental manipulation when making
cognitive claims.

Table 3: Minimum reporting protocol. Values can vary across tasks and languages, and the listed information is
required for comparison and interpretation.

consequential when accommodation is distributed
unequally. Sociolinguistic research predicts greater
accommodation from speakers with less positional
power (Giles and Ogay, 2007). Higher suggestion
correspondence and lower lexical diversity in that
group would document an asymmetry requiring ex-
planation. Establishing an AI effect then requires
controls for power, topic, item content, and base-
line language use.

4.3 Self-Presentation and Emotional
Attunement

Tone refinement, empathic phrasing, and polite-
ness support extend the same problem to self-
presentation (Goffman, 1959; Walther, 1996). Sug-
gestion correspondence localizes immediate reuse,
and MATTR shows whether lexical diversity
changes across the session. Comparisons within
speakers across mediated and unmediated condi-
tions can therefore test changes in expressive range.
Participant and listener judgments remain neces-
sary for assessing genuineness and appropriateness,
outcomes that linguistic correspondence alone can-
not determine. Across all three contexts, valid in-
ference depends on following the relevant people,
turns, and modalities beyond an isolated response.

5 Methodological Extensions

Extending the unit of analysis beyond one speaker
and one turn introduces dependencies that the basic
two-axis profile must represent explicitly.

5.1 Dyadic and Multiparty Settings
Dyadic AI-MC permits comparison of each
speaker’s speech rate, disfluency, and lexical
choices across turns (Pickering and Garrod, 2004).
Additional participants introduce overlap, floor
holding, shifting addressees, and several potential
sources of lexical convergence (Clark, 1996). Anal-
yses should therefore model addressee, turn posi-
tion, overlap, and group role. With these dependen-
cies represented, the framework can test whether
access to suggestions, content correspondence, and
speech events are distributed asymmetrically across
participants.

5.2 Speaker and Listener Roles
The analysis of speakers raises a corresponding
question about what mediation changes for lis-
teners. Automatic speech recognition captions,
speech-to-speech translation, and speech language
models may remove pauses and repairs from the
signal (Wang et al., 2020; Rocholl et al., 2021; Dé-
fossez et al., 2024; Zhang et al., 2023; Skantze,
2021). Psycholinguistic studies show that filled
pauses can direct attention toward novel or complex
content and facilitate lexical integration (Arnold
et al., 2003; Fox Tree, 2001; Corley et al., 2007),
and listeners also adapt to a partner’s disfluency
patterns (Brennan and Schober, 2001). Smooth-
ing may therefore improve surface fluency while
reducing information used during comprehension.

This literature supports an untested prediction
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about AI smoothing: removing natural disfluen-
cies may reduce anticipatory cues and impair com-
prehension of novel material. A controlled study
should manipulate filled pauses, silent pauses, and
repairs separately. For fillers and silent pauses,
lexical content and voice can remain constant
while overall duration is balanced or modeled. Re-
pair studies can compare matched fluent and re-
paired recordings and model duration differences.
Recall, comprehension accuracy, clarification re-
quests, echoed repetitions, and planning time in
the listener’s next turn capture consequences at dif-
ferent stages. This design could test whether an
apparent improvement in output fluency creates a
cost for the listener.

5.3 Multimodal Triangulation
The remaining ambiguity concerns what a local-
ized speech event means. Complementary streams
can connect the event to consultation, arousal, or
broader acoustic change while preserving the limits
of each measure.

Gaze and interaction logs. Gaze toward an AI
display and interface logs can show that prompt
consultation coincided with a speech event. Their
inferential contribution is orientation to a region
at the precision supported by the recording and
coding method.

Physiological measures. Electrodermal activity
(EDA) and heart rate variability (HRV) can provide
converging measures of autonomic arousal (Taptik-
lis et al., 2023). Arousal remains compatible with
deliberation, overload, and other explanations.

Acoustic features beyond disfluency. Speech
rate, pitch range, and pause duration complement
categorical counts. Extraction should use raw au-
dio or a pipeline validated for retaining the target
events.

Each stream addresses a different ambiguity,
so the useful combination follows the claim be-
ing tested. Inferences about cognitive benefit or
harm ultimately require performance, experience,
or experimental outcomes aligned with the same
episode.

6 Design Implications and Conclusion

Two systems can achieve the same WER, task com-
pletion, or satisfaction score while creating dif-
ferent production demands and different input for
listeners. Disfluency measures locate observable

production difficulty in time, and suggestion corre-
spondence establishes how the response relates to
system content. Their joint analysis makes these
otherwise hidden differences available for system
comparison.

The immediate use case is offline evaluation. Re-
searchers can derive the measures through human
coding, forced alignment, or ASR configured to
retain disfluencies (Shriberg, 1994; Wang et al.,
2020; Jamshid Lou and Johnson, 2020; Rocholl
et al., 2021), with explicit validation of event re-
tention, timestamps, and extraction error. Adaptive
deployment sets a higher evidential threshold: a
measure must prospectively predict benefit or diffi-
culty in the target population, and responding to it
must improve an outcome. An isolated disfluency
spike or decline in lexical diversity cannot justify
intervention.

The framework contributes four behavioral pro-
files, a minimum reporting protocol, and experi-
ments that can test their interpretations for speak-
ers and listeners. Its broader claim is that real-time
AI-MC should be evaluated through the interaction
that produces an output as well as through the out-
put itself. This expanded unit of evaluation reveals
when apparent system success coincides with ob-
servable production difficulty, response reuse, or
fewer comprehension cues.

Limitations

The framework’s value depends on disciplined in-
terpretation of its boundaries. The illustrative cor-
pus establishes event-detection and correspondence
feasibility. Causal validation and independent la-
bels for the four behavioral profiles require prospec-
tive data.

Pipeline dependence. Extracting fluency met-
rics requires human coding or a pipeline for ASR
and disfluency detection. Outputs from many E2E
speech models (Whisper, SeamlessM4T) and com-
mercial ASR application programming interfaces
(APIs) omit fillers and reparanda. Applying the
framework therefore requires systems that preserve
disfluencies (Wang et al., 2020; Jamshid Lou and
Johnson, 2020; Rocholl et al., 2021), forced align-
ment over raw audio, or human annotation. Each
approach introduces measurement error and cost
that implementation work must quantify.

Speaker variability. Disfluency rates vary 5–
10× across individuals as a function of age, lan-
guage background, working memory capacity, and
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clinical conditions (Bortfeld et al., 2001; Engel-
hardt et al., 2010). Contrasts within each speaker
are preferred. Designs without an unmediated
condition should use matched episodes, model
speaker effects, and avoid unadjusted system rank-
ings across speakers.

Limits of profile identification. The two axes
are noisy observable measures. Similar response
content can arise without suggestion use, and an
event in the analysis window can reflect planning,
retrieval, turn management, or measurement error.
Chance baselines address prior content similarity,
and contextual and multimodal evidence narrows
the interpretations of speech events. The profiles
remain descriptive and can be used to generate
hypotheses.

Theoretical anchoring. Levelt’s architecture
organizes candidate production processes. Predic-
tive processing and interactional accounts (Pick-
ering and Garrod, 2013; Hagoort, 2019) motivate
additional explanations. The proposed relations
between disfluency types and production processes
are probabilistic and require tests that account for
context.

Operationalization. Table 3 specifies minimum
reporting requirements. Lemmatizer choice, em-
bedding model, n-gram window, MATTR window,
and event windows still depend on language, regis-
ter, and task. Comparisons across studies require
reporting these choices and testing sensitivity to
plausible alternatives.

Scope across languages. Our taxonomy and pre-
dictions are derived primarily from psycholinguis-
tic literature on English. Filled-pause inventories,
repair conventions, and cues at clause boundaries
vary across languages, so the framework requires
replication in each language before cross-language
application.

Adaptive feedback. A system that responds
to disfluencies may change how users speak over
time. Periodic recalibration, control conditions that
withhold intervention, and longitudinal evaluation
are required to detect such effects.

Ethical Considerations

Speech behaviors have probabilistic associations
with cognitive processes, creating risks in both data
collection and interpretation.

Bias across speaker populations. Disfluency
baselines vary across populations. Stuttering, apha-
sia, and Parkinson’s-related dysarthria can produce

disfluency unrelated to AI-MC, and speakers using
a second language (L2) can differ from speakers
using their first language (L1) (Segalowitz, 2010).
Unadjusted application may conflate speaker char-
acteristics with system quality. Designs that com-
pare observations within each speaker, stratified
analysis, and explicit baseline adjustment are pre-
requisites for population comparisons.

Surveillance dual use. Real-time extraction of
speech features can support workplace monitoring.
These measures should be limited to consented re-
search evaluation. Any field deployment would re-
quire informed consent, bystander protection, data
minimization protocols, and an explicit prohibition
on inference about individual performance.

Privacy and institutional review. Applying
the framework requires recording and processing
speech, which is highly identifying personal data.
Extracted features may retain sensitive information,
and the source audio contains identity and content.
Institutional review, secure storage, data minimiza-
tion, and feature extraction on devices where fea-
sible are appropriate safeguards. The recording
used for Table 2 was collected under institutional
review board protocol 0149408. The illustrations
reconstruct the original events with content words
paraphrased into a different topical domain.

Power asymmetry and equity. §4.2 motivates
testing whether speakers with less positional power
correspond more closely with AI suggestions. Such
a pattern would raise a deployment concern be-
cause AI-MC may affect speakers unequally. Field
evaluations should report outcomes by positional
power and include pooled estimates only with the
corresponding stratified results.

Feedback through training data. Training on
speech processed through ASR, speech language
models, or translation pipelines may change the dis-
tribution of disfluencies represented in future sys-
tems. Datasheets and provenance metadata should
distinguish naturally produced speech from AI-MC
speech.

Use of AI Assistants. We used large language
model (LLM) writing assistants, including chat as-
sistants and integrated development environment
tools, to refine prose, copyedit text, and format
LaTeX. The authors developed the research ideas,
framework, analyses, citations, arguments, and bib-
liography and reviewed all assisted edits.

Materials Availability. Supporting materials
can be found on the Open Science Framework at
https://osf.io/yc6dh/.
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Abstract
Child–robot interaction places real demands
on perception systems: a robot engaged in
play with a child cannot afford to miss the
child’s focus of attention, yet running every
perception module at every frame is computa-
tionally expensive on the kind of edge hard-
ware that privacy-respecting robots must use.
This paper addresses this tension by propos-
ing a cadence-stratified multimodal percep-
tion pipeline, WordMate-CRI, in which each
module runs at a rate that trades computation
against staleness, informed by how long each
cue remains stable for a potential interaction
partner. Detection and tracking run contin-
uously; action recognition uses rolling tem-
poral buffers; emotion is refreshed periodi-
cally; and attributes such as age and gender
are estimated once at the start of a session and
cached. We evaluated WordMate-CRI through
an LLM response-quality ablation study across
six toy-play scenarios and a latency bench-
mark on Jetson AGX Orin hardware. The ab-
lation shows that VLM enrichment and object
evidence are the dominant grounding signals,
with WordMate-CRI achieving a mean scene-
grounded score of 0.967. On live Jetson in-
put, cadence-based scheduling raises through-
put from 4.3 to 18.2 frames per second (FPS),
clearing the 15 FPS deployment target, while
reducing WordMate-CRI latency from 6411.5
to 5844.5 ms. Taken together, the results make
a practical case that deciding when each percep-
tion module should run matters just as much
as deciding what it should recognise. This op-
timisation is important for systems aiming to
produce contingent and timely child-directed
speech in multi-modal contexts.

1 Introduction

Child–Robot Interaction (CRI) has become an im-
portant area in social, educational, therapeutic, and
assistive robotics. In play, learning, communica-
tion support, healthcare, and autism-related inter-
ventions, robots are increasingly expected to act as

responsive social partners for children (Scassellati
et al., 2012; Kozima et al., 2007, 2009; Nadeem
et al., 2025; Belpaeme et al., 2012; Efthymiou et al.,
2022). Our project aims to design a robot capa-
ble of producing appropriate child-directed speech.
This requires processing the attentional focus of
the child in a timely and socially meaningful way,
using multi-modal cues such as object detection,
tracking of the child’s position and movement, ac-
tion, affect, engagement, and stable person-level
attributes (Duncan et al., 2024; Cooper et al., 2026;
Faria et al., 2025; Efthymiou et al., 2022).

A central challenge in real-time CRI is not only
determining what information should be perceived,
but when each perceptual process should run. Ex-
isting multimodal CRI and HRI systems combine
vision, affective computing, behavioural analysis,
and contextual reasoning (Duncan et al., 2024;
Zhao et al., 2025; Belpaeme et al., 2012; Efthymiou
et al., 2022). However, the temporal execution of
these modules is often treated as an implementa-
tion detail rather than as an explicit design problem.
Here we propose a more principled solution, recog-
nising that multi-modal cues do not change at the
same rate: object handling, position, and movement
may change at faster rates than affect expression,
which may evolve over a longer interval, while at-
tributes such as age and gender remain more stable
even in multi-child play sessions.

This temporal mismatch creates a practical cost.
If every module is executed at every frame, the
computation and latency increase, especially when
several deep-learning models are used on the same
robot. Recent HRI benchmarking also shows that
current vision-language perception models still
face difficult accuracy–latency trade-offs for real-
time deployment (Shi et al., 2025). At the same
time, reducing the update rate without a clear pol-
icy may cause the robot to miss relevant changes in
the interaction. This paper therefore treats tempo-
ral scheduling as part of the perception architecture
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itself, rather than as a later optimisation step.
Our motivation is also consistent with evidence

from psychology and neuroscience. Human percep-
tion is organised across multiple temporal scales:
early sensory areas respond to rapidly changing
input, while higher-level regions integrate informa-
tion over longer windows (Hasson et al., 2008). A
similar temporal structure has been shown during
the comprehension of naturalistic stories (Lerner
et al., 2011), event segmentation (Kurby and Za-
cks, 2008), adaptive temporal integration (Akyürek,
2025), and intrinsic neural timescales (Manea et al.,
2022). These findings suggest a useful design
principle for CRI: perceptual updates should be
matched to the temporal stability of the to-be-
processed cue.

Here we propose WordMate-CRI as a cadence-
stratified multimodal perception architecture for
real-time CRI. WordMate-CRI combines continu-
ous detection and tracking, rolling-window action
inference, periodic facial analysis, and cached de-
mographic estimates. Section 3 specifies the update
rules and their rationale.

Related work provides important foundations but
does not directly address this specific scheduling
problem. Multimodal HRI research highlights the
need to coordinate heterogeneous perceptual chan-
nels in social environments (Duncan et al., 2024;
Zhao et al., 2025). FlowAct shows the value of
continuous perception and modular action subsys-
tems (Dhaussy et al., 2024), while relevance-driven
scheduling reduces latency by activating percep-
tion modules according to scene context (Huang
et al., 2026). However, these approaches mainly
schedule modules according to the relevance of
the current scene. By contrast, the WordMate-CRI
architecture assigns update cadences proactively,
based on the expected temporal stability of the cues.
Multiple-timescale and cognitive HRI models also
show that robot processing need not be uniform in
time (Yamashita and Tani, 2008; Umbrico et al.,
2023, 2022), but their focus is mainly on reason-
ing, control, or cognitive organisation rather than
module-level perception scheduling. The gap ad-
dressed in this paper is therefore a cue-stability-
based temporal scheduling policy for multimodal
child perception, where each module is updated
according to the expected dynamics of the cue it
estimates. Our main contributions are:

1. A cadence-stratified perception architecture
of WordMate-CRI for real-time CRI, where

perception modules run at different update
rates instead of being executed uniformly at
every frame.

2. An implemented multimodal perception
pipeline combining continuous child detection
and tracking, rolling-window action recogni-
tion, periodic emotion analysis, and sparse
estimation of stable attributes.

3. A theory-to-engineering link between evi-
dence for multi-scale temporal processing and
a practical scheduling design for CRI.

This work is guided by two research questions:
(RQ1) How does cadence-stratified scheduling af-
fect visual-processing throughput and latency rela-
tive to per-frame processing? (RQ2) How does the
availability of each nonverbal cue, namely gaze and
head orientation for attention, affect for response
tone, and object and action evidence for grounding,
affect the quality of the generated response? Ob-
ject detection and the VLM enrichment step that
grounds response content operate at the segment
level, evaluated once every five seconds, while the
cadenced perception modules operate at the frame
level; the throughput and latency gains reported in
Section 5.2, addressing RQ1, arise from reducing
frame-level computation, while response quality
depends most on the segment-level evidence exam-
ined in Section 5.1, addressing RQ2. These are two
distinct parts of the pipeline rather than a single
measured trade-off curve. Thus, we evaluate pro-
cessing throughput and latency against a per-frame
baseline and separately examine how contextual
information affects the generated response.

2 Related Work

The design draws on multi-timescale models of
perception, real-time multimodal HRI, and child-
centred robot perception.

A recurring finding in cognitive neuroscience is
that the cortical areas integrate information over
different time windows, with early sensory regions
tracking fast input and higher-level regions accumu-
lating evidence over longer periods (Hasson et al.,
2008). Related patterns have been observed in
story comprehension (Lerner et al., 2011), event
segmentation (Kurby and Zacks, 2008), adaptive
temporal integration (Akyürek, 2025), and intrin-
sic neural timescales (Manea et al., 2022). These
findings suggest that different perceptual cues are
naturally handled at different temporal resolutions,
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a principle that has begun to surface in robotics as
well. Yamashita and Tani demonstrated that func-
tional hierarchy can emerge from a multi-timescale
neural network in a humanoid robot setting (Ya-
mashita and Tani, 2008), and related HRI architec-
tures separate fast reactive processing from slower
deliberative reasoning (Umbrico et al., 2023, 2022).
Layered systems such as LAAIR extend this further
by combining reactive and deliberative components
within a single autonomous interactive robot (Jiang
et al., 2018). What these works share is an acknowl-
edgement that processing need not be temporally
uniform. What they do not address is how indi-
vidual social-perception modules in CRI should be
scheduled, which is precisely the gap this paper
targets.

On the multimodal perception side, the challenge
of coordinating heterogeneous perceptual channels
under real-world constraints is well documented
(Duncan et al., 2024; Zhao et al., 2025). Systems
such as FlowAct have moved away from strictly
sequential pipelines by introducing a continuous
asynchronous loop between perception and action
(Dhaussy et al., 2024), and scheduling work has
shown that activating perception modules accord-
ing to scene relevance can significantly reduce la-
tency (Huang et al., 2026). The tension between
precision and latency is particularly sharp in edge
hardware: studies of open-vocabulary mobile robot
perception (Park et al., 2025) and the HRIBench
evaluation of vision-language models (Shi et al.,
2025) both confirm that current systems still strug-
gle to meet the performance and timing demands of
real-time deployment simultaneously. These stud-
ies make a strong case for principled scheduling,
but their focus stays on general HRI, human–robot
collaboration, or mobile robotics. Child-centred
perception, with its specific cue profile and interac-
tion demands, has so far received little direct atten-
tion. The two directly comparable systems differ
from the approach proposed here in when the up-
date rate is decided. The asynchronous perception-
action system cited above keeps environment state
continuously current and coordinates modular ac-
tion subsystems through a planner, without assign-
ing perception modules a fixed update rate in ad-
vance. The relevance-driven scheduler cited above
activates modules based on prior outputs and scene
context, which is a reactive, relevance-triggered
policy rather than a cadence set proactively from
the expected stability of each cue. The schedule
proposed in this paper is therefore distinguished

by assigning per-cue update rates ahead of run-
time, evaluated specifically in a child-perception
setting rather than in general human-robot inter-
action. That gap is only partly filled by the CRI
literature. Early work established the therapeutic
value of social robots for children, including sim-
ple platforms such as Keepon in autism-related set-
tings (Scassellati et al., 2012; Kozima et al., 2007,
2009), and recent reviews confirm growing inter-
est in robots that support communication, learning,
and social behaviour in children with autism spec-
trum disorder (Nadeem et al., 2025). More recently,
multimodal CRI has increasingly been framed as a
socially situated process that requires coordinated
perception and timely response (Belpaeme et al.,
2012). For example, ChildBot demonstrated multi-
robot perception and interaction with children at
scale (Efthymiou et al., 2022); affective comput-
ing and biophysical signals have been integrated to
make interactions emotionally aware (Faria et al.,
2025), and incremental visual learning has been
explored to handle child-specific appearance varia-
tion (Efthymiou et al., 2021). Engagement detec-
tion ties many of these threads together, drawing on
gaze, head orientation, action, and affect simultane-
ously (Lu et al., 2024; Kim et al., 2023). However,
what this body of work focuses on is what should
be recognized and how recognition should be per-
formed. The question of when each perceptual
module should run during live interaction has re-
ceived far less attention. This is particularly impor-
tant for systems that aim to produce child-directed
speech contingent on children’s focus of attention,
thereby supporting word learning (Yu et al., 2019;
Schroer and Yu, 2023). Rather than proposing new
recognition models or a new multimodal CRI plat-
form, we explore a cue-stability-based temporal
scheduling policy: continuous updates for detec-
tion and tracking, rolling-window inference for
behavioural cues, periodic refresh for affect, and
sparse session-level estimation for stable attributes
such as age and gender.

3 Proposed Pipeline

3.1 WordMate-CRI Overview

In the proposed cadence-stratified multimodal per-
ception architecture each perception module op-
erates at an update rate matched to the temporal
stability of each cue. The system processes a con-
tinuous RGB-D video stream and produces tem-
porally aggregated scene representations that drive
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spoken language responses generated by a locally
deployed LLM. The WordMate-CRI is structured
across three computational tiers operating at dis-
tinct temporal granularities (Figure 1):

1. Tier A—Frame loop: person and object detec-
tion (YOLO) and multi-person tracking (Nor-
fair) run on every processed frame. Action
recognition (R(2+1)D-18) uses a rolling tem-
poral buffer with stride-based inference. Head
orientation (6DRepNet) is computed in the
frame loop at its configured stride.

2. Tier B-Cadenced: asynchronous background
workers whose update rate trades computa-
tion against cue staleness rather than assum-
ing the underlying cue changes slowly. Fa-
cial affect and gaze (OpenFace3) refresh ev-
ery 5 person-detection frames (every frame
when head-pose is enabled), and child age and
gender (MiVOLO) are polled every 8 person-
detection frames and locked after 4 successful
inference runs; both run as background work-
ers whose results are collected within the same
frame call.

3. Tier C-Segment-level (5-second windows):
Temporal aggregation of Tier A and B obser-
vations into a structured scene record, parallel
VLM enrichment on the segment keyframe
and spoken response generation by the LLM.

Detection and tracking are updated continuously
to follow object and person movement, while ac-
tion inference integrates evidence over a temporal
window. Facial analysis is refreshed periodically
to reduce repeated computation, and demographic
estimates are cached while the tracked person re-
mains unchanged. Gaze-to-object association is
updated each frame using the available estimates.
Although the transitions in affect, gaze, and head
pose are fast, the relevant cue values persist con-
siderably longer: spontaneous facial expressions
typically last 0.5 to 4 s, and looks to objects during
toy play extend over seconds (Yu et al., 2019). At
the deployed refresh interval of approximately 275
ms, each such event is sampled at least twice before
it ends.

A natural question is whether the modular
pipeline could be replaced by a single locally
deployed VLM. This approach was deliberately
avoided for four reasons: (1) privacy constraints
preclude cloud-based VLMs since transmitting

children’s video violates GDPR and COPPA and
diminishes user trust; (2) accuracy limitations
of lightweight local VLMs (e.g., LLaVA-1.5-7B,
Phi-3-Vision) make them unreliable for child toy-
play content, where objects and actions are under-
represented in standard training corpora; (3) latency
incompatibility, as 7B+ parameter models require
500 ms–2 s per inference on Jetson AGX Orin,
yielding frame rates below our adopted 15 FPS
visual-processing target (see Section 4.3.3); and
(4) hallucination rates in edge-deployed VLMs are
difficult to calibrate, unlike the modular classifiers
which offer bounded, characterisable uncertainty.
The VLM is therefore retained solely as a segment-
level scene-enrichment oracle.

3.2 Segment Aggregation and LLM Response
Generation

At the segment level (Tier C), outputs from the ca-
denced perception modules are aggregated over a
5-second window into a structured context record.
The aggregation is signal-specific: actions are
selected by majority vote from the R(2+1)D-18
rolling-buffer classifier, with an action stability
score used to flag possible activity switching when
the dominant label covers less than 50% of the win-
dow. Emotion is summarised using the dominant
OpenFace3 label, an expression distribution, and
an optional trajectory field when the dominant emo-
tion changes between the first and second half of
the segment. YOLO object detections are dedu-
plicated by label, ranked by average confidence,
and filtered using a 30% presence-ratio threshold
to remove transient detections. Gaze behaviour is
represented through a focus ratio and the number
of unique gaze targets, allowing the system to dis-
tinguish sustained attention from scattered explo-
ration. Age and gender estimates from MiVOLO
are aggregated over four successful inference runs,
scheduled every eight person-detection frames, and
then cached until the demographic lock is reset.

The resulting context record is used to generate
the robot’s spoken response. A VLM (Gemma3-
4B via Ollama) runs in parallel on the segment
keyframe to provide high-level toy and activity
hints, while a locally deployed LLM (Qwen2.5-3B-
Instruct via Ollama) produces a four-line caregiver-
style response: (1) a warm observation, (2) a gentle
invitation, (3) a playful question, and (4) an en-
couraging follow-up. The final text is converted to
speech using Piper TTS and delivered by the robot.
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triggers Reset

TIER B — Cadence Gate (sliding window buffer · skips frames with no detection)

Object Detection

YOLO persons +
objects

bbox, confidence,
labels

stable toy detection
is required for

object joint
attention

Colour 
Analysis

Dominant
palette,
region
activity,
scene

context

Action recognition 

temporal clip buffer, running, 
idle, clapping, 

playing
inference every action_stride

frames (default: 16) · clip
buffer accumulates every

frame · label held between
inference runs

Facial Expression Analysis
 

emotion labels, AU
valence, arousal
every 5 frames

Note: default every 5 frames, but
with --sixdrepnet: every

processed frame

4 Runs

Warm-up Lock

accumulate 4 inferences
mean age · majority is_child

mode gender
→ freeze for session

Cadence Fire Rule

N frames elapsed → dispatch Tier B workers
MiVOLO: first 4 fires (~4 s) then lock
reset_age_lock() → new session OR primary-
track switch
results cached between cadence fires

Sliding Window Buffer

accumulates per-frame
metrics: emotion, gaze,  AU, age, 
gender
skips frames with no face detected
continues until cadence fire event

FRAME LOOP

Keyframe Capture

JPEG saved to disk
once per 5 s segment

at 25% mark

SEGMENT SUMMARY (every 5 s)

Expression Pipeline
dominant emotion (majority vote)

+ expression_distribution: normalised emotion
counter

+ expression_trajectory: first half vs second half
(written only when emotion changes across segment)

Action Pipeline
dominant action (majority vote)

+ action_stability score (0.0 to 1.0)
flags "switching between activities" when below 0.50

Objects / Colour Block
YOLO detections, avg_confidence, dominant colour

+ presence_ratio filter:
objects below 30% of frames excluded

Temporal Aggregation
age/gender (session-cached, warm-up lock)

+ gaze_focus_ratio (0.0 to 1.0)
+ gaze_unique_targets count

sustained focus: ratio above 0.70
scattered attention: ratio below 0.40 and 4 or more

targets
headpose_6drepnet, head_direction_6drepnet

joint_attention_pipeline
Vision Hints (VLM)

         top-1 hint + rationale
         when child interacts with object

Speech Pipeline

segment summary →
scenario_builder.py: prompt

composition →
LLM speech text generation →

TTS playback
(Piper / Kokoro / Zenbo)

Robot Response

TTS audio, 
LLM dialogue,

real-time,
engagement

1× per segment

Vision VLM (Async)

Ollama 
structured JSON output: 
top_item, main_action
top_activity, question 

Segment
Accumulation

5-second windows

buffer scene dicts

...

Finalize every 5 s

TIER A — Main Thread  (Synchronous every frame  ~30 fps)

★ Track Lifecycle Hook
_select_primary_track_id()
→ largest bbox = primary person
10-frame streak confirmation
new primary → reset_age_lock()

Attention Target
Estimation

6DRepNet head pose
+ OpenFace gaze +

RealSense depth
→ attention_angles,

gaze_target,
child_focus_pipeline

Tracker

Persistent
track_id, Re-

ID on re-
entry, BBox

continuity for
action model

Age and gender prediction
 

 

age_years, age_group, is_child,
gender

warm-up then lock

Per-Frame
Scene Dict

Timestamp

Track_id

bbox  

Expression_vector

Action

Gender

Age group

Object name 

 Dominant colour

Attention Fusion
6DRepNet head pose = primary child cue
OpenFace gaze = supporting cue
RealSense depth = optional 3D target check
→ camera_center / offscreen / unknown / object target

Object Joint Attention
child_target + robot_target

→ shared / not shared
requires stable object detection and

explicit robot target

6DRepNet Head Pose

Input: face_bbox crop
(6DRepNet

uses  face_bbox from

OpenFace3/cached face

info.)

Output: pitch, yaw, roll
→ head_direction_6drepnet

→ 3D pose cube overlay
saved in live video, segment

images, NDJSON

TIER B — Asynchronous Workers (cadence-gated · cached between fires)
runs in parallel with Tier A · results collected synchronously within same frame via .result() · parallelism is intra-frame with Tier A · results

cached between cadence fires

TIER A — Main Thread · Synchronous ·
Every Frame ~30 fps

TIER B — Asynchronous Workers · Cadence-Gated
· Cached between fires

TIER B — Cadence Gate · Sliding Window
Buffer

TIER C — Segment Summary · Vision LLM ·
Robot Response

Vision-Language Model 

Optional primary enrichment — runs once per segment on keyframe
JPEG. Structured JSON output (toy_set, set_pieces, engagement,

play_idea, question) written to vision_hints.llm_vision in NDJSON.
Skipped when --vision_llm_enrich is not active; speech pipeline falls back

to YOLO-only context.

INPUT

LIVE CAMERA
RealSenseD435i (RGB +

depth) 

Figure 1: WordMate-CRI. Tier A (main thread, every frame) performs person detection, multi-person tracking,
action recognition (rolling buffer with a 16-frame stride in the reported deployment benchmark), and head orientation
estimation. Tier B (asynchronous background workers) refreshes facial affect and gaze every 5 person-detection
frames and estimates age and gender every 8 person-detection frames, locking the latter after 4 successful inference
runs. Tier C aggregates Tier A and B outputs once per 5-second segment, triggering VLM scene enrichment and
spoken response generation.

4 Materials and Experimental Setup

4.1 Hardware
The pipeline ran on an NVIDIA Jetson AGX Orin
64GB Developer Kit as the main onboard compute
unit. Visual input came from an Intel RealSense
D435i RGB-D camera, providing aligned colour
and depth streams for scene understanding and
gaze-to-object association. Responses were played
through a USB stereo speaker. Offline development
and evaluation used a Windows workstation with
an NVIDIA RTX 5000 Ada Generation Laptop
GPU.

4.2 Software and AI Framework
We implemented the pipeline in an isolated Conda
environment to support reproducible execution
across both platforms. Visual perception com-
bined YOLO object detection, Norfair tracking,
R(2+1)D-18 action recognition, OpenFace3 facial
analysis, 6DRepNet head-pose estimation, and a
custom RGB-D gaze-to-object association module.
MiVOLO provided demographic estimates after a
short warm-up period. Responses were generated
via Qwen2.5-3B-Instruct through Ollama, vision-

language enrichment by Gemma3-4B, and spoken
output synthesised using Piper TTS.

4.3 Evaluation Design

4.3.1 Dataset and Settings

The response evaluation uses six proxy toy-
play clips depicting block building, cup stacking,
picture-book interaction, toy-kitchen play, doctor-
kit play, and racetrack play. Each clip is 10 seconds
long at 30 FPS and 640 × 480 resolution, giving 60
seconds of footage. Two approximately five-second
windows per clip yield 12 scene segments. Evaluat-
ing each segment under eight named conditions pro-
duces 96 response records. Child demographic con-
text is assigned for response generation and is not
a measurement of the performers’ ages. Recorded
benchmarking processes saved video, whereas live
benchmarking processes camera input on the Jet-
son AGX Orin and Windows workstation. The live
evaluation contains five segment records per Jetson
condition and three baseline/four proposed records
on Windows. These counts describe timing records,
not independent participants or matched repetitions
of the same scene.
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4.3.2 Ablation Study

The response study examines how changes to the
available perceptual context affect scene-grounded
caregiver-style language. Each generated response
is evaluated against the same human-reviewed
ground-truth reference for its scene segment across
all conditions. This ground-truth reference com-
prises a verified scene description, an example of
a contextually appropriate child-directed response
for that scene, and scene keywords.

Ground-Truth: Ground truth was created from
the output generated by running the WordMate-CRI
across all six recorded clips. For each toy segment,
saved frames, segment NDJSON files, VLM hints,
generated responses, and prompt/response tables
were manually reviewed. The ground-truth JSON
was then refined where needed so that the scene
description, reference caregiver response, and key-
words reflected what was visible in the scene. This
was necessary because automatic detections some-
times produced noisy labels, such as identifying
colourful blocks as a skateboard or a bottle, which
were not present in the scene. The human-reviewed
ground truth was therefore used as the verified
scene reference. It included a caregiver-style ref-
erence response, written as a warm observation,
gentle invitation, playful question, and encourag-
ing follow-up, together with scene keywords such
as the toy object, action, and play activity. The
ground-truth reference for each segment was ini-
tialised automatically from the recorded scene out-
put and then manually reviewed against the cor-
responding video, saved frames, and VLM hints.
Fields that visibly conflicted with the clip were
corrected. These human-reviewed references were
then used to evaluate the system’s generated re-
sponses.

Ablation Conditions: Each segment was eval-
uated under the WordMate-CRI and seven ab-
lated conditions. WordMate-CRI retained all avail-
able segment information and served as the base-
line. There are seven ablation conditions: no ac-
tion recognition (-Action), no emotion detection
(-Emotion), no gaze and focus-target information (-
Gaze), no age and gender (-Age/Gender), no VLM
scene hints (-Vision LLM), no object detections
(-Object), and retention of solely object detections
(Obj. only). These conditions were used to test
how each signal affected robot response based on
scene recognition.

Five of the seven conditions, namely no action

recognition, no emotion detection, no gaze and
focus-target information, no age and gender, and
no object detections, remove one perceptual signal
at a time in order to isolate its marginal contribution
to the generated response, following a leave-one-
out design. The remaining two conditions test the
extremes of visual-semantic grounding, directly
motivated by the design question raised in Section
3.1 of whether a modular pipeline is preferable to
interpretation based solely on the vision-language
model: the no-VLM-scene-hints condition removes
that enrichment step entirely, while the objects-
only condition retains solely object-detection evi-
dence. Because VLM scene hints are themselves
partly derived from detected objects, the no-object-
detections condition removes both the object list
and the associated VLM hints together, and is there-
fore best read as a combined removal of object-
derived evidence rather than an isolated test of ob-
ject detection alone.

Evaluation Metrics: Each condition was evalu-
ated using four complementary metrics. The Scene
Grounded Score (SGS) was used as the primary
measure of response quality and scene faithfulness,
while SGS degradation, hallucination rate, and Key-
word Hit Rate (KHR) were used to examine ground-
ing loss, error patterns, and lexical overlap. SGS is
an automated score, normalised between zero and
one, computed from five weighted components,
namely object grounding, action grounding, scene
consistency, developmental-language appropriate-
ness, and caregiver-response format, each contribut-
ing up to two points, from which a hallucination
penalty of up to two points and a generic-language
penalty of up to one point are subtracted; it re-
flects the alignment between a generated response
and the verified scene and response format, and
is not a validated measure of child language de-
velopment. KHR is a particularly important pa-
rameter that ensures correct labelling responses by
the robot to promote children’s word learning, as
it is the proportion of reference scene keywords,
matched through lemma-level overlap, that appear
in the generated response, a lexical-coverage mea-
sure rather than a semantic one, reported alongside
SGS rather than in its place. Correct object and ac-
tion labelling in caregiver speech is the mechanism
by which KHR connects to word learning (Yu et al.,
2019; Schroer and Yu, 2023).

The ablation study in this section was run with
the implementation’s default action-recognition
stride of 8 frames, distinct from the stride of 16
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Metric Description
Per-frame processing
time

Defined as the mean duration of
analyze_frame() over a segment, mea-
sured by T1_mean_frame_ms. It indicates
the frame-level cost of visual processing.

Frames per second (FPS) Calculated as 1000/T1_mean_frame_ms.
It measures visual-processing throughput and
is used to assess performance against the 15
FPS Jetson live target.

Vision processing time Defined as vision_proc_ms = T2 − T0,
measuring the wall-clock time from the first
frame of the segment to segment finalisation.

Speech pipeline latency Defined as pipeline_ms = T7 −
Tseg_read, measuring the delay from seg-
ment pickup to the first spoken word.

System latency Defined as system_latency_ms =
vision_proc_ms + pipeline_ms. It
summarises visual processing and speech-
generation latency while excluding robot
turn-taking time.

Table 1: Evaluation metrics used in Latency analysis.

frames used in the latency benchmark of Section
5.2; both reflect the same rolling-buffer mechanism
at different sampling rates.

4.3.3 Latency Benchmark: Per-Frame
Baseline versus WordMate-CRI

The timing study compares the per-frame baseline
with WordMate-CRI using the recorded and live
input settings described above. Table 1 defines the
five reported timing measures. We deployed 15
FPS as a practical target for live visual-processing
throughput on the Jetson, informed by (Park et al.,
2025), who identified rates above 15 FPS as suit-
able for balancing responsiveness and perceptual
capability in general HRI. This is an engineering
benchmark for our deployment, rather than a vali-
dated minimum for child–robot interaction.

5 Results and Discussion

The ablation study showed that VLM scene enrich-
ment and object evidence contributed most strongly
to scene-grounded response quality (Section 5.1).
Alongside these response-quality findings, the
latency benchmark showed that cadence-based
scheduling improved visual-processing throughput
and reduced system latency, enabling live Jetson
deployment to exceed the adopted 15 FPS target
(Section 5.2). However, because response quality
was not directly compared between per-frame and
cadenced processing, these results do not establish
accuracy preservation.

5.1 Ablation Study Results
The SGS results in Figure 2 show that WordMate-
CRI (Full) consistently achieved strong scene-
grounded response quality across all six toy scenar-
ios, with a mean SGS of 0.967 across the twelve

WordMate-CRI Action Emotion Gaze Age/Gender Vision LLM Objects Obj. Only
Ablation Condition
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Figure 2: Scene Grounded Score across ablation condi-
tions for each toy type.

evaluated segments. Removing action, emotion,
gaze, or demographic information produced only
minor changes, with mean SGS values of 0.958,
0.967, 0.950, and 0.992 respectively, suggesting
these modalities had limited effect on core scene
recognition, though they may still shape response
detail. Larger reductions appeared when visual-
semantic grounding was weakened: removing
VLM context dropped the mean SGS to 0.733, re-
moving object detections to 0.775, and the objects-
only condition produced the lowest score at 0.567.
This confirms that high-level visual interpretation
and object evidence are complementary — object
labels contribute useful grounding, but are not suf-
ficient on their own for a contextually appropriate
robot response.

The hallucination-rate Figure 3 results help ex-
plain the SGS reductions observed in the more
severe ablations. When scene grounding was weak-
ened, the model did not simply become less spe-
cific; in several cases it shifted towards an entirely
different but plausible play scenario. In the Mega
Blocks clips, for instance, the verified activity was
block stacking, yet some ablated responses referred
to a skateboard or bottle, likely because the colour-
ful block structure was mislabelled by lower-level
detectors. Without VLM hints to correct this, the
model followed the noisy cues. Similar drift was
observed across other toys: stacking cups responses
moved towards ball play, toy kitchen clips occa-
sionally shifted to ball rolling, and racetrack clips
drifted towards cups, bubbles, or cooking-related
language. Although these responses remained plau-
sible within a child-play setting, they were not faith-
ful to the verified scene.

The KHR shown in Figure 4 supports the SGS
findings but also reveals why lexical overlap alone
is an unreliable evaluation measure. The full
pipeline sometimes received a lower KHR than
an ablated condition because KHR rewards only
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Figure 3: Rate of hallucinated object, activity, or scene
mentions by ablation condition and toy type. Each toy-
condition combination is computed from two evaluated
responses, so plotted values fall at 0%, 50%, or 100%;
they reflect rule-based hallucination flags rather than a
fine-grained or exhaustively human-annotated rate.
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Figure 4: Keyword Hit Rate across ablation conditions
for each toy type.

exact or normalised keyword matches. A contex-
tually appropriate response using “pieces”, “goes
on top”, or “make it taller” scores lower than one
that mentions “blocks” by chance while describ-
ing the wrong activity entirely. KHR can also dip
in the full condition when noisy automatic detec-
tions — an incorrect gaze target or a mislabelled
object — are included in the prompt and the model
partially follows them. Removing that noisy field
can therefore produce a cleaner keyword match
without improving actual scene recognition. Such
occasional improvements under ablation should not
be read as evidence that the removed modality is
harmful; they point instead to the need for confi-
dence weighting and conflict resolution between
low-level detections and VLM interpretation.

Overall, the ablation results show that the
pipeline benefits from multi-source visual context,
though modalities contribute unequally. VLM en-
richment provides the strongest grounding signal,
and its removal causes the largest quality drop. Ob-
ject detections add value, but mainly when inter-
preted alongside wider scene context. The uneven
contribution of some modalities likely reflects the
fact that the underlying perception models were not

trained for young children, caregiver–child interac-
tion, or toy-rich settings, which contributes to noisy
detections and occasional grounding errors. These
findings highlight the importance of confidence
weighted prompt construction and better conflict
resolution between low-level detections and VLM
interpretation as clear priorities for future work.

5.2 Latency Results
Figure 5 summarises latency across both platforms,
Windows and Jetson, using recorded-video and
live-camera inputs, covering offline processing be-
haviour and real-time deployment performance.

In the recorded video, the WordMate-CRI im-
proved mean FPS from 7.2 to 29.7 on the Jetson
and reduced system latency from 21.90s to 8.13s.
A similar trend was observed on Windows, where
FPS increased from 7.0 to 17.6 and system latency
decreased from 24.14s to 10.88s. These results
indicate that the cadence strategy removes unneces-
sary per-frame computation across both platforms.
The stage-level results show that the main savings
come from frame processing and vision-side com-
putation. Other stages, particularly LLM genera-
tion and TTS, still contribute noticeably to over-
all delay, especially when responses are longer or
speech synthesis takes more time to produce the
first line. Therefore, the WordMate-CRI should
be understood as a visual scheduling improvement
that makes the interaction pipeline more practical
on edge hardware, rather than a complete solution
to all latency sources.

The live-camera provides the most important de-
ployment evidence. On the Jetson AGX Orin, the
per-frame baseline achieved only 4.3 FPS, whereas
the WordMate-CRI reached 18.2 FPS, exceeding
the 15 FPS live target for robot deployment. The
same improvement is reflected in per-frame pro-
cessing time, which dropped from 235.9 ms to
60.0 ms. This shows that the WordMate-CRI strat-
egy changes the live system from a low-frame-rate
pipeline into one that can maintain adequate tem-
poral sampling during child play. Windows live
input also improved from 2.0 to 9.5 FPS, though
it did not reach the 15 FPS target, suggesting the
Windows live-camera path remains more variable.

The speech pipeline results are more nuanced.
On Jetson live input, speech pipeline latency was
1133.9 ms under the WordMate-CRI, compared
with 1021.7 ms for the baseline. This slight in-
crease does not undermine the cadence strategy,
as the method is designed to reduce vision-side
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Figure 5: Latency for the per-frame baseline and WordMate-CRI on Windows and Jetson platforms. WordMate-CRI
improves visual-processing throughput and enables the Jetson live deployment to exceed the 15 FPS target, while
system latency is reduced despite remaining LLM and TTS costs. FPS is averaged from the reciprocal of each
segment’s mean frame time. Live-condition sample counts are five records per Jetson condition and three (baseline)
or four (proposed) per Windows condition; stage-latency bars show mean plus or minus one standard deviation

computation rather than shorten LLM or TTS gen-
eration. Importantly, the WordMate-CRI keeps the
post-segment response delay close to one second
while greatly improving live frame throughput.

On Jetson live input, system latency decreased
from 6411.5 to 5844.5 ms. The smaller reduction
relative to the FPS gain reflects the fixed real-time
segment window: the cadence strategy does not
make a five-second segment arrive earlier, but it
allows the system to process it with substantially
less computational pressure. The Jetson live result
is therefore the key deployment finding, with the
recorded-video benchmark providing supporting
evidence across the six toy clips.

6 Conclusion

Building a robot that keeps up with a child’s atten-
tional focus during play is as much a scheduling
problem as it is a recognition problem. Not all
information a robot needs to perceive changes at
the same speed, and treating all cues as if they de-
served equal computational attention is wasteful on
the edge hardware that real deployments depend
on. WordMate-CRI increased live Jetson through-
put from 4.3 to 18.2 FPS. In the separate response
evaluation, the full-context condition achieved a
mean scene-grounded score of 0.967. That said, the
perception models were not built with children or

toy-play in mind, and LLM generation and speech
synthesis still carry latency the cadence strategy
does not address. Future work should bring the
perception models closer to child-centred environ-
ments and develop principled conflict resolution be-
tween low-level detections and VLM interpretation.
What the results establish clearly is that temporal
scheduling deserves to sit alongside model selec-
tion and multimodal fusion as a first-class design
decision in child-robot perception.

6.1 Limitations

This study is an initial feasibility evaluation based
on a small set of controlled toy-play scenarios. The
current pipeline does not yet process children’s
speech or other auditory input; augmenting the
pipeline accordingly in the future will add further
important information about children’s communica-
tive intentions. Most of the perception components
in the pipeline are pretrained models, including
YOLO for object detection, R(2 + 1)D-18 for ac-
tion recognition, OpenFace3 for gaze and facial
expression analysis, 6DRepNet for head pose and
MiVOLO for age and gender estimation. These
models were not specifically trained for young chil-
dren, caregiver–child interaction, or toy-rich play
settings, which may explain some noisy detections
and grounding errors. Furthermore, reference re-
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sponses were reviewed by a single annotator who
also inspected the system’s generated outputs dur-
ing the same pass, so the evaluation is not blind to
model output, and no independent inter-annotator
check was performed. Future work should collect
child–caregiver interaction data to refine the ac-
tion model and adapt object detection to toys and
materials commonly found in child-centred envi-
ronments. Larger and more diverse data would also
support confidence weighting, conflict resolution
between low-level detections and VLM hints, and
stronger evaluation in real-world CRI settings. Fi-
nally, although WordMate-CRI reduces vision-side
computation, LLM generation and text-to-speech
remain sources of latency that require further opti-
misation.
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Abstract

Humor recognition in conversations is a highly
challenging task due to its reliance on context,
sarcasm, timing, and multimodal cues. While
several humour datasets exist for English,
resources for Indic languages like Hindi
remain little scarce, limiting the development
of culturally aware conversational AI systems.
To address this gap, we introduce a new
multimodal dataset for humour detection from
conversational dialogues. The dataset consists
of 5203 annotated utterances of 2 season con-
taining 8 episodes each from a popular Indian
web series “Panchayat”. Utterances are kept
in their original Devanagari script as spoken in
the series, without transliteration or standard-
ization into pure Hindi, to retain the natural
conversational tone and cultural nuances.
Each utterance is annotated with a binary
humour label (Humour / Not Humour) and
includes aligned textual, acoustic and visual
information, making it suitable for multimodal
and context-aware humour research. Our ex-
periments highlight the complementary nature
of multimodal signals and the importance of
conversational context in understanding Hindi
humour. This dataset is expected to promote
research on computational humour, sarcasm
detection and multimodal dialogue under-
standing for low-resource languages. The
dataset and baselines are available at https:
//huggingface.co/datasets/Abhis4e/
Panchayat-multimodal-dataset
and https://github.com/
singhbishtabhishek/
Multimodal-Dataset.

1 Introduction
Humor is a subtle and context dependent aspect
of human communication that is often difficult
to detect automatically (Kalloniatis and Adamidis,
2025; Purandare and Litman, 2006). In conver-
sational settings humor is not conveyed through
text alone but is also influenced by tone of speech,

timing and speaker interactions (Bertero and Fung,
2016; Lee et al., 2016). Relying only on textual
content can miss important cues especially in dia-
logues where the same sentence may or may not be
humorous depending on delivery of speaker. This
makes humor detection particularly challenging in
real world scenarios where multiple modalities like
text, audio and visual signals jointly contribute to
signal a dialogue as humourous or not (Hasan et al.,
2019; Tsai et al., 2019; Baltrušaitis et al., 2019).

This challenge is amplified in Hindi con-
versational data which is typically informal,
noisy(spoken) and reflective of natural spoken us-
age rather than standardized language. Utterances
often include mixed vocabulary, transliterated ex-
pressions and speaker-specific styles, making the
task more complex than working with clean text
(Chauhan et al., 2021, 2022). These challenges
motivated us to investigate humor detection in
real-world Hindi conversational data using a mul-
timodal dataset.

For this study we introduce a multimodal Hindi
conversational dataset consisting of code-mixed ut-
terances written in Devanagari script along with
textual dialogues, audio and visual modalities. The
dataset captures natural conversational characteris-
tics such as informal expressions, speaker interac-
tions and context dependent humor making it suit-
able for real-world analysis. The main contribu-
tions of this work are as follows:

• We introduce a multimodal Hindi conversa-
tional dataset of 5203 utterances written in
Devanagari script, containing natural code-
mixed.

• We conduct a comprehensive study of humor
detection using unimodal and multimodal ap-
proaches, including classical machine learn-
ing models, neural baselines, and advanced
multimodal architectures.
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• We systematically compare early fusion, late
fusion, and cross-modal representation learn-
ing approaches for humor detection.

2 Dataset
We collected data from the popular Indian web se-
ries “Panchayat” and manually annotated each ut-
terance with humour and not humour labels, fol-
lowing prior multimodal humor dataset construc-
tion approaches (Hasan et al., 2019; Chauhan et al.,
2021; Guo et al., 2024). The utterances are re-
tained in their original Devanagari script, includ-
ing naturally occurring code-mixed and transliter-
ated English words without any normalization or
transliteration. Each utterance having humour(1)
in some kind of tone or visually was marked as
humour else was marked not humour(0). Table 1
shows details about dataset.

Table 1: Dataset Statistics

Description Statistic
Total Utterances 5203

Total Words 47289

Unique words 5733

Max Utterance Length 39

Min Utterance Length 1

Humour 1612

Not Humour 3591

Speakers 91

Max Video Length 14.56 s

Min Video Length 0.28 s

Total duration 8.91 Hours

3 Challenges
We initially employed an automatic speech recog-
nition (ASR) system, Whisper for generating tran-
scripts from the video data (Radford et al., 2023).
While Whisper provides strong performance for
multilingual speech recognition but it showed lim-
itations in accurately transcribing Hindi conversa-
tional data in our dataset.

A significant challenge was the incorrect tran-
scription of several Hindi words and code-mixed
utterances. Many spoken words were either incor-
rectly recognized or replaced with semantically un-

related tokens, particularly in noisy or fast-paced
dialogues.

Due to these limitations the automatically gener-
ated transcripts required extensive manual correc-
tion to ensure fidelity to the original spoken con-
tent. This manual intervention was necessary to
preserve the authenticity of utterances and main-
tain consistency across the dataset.

These challenges highlight the difficulty of ap-
plying general purpose ASR systems to informal
code-mixed Hindi conversational data.

4 Annotation Guidelines
Three experienced annotators were involved in la-
beling each utterance as Humour or Not Humour.
Detailed annotation guidelines were provided to
ensure consistency in understanding humour cri-
teria and to reduce subjectivity in labeling. Prior
to annotation, the annotators were trained on the
labeling procedure and criteria for identifying hu-
morous content. Utterances exhibiting sarcasm,
situational comedy, exaggerated expressions or hu-
morous delivery in tone and visual context were la-
beled as Humour while all other utterances were
labeled Not Humour. To evaluate inter-annotator
agreement, Fleiss’ Kappa (Fleiss, 1971) was com-
puted over all labeled utterances. The annotation
process achieved a Fleiss’ Kappa score of 0.78, in-
dicating substantial agreement among annotators
and ensuring the reliability of the dataset.

5 Baseline methods
To evaluate the effectiveness of the dataset we per-
formed set of experiments using several baseline
models ranging from traditional machine learning
methods to advanced multimodal architectures.

5.1 Logistic Regression (LR)
Logistic Regression is used as a classical baseline
for humor classification (Baltrušaitis et al., 2019).
It learns a linear decision boundary to distinguish
between humorous and non-humorous utterances.
The model is trained on features extracted from in-
dividual modalities (text, audio, and visual) as well
as their combinations to provide a simple yet effec-
tive benchmark.

5.2 Multilayer Perceptron (MLP)
Multilayer Perceptron (MLP) is a feed-forward
neural network used to model non-linear relation-
ships in the input features. Compared to Logistic
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Figure 1: Samples from the dataset.

Regression, MLP can capture more complex pat-
terns across modalities. The model is trained on
unimodal and multimodal feature representations
to evaluate the benefit of non-linear feature learn-
ing.

5.3 Early Fusion
In early fusion, features from different modalities
(Baltrušaitis et al., 2019) are concatenated at the
input level to form a unified representation. This
combined feature vector is then used to train a clas-
sifier. Early fusion enables joint learning across
modalities but does not explicitly model interac-
tions between them. Early Fusion uses learned per-
modality projection layers with softmax-weighted
combination, trained for 150 epochs with AdamW
and cosine LR annealing.

5.4 Late Fusion
Late fusion combines predictions from individual
modality-specific models (Rahman et al., 2020).
Each modality is first processed independently,
and their outputs are aggregated to produce the fi-
nal prediction. This approach allows each modality
to contribute separately while enabling flexible in-
tegration at the decision level. Unimodal rows in
Table 3 are obtained from the same fusion archi-
tecture with non-target modalities masked to zero
at the input, rather than separately trained single-
modality models.

5.5 Cross-Modal Transformer (CMT)
The Cross-Modal Transformer (CMT) is a
transformer-based architecture (Tsai et al., 2019)
to capture interactions across different modalities
using attention mechanisms. It models depen-
dencies between text, audio, and visual features,
allowing the system to learn richer multimodal
representations for humor detection.

5.6 Disentangled Multimodal Representation
Model (DMR)

The Disentangled Multimodal Representation
Model (DMR) adapts the shared-private disentan-
glement architecture of MISA (Hazarika et al.,
2020) by separating common and unique informa-
tion across modalities. We omit the cross-modal
similarity (invariance) loss between shared repre-
sentations and use a simpler concatenation-based
fusion in place of a transformer fusion layer. We
retain the descriptive name DMR to reflect this
simplified task-specific adaptation.

6 Features Extraction
For textual feature extraction, we use the pre-
trained MuRIL (Khanuja et al., 2021) to obtain con-
textual embeddings for each utterance, where the
[CLS] token representation is used as the sentence-
level feature. For acoustic features, we employ
a pre-trained HuBERT (Hsu et al., 2021), which
extracts frame-level representations that are aggre-
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gated using mean and max pooling to obtain fixed-
length embeddings. For visual features, we use a
pre-trained VideoMAE (Tong et al., 2022) model,
where uniformly sampled frames from each video
clip are processed to generate spatio-temporal rep-
resentations, followed by mean pooling. All fea-
tures are L2-normalized to ensure consistency
across modalities.

7 Experiments and analysis
We evaluate the effectiveness of the dataset using
multiple baseline models across different modality
combinations. All experiments are conducted us-
ing 5 fold cros validation to ensure robustness and
reduce bias due to data splits.

The feature representations for text, audio, and
visual modalities are extracted using pre-trained
models and standardized before training. For
multimodal experiments, different combinations
of modalities (T, A, V) are evaluated, including
unimodal, bimodal, and trimodal settings. Class
imbalance in the dataset is handled using class-
weighted loss. We report Accuracy (A), Precision
(P), Recall (R), and F1-score (F1) as evaluation
metrics for humor classification.

7.1 Results and Analysis
We evaluate all models under different input con-
figurations including unimodal (T, A, V), bimodal
(T+A, T+V, A+V), and trimodal (T+A+V).

For LR and MLP, MLP consistently performs
better than LR across most settings. In unimodal
cases, MLP achieves an accuracy of 67.23% (T),
61.62% (A), and 59.49% (V), whereas LR achieves
61.37% (A+V) as its best unimodal/bimodal per-
formance. In the trimodal setting, LR achieves
61.35% accuracy and 59.86% F1-score, while
MLP achieves higher values with 65.19% accuracy
and 60.32% F1-score. We show the results in Table
2

Table 2: Results of Logistic Regression and Multilayer
Perceptron

Labels LR MLP
A P R F1 A P R F1

T 56.91 57.46 58.70 55.51 67.23 60.19 58.14 54.46
A 60.18 60.37 62.11 58.75 61.62 57.42 58.00 57.10
V 58.12 56.25 57.23 55.52 59.49 56.39 56.92 55.52

T+V 58.47 56.69 57.74 55.93 63.56 60.83 60.63 58.61
T+A 60.22 60.45 62.20 58.80 65.00 59.89 60.06 59.50
A+V 61.37 61.22 63.11 59.85 62.02 58.37 59.31 58.31

T+A+V 61.35 61.26 63.16 59.86 65.19 60.69 60.93 60.32

Table 3: Results for Early and Late fusion

Labels Early fusion Late fusion
A P R F1 A P R F1

T 62.58 63.09 65.23 61.31 63.02 63.65 65.95 61.87
A 63.18 58.41 58.98 58.54 63.69 58.92 59.54 59.09
V 59.83 57.34 58.41 56.90 60.08 57.45 58.52 57.10

T+V 64.85 63.12 65.18 62.71 64.54 62.84 64.88 62.41
T+A 65.65 62.08 63.43 62.25 64.79 61.26 62.58 61.40
A+V 64.23 60.20 61.22 60.35 64.71 60.08 60.81 60.29

T+A+V 66.90 63.18 64.55 63.45 65.56 62.16 63.61 62.32

Table 3 shows Early Fusion achieves 66.90% ac-
curacy and 63.45% F1-score in the T+A+V set-
ting. Late Fusion achieves slightly lower per-
formance with 65.56% accuracy and 62.32% F1-
score in the same configuration. In unimodal set-
tings, Early Fusion achieves 62.58% (T), 63.18%
(A), and 59.83% (V) accuracy, while Late Fusion
shows 63.02% (T), 63.69% (A), and 60.08% (V)
accuracy.

Table 4 results show CMT achieves its best per-
formance in the trimodal setting with 67.69% ac-
curacy and 68.06% F1-score. DMR achieves the
highest overall results with 69.04% accuracy and
69.11% F1-score in the T+A+V configuration.

Table 4: Results for Cross-Modal Transformer and Dis-
entangled Multimodal Representation Model

Labels CMT DMR
A P R F1 A P R F1

T 66.73 68.92 66.73 67.44 66.10 69.76 66.10 67.16
A 61.62 64.89 61.62 62.73 62.41 65.68 62.41 63.51
V 57.52 65.00 57.52 59.04 61.18 63.70 61.18 62.10

T+V 67.44 67.45 67.44 67.35 68.23 69.37 68.23 68.68
T+A 67.86 68.26 67.86 67.87 68.19 68.99 68.19 68.53
A+V 64.25 65.83 64.25 64.71 64.94 65.80 64.94 65.32

T+A+V 67.69 68.84 67.69 68.06 69.04 69.27 69.04 69.11
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Table 5: Some correct and incorrect predicted samples.

Actual
Predicted

No. Hindi Utterances Unimodal (T) Multimodal (T+V+A)

1 खाना वाना खा िलया आराम करते हैं यार Not Humour Humour Not Humour

2 अब एट्टी टू से नाइन्टी नाइन तो पहँुचने से रहा इस िंज͆दगी में Humour Not Humour Humour

3 ठीक है लेिकन बड़का ऊँगली तो आत्माराम के िलए ही रहेगा Humour Not Humour Humour

4 यू शुड लव व्हाट यू डूइंग Not Humour Not Humour Humour

5 चिलये सब लोग खाना तैयार है Not Humour Not Humour Humour

6 और गलती से हमने सड़क बना िदया तो उसकी छाती पे साँप लोट
जाएगा देख लीिजएगा

Humour Humour Not Humour

7.2 Overall Trimodel Comparison
We present the overall model comparison under the
trimodal (T+V+A) setting in Table 6 to evaluate
the effectiveness of different approaches. The re-
sults show that baseline methods such as LR and
MLP achieve comparatively lower performance
while fusion-based models provide consistent im-
provements. DMR achieves the best overall per-
formance, demonstrating a strong balance between
precision and recall.

Table 6: Overall trimodel Comparison

Model Acc Prec Rec F1
LR 61.35 61.26 63.16 59.86

MLP 65.19 60.69 60.93 60.32
Early Fusion 66.90 63.18 64.55 63.45
Late Fusion 65.56 62.16 63.61 62.32

CMT 67.69 68.84 67.69 68.06
DMR 69.04 69.27 69.04 69.11

8 Error Analysis
In this section we take and compare predictions of
samples from the dataset. We take some samples
that were predicted incorrectly by model to analyze
models strength and weakness in predicting a sam-
ple.

Table 5 shows some samples from dataset which
were predicted by the Unimodal and multimodal.
Comparision of Unimodal(text) is being done here
with multimodal to see where it fails to predict
Humour and Not Humour utterance. For under-
standing the context of dialogues they are trans-
lated in English (the dataset does not contains),
for example in Table 5 utterance number 1 ''खाना
वाना खा िलया आराम करते हैं यार'' (Had food and all,

let’s relax now, man.), here Abhishek is talking to
his friend Siddharth in relax tone with not much
facial expressions. The correct label is Not Hu-
mour but the unimodal(T) predicts this sample as
Humour whereas the multimodal predicts it cor-
rectly as Not Humour because of the tone and vi-
sual. The neutral tone and visual frame helps mul-
timodal to determine this correctly as Not Humour,
visual frames shown on figure 2 shows expressions
of speaker(Abhishek).

Figure 2: Utterance number 1 visual frames.

Also in utterance number 3 in Table 5 Pushpa
says ''ठीक है लेिकन बड़का ऊँगली तो आत्माराम के िलए
ही रहेगा'' (Okay, but the big finger will remain for
Atmaram only.) while saying this the facial visuals
in figure 3 can be seen as sarcastic and smirk like
face made while saying it, the multimodal catches
this correctly and predicts it correctly as Humour
unlike unimodal which predicted it Not Humour.

Figure 3: Utterance number 3 visual frames.
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While the multimodal predicted many samples
correctly it also struggled and failed to predict
some of the correct labels as shown in Table 5. Ut-
terance 5 speaker(Rinki) says ''चिलये सब लोग खाना
तैयार है'' (Come on everyone, the food is ready.),
unimodal fails to predict the correct label here be-
cause of the joyful and sarcastic facial features that
can be seen in fig 4, expressions of Rinki seems
sarcastic but was a normal line said by her.

Figure 4: Utterance number 5 visual frames.

Another wrong example from Table 5 is utter-
ance number 6 where speaker(Brij Bhushan) says
''और गलती से हमने सड़क बना िदया तो उसकी छाती पे
साँप लोट जाएगा देख लीिजएगा'' (And if by mistake we
build the road you will see that a snake will crawl
on his chest.), the actual label for this utterance is
Humour but the multimodal fails to predict it cor-
rectly because of the hyper, sad and angry tone and
visual expressions of Brij Bhushan. Figure 5 shows
visual frames and expression.

Figure 5: Utterance number 6 visual frames.

9 Conclusion
In this work, we presented a multimodal dataset for
humour detection in Hindi conversational data de-
rived from the web series “Panchayat” (8.91 hours
in length). The dataset preserves utterances in
their original Devanagari script as spoken, includ-
ing code-mixed and transliterated English words
without any normalization or translation ensuring
natural conversational characteristics.

We evaluated multiple baseline models across
unimodal, bimodal, and trimodal settings. Results
consistently show that multimodal approaches out-
perform unimodal ones, highlighting the impor-
tance of integrating textual, acoustic, and visual

cues for effective humour recognition. Among the
evaluated methods, advanced multimodal models
achieve the best performance, demonstrating the
benefit of modeling cross-modal interactions.

We plan to extend the HindiHumour dataset
with multi label annotations to capture the fine-
grained and multifaceted nature of conversational
humour. Each utterance with one or more hu-
mour categories including sarcasm, situational
comedy, irony, exaggeration, self-deprecation, etc.
enabling multi-task and multi-label learning ap-
proaches.
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Abstract

Whispering differs from voiced speech in the
lack of fundamental frequency (F0) and is char-
acterized by substantially reduced amplitude.
This production study investigates how head
movements are modulated in whispering when
speakers are visible or not, while producing
polar questions with rising intonation versus
statements with flat intonation. An experi-
ment with 15 German speakers shows that head
movements are more pronounced in questions
than in statements, with the strongest effects
observed in normal questions under mutual
visibility. The findings suggest head move-
ments serve as a flexible multimodal prosodic
resource, aligning with acoustic cues in normal
speech under favorable communicative condi-
tions while functioning independently as com-
pensatory mechanism in whispered speech.

1 Introduction

Communication extends beyond spoken language,
involving both auditory and visual channels. While
speaking, we synchronize head, face, hand, and
body movements with our speech, fulfilling com-
municative functions. These movements are
closely linked to acoustic prosody cues, emphasiz-
ing key information, marking rhythmic pauses, or
signaling sentence types intonation, as e.g. in ques-
tions versus statements (Cavé et al., 1996; Swerts
and Krahmer, 2004; House, 2002; Dohen and Lo-
evenbruck, 2008).

Among these various gestures, orofacial ex-
pressions and head movements such as eyebrow
raises, nods, and head tilts, have been shown to
carry prosodic information, complementing acous-
tic cues like F0. Research has consistently found
significant relation between F0 and both orofacial
and head movements. For example, changes in
eyebrow position have been linked to variations
in F0 (Cavé et al., 1996; Guaïtella et al., 2009),
while rigid head motions also reflect prosodic pat-

terns (Ishi et al., 2007; Yehia et al., 2002). Impor-
tantly, listeners can distinguish echoic questions
from declarative statements based solely on visual
head dynamics, even in simplified animations that
preserved only rigid head motion indicating that
head-motion cues alone can signal prosodic struc-
ture (Cvejic et al., 2010). In European Portuguese,
a downward head movement (head fall) charac-
terized yes–no questions, whereas statements dis-
played subtler pitch-like head motions (Cruz et al.,
2015).

However, speech communication may occur in
different settings, where speakers may adjust both
verbal and non-verbal behavior to contextual con-
straints, affecting gesture production. One key fac-
tor in this interplay between speech and gesture is
mutual visibility, a physical parameter that can im-
pose varying communicative constraints, affecting
speakers’ strategies to convey their intended mean-
ing effectively. Depending on whether the listener
can see the speaker, the latter must adapt their ver-
bal and non-verbal signals to the constraints of the
physical medium (Bavelas et al., 2008; De Ruiter
et al., 2012; Żygis and Fuchs, 2023).

The role of speakers’ mutual visibility in ges-
ture production has been subject of debate. Some
studies argue that gestures primarily serve the lis-
tener, leading to fewer gestures when the listener
is not visible (Bavelas et al., 1992; Krauss et al.,
1995; Alibali et al., 2001; Emmorey and Casey,
2001). In contrast, others (Rimé, 1982; De Ruiter,
1998; Mol et al., 2011) propose that gestures fa-
cilitate the speaker’s own speech production pro-
cesses rather than serving purely communicative
purposes, in which case visibility should have little
effect. Notably, these studies have predominantly
focused on voiced speech and specific types of ges-
tures such as pointing. The present study manipu-
lates speaker (in)visibility to examine how speech
and head movements interact in whispered speech
mode, where the lack of fundamental frequency
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(F0) imposes an extra communicative constraint.
In this mode, altered phonation produces voiceless
acoustic signals that can challenge speech intelligi-
bility.

Some earlier studies have examined the inter-
action between acoustic signals and orofacial ges-
tures in whispered speech, with no attention to
other body gestures such as head movements. For
instance, Dohen and Loevenbruck (2008) reported
that perception of focus in whispered French im-
proved when auditory and visual cues such as
eyebrow movements were combined. Tao and
Busso (2014) showed that lip movements enhanced
the accuracy of recognizing whisper. Żygis and
Fuchs (2023) revealed higher eyebrow raising in
whispered German questions. Similarly, Mahdi-
nazhad Sardhaei et al. (2022) showed that in Farsi,
facial expressions and word duration adjusted in
whisper to offset the absence of F0, while Mahdi-
nazhad Sardhaei et al. (2024) further showed that
longer word durations and specific orofacial ex-
pressions acted as compensatory mechanisms in
whisper to convey the intonation of a given sen-
tence type. Building on this foundation, our study
shifts the focus from orofacial expressions to head
movements, investigating whether they contribute
to intonational distinctions between yes–no ques-
tions and statements in whisper, where F0 is not
available.

This study will examine the interplay between
head movements and acoustic cues of prosody
across sentence types under the above-mentioned
constraints through the lens of two alternative
hypotheses. The first, the trade-off hypothe-
sis (Bangerter, 2004; Melinger and Levelt, 2004;
Van der Sluis and Krahmer, 2004; De Ruiter, 2006;
Van der Sluis and Krahmer, 2007), suggests that
speakers tend to use gestures to ease communica-
tive burden when verbal expression is difficult, but
rely on speech when gesturing becomes demand-
ing. The second, hand-in-hand hypothesis, pro-
poses that gestures are produced not solely for
communicative purposes but for the speaker’s own
cognitive or articulatory benefits. According to this
view, gestures go hand in hand with speech (Goldin-
Meadow, 2009; So et al., 2009). If the trade-off
hypothesis holds true, we might expect head move-
ments to compensate for the lack or distortion of
F0. While, a positive relationship between head
movements and acoustic parameters such as dura-
tion and mean amplitude would provide tentative
support for the hand-in-hand hypothesis.

To summarize, this study aims to examine the
composite (i.e., combined measures across pitch,
yaw, and roll axes) velocity and magnitude of head
movements, as well as their total extent of move-
ment. Our hypotheses are:

1. Different measures of head movement will
be greater in whispered questions than normally
spoken questions while speakers do not see each
other.

2. According to the trading hypotheses, we ex-
plore the following relations:

a. If the trade-off hypothesis holds true, we
might observe a negative correlation between
acoustic parameters (amplitude and sentence final
word duration) and different head movements.

b. Alternatively, if the hand-in-hand hypothesis
holds true, a positive correlation between acoustic
parameters and head movements might emerge.

2 Methods

2.1 Participants

Fifteen native German speakers (4 male, 11 female;
mean age = 33.15, SD = 12.60) with no motor,
hearing, or language impairments participated. All
had normal or corrected vision, provided informed
consent, and received monetary compensation.

2.2 Stimuli

The study used 40 German sentences, consisting of
20 structurally identical statement–question pairs
differing only in punctuation (question mark vs.
period). Target words appeared in sentence-final
position and were bisyllabic content words with ini-
tial syllable stress. Each initial syllable conformed
to a CVC structure, beginning with a bilabial stop
(/p/, /b/, or /m/) followed by unrounded vowels
(/a/, /E/, or /I/). Vowels differed in height, with
/a/ showing the widest lip aperture and (/I/) the
smallest. The target words were in sentence-final
position, where intonation rises in (polar) questions
and remains flat or falls in statements (for German,
see Grice et al., 2005). The experiment had two
contextual conditions: speech mode (normal and
whisper) and visibility (visible vs. invisible). In
the visible condition, participants and the confeder-
ate faced each other; in the invisible condition, an
artificial wall separated them. As the result, four
stimulus blocks were designed, each containing
sentences classified as questions or statements:

a. Normal speech: Speakers see each other,
speakers do not see each other.

41



b. Whisper speech: Speakers see each other,
speakers do not see each other.

To minimize order effects, both block presenta-
tion and sentence sequence within blocks were ran-
domized for each speaker. Each speaker produced
160 sentences in total (40 sentences × 2 visibility
conditions × 2 speech modes).

2.3 Data collection
The experiment was conducted in a soundproof lab
with video (Canon EOS1300D, 30 Hz) and audio
(Sennheiser ME62, 44,100 Hz) recordings. Partici-
pants rehearsed intonations before the session, with
a confederate. In the experiment, the confederate
produced either a question or a statement and the
informant responded with the opposite sentence
type intonation; questions followed statements and
vice versa. Thus, only intonation was modified
while sentence content and word order remained
unchanged. For example:

• Confederate: Er mag diese Piste. (“He likes
this slope.”)

• Informant: Er mag diese Piste? (“He likes this
slope?”)

To ensure accurate speech mode production and
proper prosody, the confederate (a trained native
German speaker who remained the same across all
sessions) practiced a few sentences with each par-
ticipant beforehand. Throughout the experiment,
this interlocutor monitored participants’ produc-
tions, and asked for repetitions when whisper qual-
ity or intonation was unsatisfactory. After data col-
lection, a second native German speaker reviewed
all utterances to verify intonational accuracy.

2.4 Data preparation
To align the timing of video and audio files of vary-
ing lengths, we used Adobe Premiere Pro 24.4
for synchronization. Audio recordings were an-
notated in PRAAT 6.4.20 (Boersma and Weenink,
2019), focusing on sentence-final words. Start
and end times from the PRAAT TextGrid were
extracted and used in a Python script to automat-
ically segment and trim the corresponding video
files. Using PRAAT 6.4.20, we manually labeled
the boundaries of the sentence-final word (on-
set/offset), stressed syllable (onset of initial stop
to syllable-final segment), and unstressed sylla-
ble (onset/offset). Our measurements included
(a) sentence-final word duration and (b) amplitude
difference (mean amplitude of the word-final mi-
nus word-prefinal syllable). Calculating amplitude

difference provided a normalized estimate of am-
plitude while partially reducing variability due to
speaker–microphone distance, although it does not
fully eliminate all sources of variation.

2.5 Measurement of head movement

To quantify head movement, we used OpenFace
2.0 (Baltrušaitis et al., 2018) to track facial struc-
tures. Videos of target words were processed at
29.969 FPS. OpenFace can track head movements
in radians per frame. Following OpenFace con-
ventions, we extracted head pitch (Rx, up-down
nodding), yaw (Ry, left–right rotation), and roll
(Rz, side-to-side tilt) to quantify head movements.
Our procedures for deriving the target measures of
head movements are as follows:

Velocity of head pitch, yaw, roll: The velocity
of head movements represents the rate of change
in head pose angles between consecutive frames,
measured per unit of time. To assess head move-
ment velocity over an entire word, we averaged
the measures to summarize movement for each tar-
get word over N frames. The mean velocity over
a word, considering N frames, was calculated as
follows:

1

N − 1

N∑

t=2

|Velocity(t)| (1)

Magnitude of head pitch, yaw, roll: To this end,
we defined a neutral baseline (nb) by averaging
of the first 3 frames. Over an entire word, we
calculated the mean absolute magnitude as:

1

N − 3

N∑

t=4

|PitchRx(t)− PitchRx(nb)| (2)

We also calculated composite measures which
captured overall movement by combining pitch,
yaw, and roll using Euclidean norms for velocity
and magnitude, as follows:

Composite velocity: it gives a scalar measure of
how fast the head moves overall and was calculated
as:

1

N

N∑

t=1

√
(V Rx(t))2 + (V Ry(t))2 + (V Rz(t))2

(3)
Composite movement magnitude: it was com-

puted per frame as the Euclidean norm of pitch,
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yaw, and roll components and then averaged across
N frames:

1

N

N∑

t=1

√
(IRx(t))2 + (IRy(t))2 + (IRz(t))2

(4)
where IRx, IRy, and IRz denote pitch, yaw,

and roll magnitudes at frame t.
Total head movement: it was quantified as a

direction-independent measure by summing move-
ment across all axes during the word:

N∑

t=2

√
(∆Rx(t))2 + (∆Ry(t))2 + (∆Rz(t))2

(5)

2.6 Statistics

We conducted statistical analyses in R Studio 4.2.3.
using the lme4 (Bates et al., 2020) and emmeans
packages (Lenth et al., 2018). Linear mixed models
assessed the effects of Speech Mode (normal vs.
whisper), Visibility (visible, invisible), Sentence
Type (question, statement) on head movements.
Reference levels were ‘normal speech’, ‘visible’,
and ‘statement’. To investigate whether the de-
pendent variables (Composite velocity, magnitude,
total movement, as well as velocity and magni-
tude of head pitch, yaw, roll) exhibited the most
pronounced effects under marked conditions, i.e.
whispered speech, questions, and invisibility of
speakers, a three-way interaction of Speech Mode,
Visibility, and Sentence Type was incorporated into
the models. The models accounted for random
effects by including random intercepts for Word
and Participant, along with by-Participant and by-
Word random slopes for Speech Mode, Visibility,
Sentence Type, and their interactions. Some initial
models failed to converge and/or produced singular-
fit warnings. To obtain parsimonious and identi-
fiable random-effects structures, we followed two
simplification procedures. First, random-effects
terms involved in perfect correlations (i.e., corre-
lations of ±1) were removed, following the rec-
ommendations of (Winter, 2020). Second, when
singularity persisted, we inspected the random-
effects structure using the rePCA() function in the
lme4 package. Following the rationale proposed by
(Bates et al., 2015), the function rePCA() evaluates
the effective dimensionality of the random-effects
structure by performing a Principal Components

Analysis (PCA) of the estimated random-effects
variance–covariance matrix. The random-effects
structure is decomposed into orthogonal compo-
nents, and components with very small or zero
standard deviations indicate dimensions that are
not supported by the data and therefore contribute
to model singularity. The output also provides a ro-
tation matrix that maps the original random-effects
parameters onto the orthogonal principal compo-
nents, allowing identification of redundant variance
components. These components were removed
through simplification of the random-effects struc-
ture (e.g., by eliminating the corresponding random
slopes), resulting in a more parsimonious model.
Our final model used for all dependent variables
was:

lmer(duration ~
Speech_mode*Visibility*sentence_type
+ (1 + Speech_mode + Visibility +

sentence_type | participant)
+ (1 | word), data = German_data1)

The models were also checked with respect to
(i) the normality of the residuals, (ii) their ho-
moscedasticity and (iii) multicollinearity among
the factors. To assess the significance of fixed ef-
fects in the final model, we conducted an Anal-
ysis of Variance (ANOVA) using Type III sum
of squares. This approach tests each predictor’s
unique contribution to the model while accounting
for all other variables and their interactions. The
Satterthwaite approximation was applied to esti-
mate degrees of freedom, providing more accurate
p-values in the presence of random effects. This
method is particularly appropriate given the mixed-
effects structure of our model and the unbalanced
nature of the dataset. Finally, we then used the
emmeans() function with Tukey adjustment to con-
duct pairwise comparisons of mean values for the
dependent variables across different conditions.

Additionally, we used lmer() to examine the rela-
tionship between composite velocity and composite
magnitude of head movements and two acoustic pa-
rameters of word duration and amplitude difference.
We assumed that these movements may compen-
sate for the absence of F0 in whispering. Accord-
ingly, under the trade-off hypothesis, we would
expect a negative relationship, whereas under the
hand-in-hand hypothesis, we predicted a positive
relationship. Continuous variables were standard-
ized (z-scored) per speaker, and by-speaker and
by-word random intercepts were included in the
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models. It should be pointed out that we dispensed
with a classic correlation modelling as our data
included repeated (dependent) data points. An ex-
ample is provided below:

lmer(composite_velocity ~
word_duration +
(1|participant) + (1|word))

3 Results

Here, we first report the results for the compos-
ite measures, and total movement, followed by a
breakdown of the relative contributions of head
pitch, yaw, and roll to the composite outcomes.
Finally, we examine the extent to which different
head movements and acoustic parameters exhibit a
linear relationship.

3.1 Composite velocity
The mixed effect model revealed a significant inter-
action between Speech mode *Visibility*Sentence
type (F(1, 2234.02) = 9.959, p<.01). As Figure 1
shows, head composite velocity was the greatest
when speakers produced questions in the normal
visible condition. Pairwise comparisons revealed
greater velocity in visible normal questions than
in normally produced statements under visible (t
= 3.69, p =.03) and invisible (t = 3.40, p =.025)
conditions.

3.2 Composite magnitude
The mixed effect model for head composite move-
ment magnitude showed a significant interaction
between Speech mode*Visibility*Sentence type
(F(1, 2217.06) = 4.125, p<.05). Pairwise compar-
isons showed that head movement was greater for
normally produced questions under visible condi-
tion than for statements produced in both visible
(t= -6.61, p <.001) and invisible (t= -5.78, p <.001)
conditions. Also, greater head magnitude was ob-
served for visible normal questions compared to
invisible whispered statements (t= -3.53, p = 0.046,
Figure 1).

3.3 Total movement
For total head movement, the interaction between
Speech mode*Sentence type turned out to be signif-
icant (F(1, 2231.89) = 26.705, p<.001). As Figure 2
(right) shows, normally produced questions had the
largest total movement. Pairwise comparisons indi-
cated that normally produced questions had a larger
total movement than normal statements(t= -6.23,

Figure 1: Composite velocity (left) and magnitude
(right) of head movement in the sentence-final word:
interaction between speech mode, (in)visibility, and sen-
tence type.

p <.001). on the other hand, whispered questions
showed a higher total movement than whispered
(t= -3.12, p = 0.01) and normal (t= -3.02, p = 0.03)
statements.

Figure 2: Total head movement showing an interaction
between speech mode, and sentence type.

3.4 Contribution of individual axes to
composite head movement

To clarify which axis of head movement pri-
marily drove the composite results, we decom-
posed the composite measures into their individ-
ual pitch (Rx), yaw (Ry), and roll (Rz) compo-
nents. Among these, head pitch emerged as the
dominant contributor. Both pitch velocity and
magnitude yielded significant interactions between
Speech mode*Visibility*Sentence type (velocity:
F(1, 2233.54) = 10.916, p<.001; and magnitude:
F(1, 2201.21) = 4.629, p<.05; see Figures 3 and 4).
Specifically, the head pitch velocity was the great-
est when speakers produced questions in selected
conditions (visible normal and whisper invisible).
However, pairwise conditions revealed only few
significant differences with greater pitch velocity in
normal questions under visible condition than nor-
mally produced statements under visible (t = 3.74,
p = 0.013) and invisible (t= 3.96, p = 0.017) con-
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ditions. The close correspondence between pitch
and composite patterns suggests that head nodding
accounts for the largest share of variance in overall
head displacement.

Figure 3: Head pitch velocity in the sentence-final word:
three-way interaction between speech.

Figure 4: Head pitch magnitude in the sentence-final
word: three-way interaction between speech mode, visi-
bility, and sentence type.

By contrast, head roll movement did not show
any significant effects. Only, yaw magnitude
yielded a significant two-way interaction between
speech mode and sentence type (F(1, 2213.35) =
4.914, p<.05), with questions produced with greater
yaw, and a larger difference between questions and
statements in normal speech than in whisper (t=
2.87, p = 0.03).

3.5 Relationship between acoustic cues and
head movements

At this stage, we analyzed the relationship between
head movements (composite velocity and compos-
ite magnitude) and two acoustic parameters includ-
ing word duration and mean amplitude difference.
All continuous variables were z-scored for each
speaker. Although the observed relationships were
small, some were statistically significant.

The analysis revealed a negative relationship be-

tween word duration and head composite velocity
in both normal (t = -3.22, p <.001) and whisper (t
= -2.53, p = 0.011) modes, indicating faster move-
ment for shorter words (see Figure 5). In contrast,
composite head movement magnitude was posi-
tively correlated to word duration only in whis-
pered speech (t = 2.82, p < .01), with longer words
showing larger movements.

Figure 5: Scatterplots for sentence-final word duration
in relation to head movement composite velocity and
magnitude.

Figure 6: Scatterplot for amplitude difference in relation
to head movement composite velocity and magnitude.

Mean amplitude difference and head compos-
ite velocity were positively correlated in normal
speech mode (t= 4.70, p<.0001, see Figure 6) sug-
gesting louder words were associated with faster
head movement. No significant result was observed
for whispered speech. Similar results were found
for composite head movement magnitude, with a
positive relationship to mean amplitude difference
only in normal speech (t= 5.23, p<.0001).

4 Discussion

To our knowledge, this is the first study to exam-
ine head movements in conveying sentence-type
intonation under communicative constraints, partic-
ularly in whispered speech, while manipulating
interlocutor mutual visibility. The findings are
discussed in relation to the trade-off and hand-in-
hand hypotheses and the broader literature on mul-
timodal prosody. We focused on sentence-final
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words where intonational contrasts between po-
lar questions and statements are primarily realized.
Even within this brief part of the sentence, signifi-
cant differences emerged across all head movement
measures with faster and larger head movements
in questions than in statements. This pattern was
evident in all head movement measures. Consis-
tent with earlier research (e.g. Cvejic et al., 2010;
Yehia et al., 2002), these results confirm that rigid
head motion carries prosodic information and con-
tribute to the signaling of sentence type. Questions,
typically characterized by rising intonation, appear
to involve enhanced multimodal prosodic marking
compared to statements. The ability of listeners
to distinguish sentence types based solely on head
motion (Cvejic et al., 2010) further supports the
communicative relevance of the patterns observed
in our study.

Our initial prediction was that the strongest head
gestures would occur under the most communica-
tively constrained condition; that is, whispered
questions produced in the absence of speakers’ mu-
tual visibility. However, the results did not con-
firm this hypothesis. Instead, the most pronounced
head movements were consistently found in the
least constrained condition, i.e., normally produced
questions in the visible condition with the largest
effects across composite velocity, composite mag-
nitude, and total movement. Some previous stud-
ies have also reported increased gesture produc-
tion when speaker and listener can see each other
than when there is a visual barrier between the
two (e.g. Alibali et al., 2001; Mol et al., 2011;
Barker and Kita, 2026). Boosting of head move-
ments in normally produced questions when inter-
locutors are visible may reflect a general prosodic
marking strategy that is amplified when full com-
municative resources are available. Under these
circumstances, head movements appear to func-
tion in parallel to acoustic prosodic cues such as
F0, reinforcing the sentence type contrast through
visual signaling. This redundancy may reflect an
audience-oriented strategy (Bavelas et al., 1992),
whereby speakers enhance communicative clarity
when resources are optimal.

The role of visibility, however, proved selective
rather than uniformly amplifying. Although a sig-
nificant interaction between speech mode, visibil-
ity, and sentence type indicates that visibility con-
tributes to gestural behavior, this effect is not con-
sistent across all measures as total head movement
was unaffected by (in)visibility. Thus, visibility

may not globally influence head gesture produc-
tion but selectively modulate specific kinematic
parameters.

To better interpret the findings, we examined
the relative contributions of individual head move-
ment axes revealing head pitch as the primary vehi-
cle of prosodic head movement in our data. Head
pitch emerged as the most prominent marker of
sentence type contrasts, showing increased velocity
and magnitude for normally produced questions,
when the interlocutor was visible while head yaw
and roll playing very small roles. This close cor-
respondence between head pitch patterns and the
composite measure indicated that head nodding ac-
counts for the largest share of variance in overall
head displacement, and that the sentence-type con-
trasts observed in the composite measures are pri-
marily driven by up-and-down head rotation. An-
other point to notice was significant magnitude of
head yaw movement and its contribution to visu-
ally marking sentence-type distinctions. The co-
occurrence of pitch and yaw magnitude in ques-
tions suggests that these two axes may not operate
entirely independently. Instead, speakers may use
coordinated gesture combining up–down (pitch)
and left–right (yaw) head motions. In other words,
a speaker may nod while slightly turning the head.
The resulting movement is not purely nodding or
turning, but a smooth trajectory that has incorpo-
rates both components. Such multi-axis coordina-
tion in prosodic gesturing has been noted in pre-
vious accounts of head movement behavior (Ishi
et al., 2007),(Yehia et al., 2002), and may reflect a
naturally integrated gestural strategy for marking
sentence-type boundaries visually.

Our results can be interpreted considering two
hypotheses: the trade-off hypothesis which posits
that gestures are produced to support listener com-
prehension (Alibali et al., 2001), and the hand-in-
hand hypothesis according to which gesturing helps
the speaker reduce cognitive load (Goldin-Meadow,
2009).

In this study, the relationship between head
movements and acoustic parameters (word duration
and mean amplitude difference) does not straight-
forwardly support either hypothesis alone. Instead,
it points to a flexible system in which head move-
ments reflect different mechanisms depending on
speech mode, sentence type, and speaker visibility,
with patterns consistent with both accounts.

For sentence-final word duration, shorter words
were accompanied by faster composite velocity in
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both normal and whispered speech which suggests
a timing-based coordination mechanism: head
movement dynamics are adjusted to align with the
temporal structure of speech rather than reflecting
a simple scaling predicted by either hypothesis. On
the other hand, in whispered speech, longer words
were associated with greater composite magnitude
which may be consistent with the hand-in-hand hy-
pothesis. However, rather than drawing a definitive
conclusion, we interpret this parallel enhancement
of acoustic information and head movements as a
compensatory strategy for the absence of F0 and
degraded amplitude where speakers may rely on
alternative prosodic cues such as longer duration
coupled with more pronounced head movements
to convey intended intonation. Together, these pat-
terns indicate that in whispered speech, speakers
flexibly adjust their head movements in tandem
with word duration balancing temporal constraints
with the need to compensate for reduced acoustic
prosodic cues.

The amplitude difference analysis revealed
louder sentence-final words were associated with
faster and larger head movements. The syn-
chronous strengthening of acoustic and gestural sig-
nals supports the hand-in-hand hypothesis (Goldin-
Meadow, 2009) viewing gesture and speech as par-
allel systems driven by the same underlying de-
mands. In normal speech, speakers may coordinate
acoustic and visual cues of prosody either to en-
hance listeners’ perception of prosodic contrasts or
increase communicative effectiveness of their own
utterance (Van der Sluis, 2005; Van der Sluis and
Krahmer, 2007). Moreover, this finding resonates
with the motor–prosodic coupling hypothesis (Mc-
Neill, 1992), which holds that prosodic prominence
engages greater biomechanical energy across both
speech articulators and the body. Louder speech
requiring greater articulatory effort may co-occur
with enhanced head and upper-body movement ac-
tivity (Hadar et al., 1983; Munhall et al., 2004). In
this view, greater movement magnitude reflects a
coordinated motor response to prosodic emphasis
rather than a direct consequence of acoustic inten-
sity alone. No such relationship was found in whis-
pered speech, likely because amplitude differences
are much degraded in this speech mode.

5 Conclusion

In summary, by examining the relationship between
the acoustic signal and oro-facial expressions when

speakers (i) speak normally or whisper, and (ii) do
or do not see each other, we found the overall ad-
vantage of visible, normally spoken questions over
all other conditions. The results are interpreted
in terms of two hypotheses, i.e., the hand-in-hand
and trade-off hypotheses. The relationship between
acoustic properties and head gestures proved to be
mode-dependent rather than uniform. In normal
speech, the positive coupling between amplitude
difference and both composite velocity and magni-
tude points to a hand-in-hand mechanism, whereby
acoustic and head gesture are co-produced and mu-
tually reinforcing. In whispered speech, however,
this coupling breaks down, and head movements ap-
pear to operate more independently: longer words
are accompanied by greater head movement mag-
nitude, while shorter words trigger faster gestural
velocity suggesting a compensatory mechanism to
preserve prosodic contrasts in the absence of F0,
while also balancing temporal constraints by faster
movement. Although head movements may require
more effort than other orofacial expressions, the
observed patterns indicate that speakers use their
heads as an important visual resource, reinforcing
prosodic marking across different communicative
conditions. Nevertheless, previous research has
also shown that orofacial movements serve as im-
portant cues for marking sentence-type intonation
in whisper. Further perceptual studies could in-
vestigate the relative contributions of head move-
ments and orofacial expressions in distinguishing
different prosodic patterns in whisper vs. normal
speech. In particular, such studies could determine
whether head movements play a compensatory role
in whispering by helping listeners recover prosodic
distinctions when F0 is absent. The present anal-
yses focused on direction-independent composite
measures capturing how large and how fast speak-
ers moved their heads to mark prosodic contrasts,
without distinguishing the specific orientations of
those movements. While this approach provides a
summary of prosodic head gesturing, future studies
incorporating head movement trajectories would
provide a more detailed account of the directional
and temporal dynamics of prosodic head gestur-
ing. Such work would benefit further from being
conducted in naturalistic communicative settings
with spontaneous interactions to capture a more
ecologically valid picture of how head movements
signal sentence-type intonation in everyday, partic-
ularly whispered speech. Our findings are based on
a relatively small sample of 15 participants, which
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may constrain the generalizability of the results.
This limitation highlights the need for further re-
search involving larger and more diverse partici-
pant samples. Finally, it remains an open question
whether the patterns observed in German general-
ize to other languages with different prosodic sys-
tems, or to sentence types beyond the polar ques-
tion–statement distinction examined here.
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ifzadeh. 2022. How do our eyebrows respond to
masks and whispering? the case of persians. In
Proceedings of the 23rd Annual Conference of the In-
ternational Speech Communication Association (In-
terspeech), pages 2023–2027.

N. Mahdinazhad Sardhaei, M. Żygis, and H. Shar-
ifzadeh. 2024. Facial expressions in different commu-
nication settings: A case of whispering and speaking
with a face mask in farsi. Language and Cognition,
16(4):1639–1673.

D. McNeill. 1992. Hand and Mind: What Gestures
Reveal about Thought. University of Chicago Press,
Chicago.

A. Melinger and W. J. Levelt. 2004. Gesture and the
communicative intention of the speaker. Gesture,
4(2):119–141.

L. Mol, E. Krahmer, A. Maes, and M. Swerts. 2011.
Seeing and being seen: The effects on gesture pro-
duction. Journal of Computer-Mediated Communi-
cation, 17(1):77–100.

K. G. Munhall, J. A. Jones, D. E. Callan, T. Kuratate,
and E. Vatikiotis-Bateson. 2004. Visual prosody and
speech intelligibility: Head movement improves au-
ditory speech perception. Psychological Science,
15(2):133–137.

B. Rimé. 1982. The elimination of visible behaviour
from social interactions: Effects on verbal, nonverbal
and interpersonal variables. European Journal of
Social Psychology, 12(2):113–129.

W. C. So, S. Kita, and S. Goldin-Meadow. 2009. Using
the hands to identify who does what to whom: Ges-
ture and speech go hand-in-hand. Cognitive Science,
33(1):115–125.

M. Swerts and E. J. Krahmer. 2004. Congruent and
incongruent audiovisual cues to prominence. In
Proceedings of the 2nd International Conference on
Speech Prosody, pages 69–72.

F. Tao and C. Busso. 2014. Lipreading approach for
isolated digits recognition under whisper and neutral
speech. In Proceedings of the 15th Annual Con-
ference of the International Speech Communication
Association (Interspeech), pages 1154–1158.

I. Van der Sluis. 2005. Multimodal reference. Ph.D.
thesis, Katholieke Universiteit Brabant, Tilburg. Un-
published Doctoral Dissertation.

I. Van der Sluis and E. Krahmer. 2007. Generating mul-
timodal references. Discourse Processes, 44(3):145–
174.

I. F. Van der Sluis and E. J. Krahmer. 2004. The in-
fluence of target size and distance on the production
of speech and gesture in multimodal referring ex-
pressions. In Proceedings of the 8th International
Conference on Spoken Language Processing (ICSLP),
volume 4.

B. Winter. 2020. Statistics for Linguists: An Introduc-
tion Using R. Routledge.

H. C. Yehia, T. Kuratate, and E. Vatikiotis-Bateson.
2002. Linking facial animation, head motion, and
speech acoustics. Journal of Phonetics, 30(3):555–
568.
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Abstract

Turn-taking is a fundamental component of spo-
ken interaction, and while humans naturally
rely on both verbal and non-verbal signals, di-
alogue systems usually depend on audio cues
alone. This paper investigates whether visual
features from face-to-face conversations can
enhance turn-taking prediction beyond what
is achievable from audio-only. We extend the
Voice Activity Projection (VAP) model, a self-
supervised transformer-based model for pre-
dicting future voice activity, by incorporating
visual features extracted from the large-scale
Meta Seamless Interaction dataset of dyadic
face-to-face conversations. The visual fea-
tures include gaze direction, head movement,
body and hand pose, and facial action units
(FAU). For incorporating the visual features,
we explore concatenation, cross-attention fu-
sion, delta features, and trainable gating mecha-
nisms. Results show that visual information im-
proves performance over the audio-only base-
line, with FAU being significantly more infor-
mative than other feature groups. Body and
gaze features nevertheless contribute comple-
mentary information, as the model combining
all features performs best. Furthermore, re-
sults indicate that performance on specific tasks
varies depending on whether training and test
data come from improvised (acted) or natural-
istic (non-acted) conversations.

1 Introduction

Turn-taking in conversation appears effortless be-
tween humans, yet relies on a rich interplay of
verbal and non-verbal cues across both visual
and auditory modalities (Cowley, 1998; Skantze,
2021; Duncan, 1972). Turn-taking behaviour also
varies substantially across individuals and dyads,
suggesting that conversational timing is also af-
fected by interaction-level dynamics (Cavalcanti
and Skantze, 2025). While telephone conversations
rely solely on auditory cues, such as lexical content

and prosody, face-to-face interactions additionally
incorporate visual cues, including gaze direction
and gestures, to coordinate turn transitions (Dun-
can, 1972).

In spoken dialogue systems, turn-taking has tra-
ditionally been managed with a silence threshold.
While simple, this approach often leads to inter-
ruptions or sluggish responses. Transformer-based
models have significantly improved prediction of
turn-taking, in particular the Voice Activity Projec-
tion (VAP) model (Ekstedt and Skantze, 2022b),
which uses self-supervised learning on raw audio
to predict which speaker(s) will be active over the
next two seconds. VAP has been shown to out-
perform silence-threshold-based models for turn-
taking (Skantze and Irfan, 2025).

A natural question is whether visual informa-
tion can further improve such an audio-only model.
Prior work has explored this, but on small or
video-conferencing datasets (Saga and Pelachaud,
2025; O’Connor Russell and Harte, 2025a). Video-
conferencing settings differ substantially from face-
to-face interaction: turn transitions are shorter and
more frequent in person, and gaze estimation is
inherently ambiguous on-screen (Tian et al., 2023;
Horstmann and Linke, 2022). Findings from such
conditions may therefore not generalise to face-to-
face dialogue

The release of the Meta Seamless Interaction
dataset (Agrawal et al., 2025), shown in Figure 1,
provides an opportunity to address this gap. It con-
tains 4000 hours of recorded face-to-face conver-
sations with paired audio, video, and pre-extracted
visual features. In this work, we propose an ar-
chitecture of VAP enhanced with visual features,
trained on approximately 400 hours of data.

Concretely, our main question is: Can visual
cues from face-to-face conversations improve turn-
taking prediction beyond audio alone, and, if so,
which feature groups or individual features con-
tribute most? As a secondary exploratory analy-
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Figure 1: Two participants from the Seamless Interac-
tion dataset.

sis, we examine predictive performance within and
across the corpus’s improvised and naturalistic sub-
sets. These comprise prompted role-play involving
actors and prompted, unscripted interactions be-
tween non-actors, respectively. We therefore ask:
How does turn-taking prediction performance vary
when models are trained and evaluated within and
across the improvised and naturalistic subsets?

2 Related Work

Turn-taking is governed by a systematic organisa-
tion of cues that signal when a speaker intends to
yield, hold, or take a turn (Sacks et al., 1974; Dun-
can, 1972). While prosody and timing are strong
predictors (Cowley, 1998; Ekstedt and Skantze,
2022a), face-to-face interlocutors also rely heavily
on visual signals such as gaze and gesture (Dun-
can, 1972; Kendon, 1967; ter Bekke et al., 2024).
Turn-taking dynamics further differ across commu-
nication settings: transitions are shorter and over-
laps more frequent in person than in mediated, on-
screen conversation (Tian et al., 2023), motivating
the study of visual cues specifically in large-scale
face-to-face data.

Ekstedt and Skantze (2022b) introduced VAP, a
self-supervised framework in which a transformer
is trained to predict future binary voice-activity
bins for two speakers, operating on raw audio via
a frozen CPC encoder (van den Oord et al., 2018).
VAP has since been widely adopted for turn-taking
prediction, extended to real-time and continuous
operation (Inoue et al., 2024b), as well as multilin-
gual settings (Inoue et al., 2024a), and forms the
basis of our work.

Several studies have extended VAP with visual

information. Onishi et al. (2023) were the first to
do so, augmenting VAP with non-verbal features
– gaze, facial action units (FAU), head pose, and
upper-body joints – on the NoXi corpus of medi-
ated expert-novice interactions. They reported that
FAU contributed most to turn-taking prediction.
Saga and Pelachaud (2025) created a similar model
that was trained on the French subset of NoXi (7
hours). They replaced hand-crafted action-unit in-
puts with a pre-trained facial-expression encoder;
their models were competitive with, and on shift-
and backchannel-prediction better than, prior mul-
timodal baselines, though the small dataset lim-
its generalisation. O’Connor Russell and Harte
(2025a) introduced MM-VAP, combining speech
with facial expression, head pose, and gaze, and
evaluated it on a 710-hour subset of the CANDOR
video-conferencing corpus, again finding facial-
expression features the most informative and out-
performing an audio-only baseline on hold/shift
prediction.

Across these studies, the FAU are consistently
the most predictive, but all prior multimodal VAP
work is confined to either small corpora (Onishi
et al., 2023; Saga and Pelachaud, 2025) or video-
conferencing recordings (O’Connor Russell and
Harte, 2025a). Whether these findings hold for
large-scale, face-to-face in-person (co-situated)
conversation remains open. We address this us-
ing the Meta Seamless Interaction dataset (Agrawal
et al., 2025), evaluating which visual feature groups
improve turn-taking prediction at scale.

Beyond the VAP framework, other work has pur-
sued multimodal turn-taking prediction with in-
dependently designed architectures. Wang et al.
(2024) combined a neural acoustic model with a
large language model, fusing lexical and acoustic
representations to predict turn-taking. The exper-
iments demonstrated that this multi-modal fusion
of lexical and acoustic information consistently
outperforms baseline models relying on a single
modality. Their approach, however, is limited to au-
dio and text and does not incorporate visual signals.
Lin et al. (2025) extended this line of work to a third
modality, proposing a tri-modal architecture with
text, audio and video, fusing separate pretrained
backbones (GPT-2, HuBERT, VideoMAE) through
a flexible fusion module. Their model frames the
task as discrete classification of keep, turn-taking,
and backchannel actions. To support this work,
the authors also introduced MM-F2F, a tri-modal
(text, audio, video) dataset with both turn-taking
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and backchannel annotations, comprising over 210
hours of face-to-face conversation.

3 Data

3.1 Seamless Interaction Dataset

We use the open-source Meta Seamless Interaction
dataset (Agrawal et al., 2025), which comprises
over 4000 hours of face-to-face conversations be-
tween two participants. Recordings include two
separated mono audio channels and corresponding
video files, with pre-extracted visual features pro-
vided per frame. The corpus distinguishes impro-
vised role-play involving actors from naturalistic
prompted interactions involving non-actors. The
two variants are labelled improvised and naturalis-
tic in the dataset. We acknowledge that naturalistic
interaction is not to be treated as equivalent to un-
elicited everyday conversation. We use a subset
of approximately 400 hours total, split into train-
ing (328h), validation (41h), and test (41h) sets
with a balanced improvised/naturalistic distribu-
tion in each split (Table 1). The three sets are
conversation-disjoint but not participant- nor dyad-
disjoint: dyads in the test set also occur in training
and validation.

Split Total Improvised Naturalistic

Train 328h 47.3% 52.7%
Val 41h 46.3% 53.7%
Test 41h 46.3% 53.7%

Table 1: Dataset partitions of our dataset.

3.2 Visual Features

We use four groups of visual features:
Gaze features (R2 per frame): pitch and yaw

of gaze direction per speaker, extracted by a Meta-
internal tool. Values are noisy when eyes are par-
tially occluded.

Head features (R3 per frame): pitch, yaw, and
roll of head orientation.

Body and hand features: Body pose is rep-
resented as 21 joints (bi ∈ R3) from the SMPL-
H model (Romero et al., 2017), estimated via
HMR2.0 (Goel et al., 2023). Hand pose is rep-
resented as 15 joints (hi ∈ R3) per hand, estimated
with ViTPose (Xu et al., 2022).

Facial Action Units (FAU): 24 action units from
the Facial Action Coding System (FACS) (Ekman
and Friesen, 1978), each with intensity values ∈

[0, 1]. Gaze-related units are excluded as gaze is
already represented separately.

We define the following feature subsets for abla-
tion: All features (body, hands, gaze, FAU); Body
features (body, hands); Gaze features (gaze, head);
FAU features (FAU only). The full visual feature
vector has dimension 182.

The visual features are supplied at 30 Hz; we
linearly interpolate them to match the baseline’s
50 Hz rate.

4 Methodology

4.1 Baseline: Voice Activity Projection

The VAP model (Ekstedt and Skantze, 2022b) en-
codes raw audio via a frozen CPC encoder (van
den Oord et al., 2018), producing 256-dimensional
latent representations at 50 Hz. For each of the
two speakers, a self-attention transformer models
within-speaker context, producing representations
Xa and Xb for speakers A and B, respectively. This
is followed by a bidirectional cross-attention be-
tween speakers

X̂a = CrossAttn(Xa, Xb),

X̂b = CrossAttn(Xb, Xa).

All attention operations use four heads. A com-
binator merges the two enriched representations:

y = GELU(LayerNorm(WaX̂a +WbX̂b)).

The VAP head predicts the probability
distribution over all 256 combinations of 8
binary future voice activity bins (4 per speaker,
spanning 2 seconds). Bins are spaced as
[(0.0, 0.2); (0.2, 0.6); (0.6, 1.2); (1.2, 2.0)] sec-
onds, giving finer resolution for the near future.
For a bin to be considered as voice active, the
majority of it must be covered (Figure 2).

Figure 2: Voice activity before (left) and after binning
(right). Each bin is active if the majority of its duration
contains speech. Upper row: speaker A; lower row:
speaker B.

52



Model Loss H/S BA (%) Sh/L BA (%) Ph*/Ps BA (%)

M0: Baseline 2.166 76.41 84.11 63.90
M1: Concatenation 2.122 77.87 84.67 63.30
M2: Cross-attention 2.119 77.27 84.80 64.30
M3: Cross-attention + ∆3 2.107 77.83 84.81 64.51
M4: Cross-attention + ∆10 2.130 77.76 84.20 65.38
M5: Cross-attention + ∆3 + Early Gates 2.100 78.31 85.26 65.14
M6: Cross-attention + ∆3 + Late Gates 2.106 78.81 84.67 65.51

Note. To assess statistical significance, we apply paired bootstrapping (1000 samples of 694 test conversations with replacement):
(M0 vs M5) 95% CI: Loss: [-0.0691, -0.0616], H/S: [1.22, 2.60], S/L [0.59, 1.74], Ph/Ps [0.83, 2.03], i.e., all differences are
significant. The asterisk refers to the subsample of Ph described in Section 4.3.

Table 2: Balanced accuracy (BA) and VAP loss for all models on the full test set. Bold indicates best performance
per metric.

The voice activity (VA) head predicts current
VA via a sigmoid. The combined training loss is
L = LVAP + LVA, with model selection based on
LVAP alone. The full architecture of the VAP model
is shown in Figure 4.

4.2 Multimodal Extensions
We extend the baseline through three sequential
design decisions: how to fuse the two modalities
(M1, M2), how to add motion through delta fea-
tures (M3, M4), and where to apply trainable gates
(M5, M6). Each decision is a choice between two
variants; we keep the lower-loss variant and build
the next decision on top of it. Table 2 shows the
results of the configurations.

Concatenation/Cross-attention In M1 (concate-
nation), the visual feature vector (dimension 182)
is concatenated with the audio representation (di-
mension 256) per speaker, then projected back to
256 dimensions via a linear layer:

x̃ = Wp[x; v] + bp, Wp ∈ R256×438.

This output is then passed as an input to the audio-
only architecture.

In M2 (cross-attention), visual features are first
linearly projected to dim 256, processed by self-
attention, and then fused with audio via a two-step
cross-attention. First, visual information is condi-
tioned on audio:

X̃v = CrossAttn(Xv, Xa),

then audio is updated using the audio-conditioned
visual information:

X̃a = CrossAttn(Xa, X̃v).

The intuition is that audio-conditioned visual fea-
tures provide a more informative key/value source
for refining the audio representation.

Delta3/Delta10 Since the visual features encode
static position rather than motion, we augment
them with delta features:

∆(feati)j = (feati)j −
1

N

j−1∑︂

k=j−N

featk,

capturing deviation from a short-term mean. We
test N = 3 (M3) and N = 10 (M4). Adding
delta features doubles the vector to dimension 364,
which we map back to 256.

Early/Late gates A gate vector g = σ(Wgx +
bg), with weights initialised to zero (g = 0.5 ∀x
initially), scales features element-wise: x̄ = g ⊙ x.
We try placing gates before the visual self-attention
(early gates, M5) or before cross-attention (late
gates, M6). The M5 model is shown in Figure 4.

4.3 Evaluation Metrics
Beyond VAP loss, we evaluate on three inter-
pretable turn-taking tasks (Ekstedt and Skantze,
2022b). Examples of the events are shown in Fig-
ure 3.

Hold/Shift (H/S): accuracy at predicting
whether a mutual silence (≥100 ms, with 1 s
pre/post single-speaker constraint) is followed by
the current speaker continuing (Hold) or the other
speaker taking over (Shift). This is perhaps the
most central task for conversational systems to
know whether the user is yielding the turn or not.

Short/Long (Sh/L): accuracy at predicting from
the first 200 ms of a new speaker onset whether the
utterance will be short (<1.5 s) or long (≥1.5 s).
For conversational systems, this can be useful to
predict whether the user has just started a backchan-
nel, in which case the system might continue, or is
attempting to initiate a longer turn.

Shift Prediction (Ph/Ps): accuracy at predicting
an upcoming turn shift while the current speaker is
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(a) Hold vs. Shift (b) Short vs. Long (c) Prehold vs. Preshift

Figure 3: The three event types illustrated: hold vs. shift (given that person 1, orange, had been speaking prior to the
window shown, whether they keep the floor or yield it), short vs. long (utterance duration), and prehold vs. preshift
(activity preceding a hold/shift). Example configurations; other valid ones exist.

Figure 4: M5 architecture. Shaded blocks show compo-
nents added to the M0 audio-only backbone, where two
CPC-encoded streams pass per-channel self-attention,
cross-speaker attention, and a combinator to predict
VAP and VA. M5 adds visual features, augmented
with deltas (∆3), passed through early gates and self-
attention, then cross-attended to audio before the main
transformer.

still active, measured as pre-shift (Ps) versus pre-
hold (Ph). Due to heavy class imbalance, pre-hold
events are subsampled to match pre-shift counts;

we report the average over N = 10 subsampling
seeds.

In addition to subsampling pre-holds, all tasks
are evaluated using balanced accuracy (BA) to ac-
count for smaller class imbalances.

Training used the Adam optimizer on an
NVIDIA RTX 3090, the same learning rate as the
baseline VAP, and early stopping with a patience
of 5 epochs.

5 Results

5.1 Model Comparison

Table 2 summarises results for the proposed archi-
tectures on the full test set, all using all features.

While the differences are not very big, every
multimodal model reduces VAP loss compared to
the baseline (M0: 2.166). M5 achieves the lowest
loss (2.100) and is selected as the best architecture.

Cross-attention (M2) outperforms concatenation
(M1) on loss and most metrics, though the differ-
ence is modest. Adding ∆3 features (M3) reduces
loss further, indicating that motion information
complements positional features. Gates (M5/M6)
give further gains, as adaptive weighting helps the
model suppress uninformative dimensions.

5.2 Feature Group Ablation

Using M5 architecture, we train separate models
for each feature subset (Table 3). All Features
achieve the best results overall, while FAU achieve
the best result for the single feature groups.

Features Loss H/S Sh/L Ph*/Ps

Baseline 2.166 76.41 84.11 63.90
All 2.100 78.31 85.26 65.14

Body 2.143 75.51 83.97 63.64
Gaze 2.150 76.18 84.03 62.49
FAU 2.115 77.52 84.89 63.95

Note. The asterisk refers to the subsample of Ph.

Table 3: Feature group ablation using M5 architecture.
Loss in absolute numbers balanced accuracy in %.
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Contrast Metric Mean ∆ 95% CI

FAU vs body

Loss −0.028 [-0.032, -0.025]
H/S 2.01 [1.27, 2.66]
Sh/L 0.92 [0.34, 1.46]
Ph/Ps 0.55 [−0.18, 1.23]

FAU vs gaze

Loss −0.035 [-0.038, -0.032]
H/S 1.34 [0.65, 2.05]
Sh/L 0.85 [0.31, 1.33]
Ph/Ps 1.56 [0.94, 2.24]

Body+FAU vs FAU

Loss −0.009 [-0.010, -0.007]
H/S 0.74 [0.22, 1.29]
Sh/L 0.17 [−0.23, 0.57]
Ph/Ps 1.00 [0.43, 1.56]

Gaze+FAU vs FAU

Loss −0.004 [-0.006, -0.001]
H/S 0.63 [0.04, 1.23]
Sh/L 0.18 [−0.28, 0.63]
Ph/Ps −0.38 [−0.97, 0.51]

Table 4: Paired bootstrap differences for feature-
complementarity contrasts. Balanced accuracy differ-
ences in percentage points while loss differences are
absolute. For balanced accuracy, positive values indi-
cate better performance by the first model in the contrast.
For loss, negative values indicate lower loss for the first
model. Confidence intervals that exclude zero are high-
lighted in bold.

In Table 4, the differences between feature
groups are assessed more closely. For FAU vs
Body, three out of the four confidence intervals
exclude zero; the only non-significant difference
is for Ph/Ps. All four confidence intervals for
FAU vs Gaze are significant. Both Body+FAU
and Gaze+FAU outperform FAU alone on some
metrics: Body+FAU has three CIs excluding zero,
Gaze+FAU has two. This points to Body and Gaze
providing complementary information when com-
bined with FAU, even if their independent contribu-
tion is limited. It appears that body is particularly
informative for H/S and Ph/Ps, and gaze for H/S.

5.2.1 Individual FAU Importance
We focus the finer-grained analysis on FAU because
the feature-group comparison identified them as
the strongest visual group overall (Tables 3-4). To
estimate the contribution of individual action units,
we zero out each FAU (and its delta) at inference
and measure the resulting loss increase (Table 5).

JawDrop (AU26), BrowLowerer (AU4), and
EyesClosed (AU43) are the most important indi-
vidual units. These results are intuitively plausible:
jaw movement is directly tied to speaking, and eye
closure relates to timing and emphasis. However,
we acknowledge that the FAU are likely highly cor-
related, and that this approach only shows influence

Action Unit Loss Relative increase

None (full model) 2.115 –
AU26 (JawDrop) 2.130 +0.71%
AU4 (BrowLowerer) 2.129 +0.66%
AU43 (EyesClosed) 2.126 +0.52%
AU12 (LipCornerPull) 2.124 +0.43%
AU10 (UpperLipRaiser) 2.122 +0.33%

(remaining AUs: ≤ 0.14% increase)

Table 5: Loss increase when zeroing out single FAU.
Top-5 most impactful shown.

when one is zeroed at a time.
Table 6 shows the value for each of the most in-

fluential FAU for the frame right before a hold/shift
event, together with its 95% confidence interval,
where P1 is the active speaker. It indicates that P1
is more likely to close their eyes (AU43) and have
their mouth open (AU26) when holding the turn,
rather than yielding it. Also, P1 is more likely to
smile (AU12) when yielding the turn. P2 is more
likely to open their mouth (AU10, AU26) and smile
(AU12) when they are about to take the turn, while
they tend to lower their eyebrows (AU4) when the
other participant holds the turn.

5.3 Improvised vs. Naturalistic

The M5 model (all features) achieves a lower, i.e.
better, VAP loss on naturalistic conversations than
on improvised ones (1.968 vs. 2.203). The pat-
tern reverses for the event-based metrics: impro-
vised conversations yield higher balanced accuracy
on hold/shift (78.86% vs. 77.89%) and short/long
(85.71% vs. 83.90%), while the pre-hold/pre-shift
difference is small. We assess significance us-
ing stratified bootstrapping, resampling improvised
and naturalistic subsets separately and comput-
ing the improvised−naturalistic difference. Only
the loss difference is significant (∆ = 0.235,
CI [0.148, 0.324]), confirming that the model pre-
dicts naturalistic dynamics more accurately over-
all. The balanced-accuracy differences — H/S
(∆ = 0.88, CI [−1.08, 2.75]), S/L (∆ = 1.73,
CI [−0.42, 3.96]), and Ph/Ps (∆ = 0.14, CI
[−2.19, 2.55]) — all have CIs spanning zero, so
the trend toward higher event accuracies on impro-
vised data is not significant. One explanation is that
improvised conversations have more exaggerated
turn-taking cues, making discrete events easier to
classify, whereas naturalistic conversations have
smoother dynamics that the model captures more

55



P1 P2

AU Shift Hold Shift Hold

AU26 JawDrop 0.058 [0.054, 0.062] 0.066 [0.064, 0.067] 0.048 [0.045, 0.051] 0.036 [0.035, 0.038]
AU4 BrowLowerer 0.367 [0.353, 0.380] 0.359 [0.352, 0.366] 0.363 [0.349, 0.377] 0.416 [0.409, 0.422]
AU43 EyesClosed 0.349 [0.332, 0.367] 0.394 [0.385, 0.403] 0.317 [0.301, 0.334] 0.332 [0.324, 0.340]
AU12 LipCornerPull 0.525 [0.507, 0.543] 0.390 [0.383, 0.397] 0.511 [0.494, 0.529] 0.455 [0.448, 0.463]
AU10 UpperLipRaiser 0.352 [0.338, 0.365] 0.350 [0.344, 0.356] 0.363 [0.350, 0.376] 0.275 [0.270, 0.281]

Table 6: Action unit averages, with confidence intervals, for the last frame before each event, for the active
participant 1 (P1) and the passive participant 2 (P2) under Shift and Hold conditions.

Domain Shift/min Hold/min Shift/Hold

Improvised 1.10 4.68 0.24
Naturalistic 1.41 6.56 0.21

Table 7: Shift and hold rates by domain per minute, and
Shift/Hold ratio.

accurately at the level of overall voice-activity dis-
tribution. This remains an open question for future
work.

Table 7 shows the shift and holds in the natu-
ralistic and improvised test-sets. Naturalistic con-
versations show more shifts and holds per minute,
indicating more frequent pauses, whereas speakers
in improvised conversation produce longer inter-
pausal units.

Table 8 shows how models perform on parti-
tions of the test set, when trained on naturalistic
or improvised. Models trained on improvised data
appear to perform better on shift, while the mod-
els trained on naturalistic appear to perform better
on hold. This might imply that the improvised
models lean towards predicting shift while the nat-
uralistic models tend to predict hold, disregard-
ing test-set. The same directional bias appears on
the other tasks. On pre-hold/pre-shift, improvised-
trained models favour pre-shift while naturalistic-
trained models favour pre-hold, which follows
directly from the shift/hold ratio (Table 7). On
short/long, improvised-trained models are prone
to predict long, while naturalistic-trained models
favour short; this is consistent with the same ac-
count, although the underlying short/long base
rates are not reported here. Both effects are smaller
than for hold/shift. We present these as descriptive
trends and do not draw significance-based conclu-
sions from them.

6 Discussion

Every multimodal variant lowers VAP loss relative
to the audio-only baseline (Table 2), and for our
best model the gains are statistically significant
across loss and all three pre-defined tasks. This
confirms that visual features add information that
audio alone does not capture.

Concatenation (M1) and cross-attention (M2)
perform almost identically on loss and on the event-
based metrics. We anticipated that cross-attention,
with its explicit conditioning between modalities,
would show a clearer advantage. One interpretation
is that the audio transformer integrates the visual
features regardless of how they enter the network;
another is that at this data scale the fusion mech-
anism matters less than the presence of the visual
signal itself. We cannot separate these explanations
from the present experiments.

Among the feature groups, FAU are the most
informative. Alone, they come close to the perfor-
mance of the all features model and clearly outper-
form body and gaze (Table 3), a gap that is signifi-
cant for loss and for the hold/shift and short/long
tasks (Table 4). The same ranking has been re-
ported for mediated and video-conferencing data
(Onishi et al., 2023; O’Connor Russell and Harte,
2025a); our results show that it also holds for large-
scale face-to-face conversation. Body and gaze add
little in isolation, yet the full model still improves
over any single group, so these features carry in-
formation that is complementary rather than redun-
dant.

The size of the gains is itself informative. On
clean, channel-separated audio the acoustic signal
already carries most of what the task requires, so
visual features are better understood as supplement-
ing audio than replacing it. They help most where
the acoustic evidence is ambiguous, which fits the
finding that facial action units are the strongest vi-
sual contributor: jaw, mouth, eye, and brow move-
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Hold/Shift Short/Long Pre-Hold/Pre-Shift

Train Test Loss BA H S BA Sh L BA Ph* Ps

Imp Imp 2.235 79.41 87.20 71.63 84.45 73.52 95.39 66.46 94.25 38.66
Imp Nat 2.044 77.75 84.05 71.45 80.61 64.66 96.55 66.80 93.16 40.44
Nat Imp 2.304 77.80 89.37 66.23 84.50 77.42 91.58 64.63 95.19 34.07
Nat Nat 2.009 77.04 88.42 65.65 82.15 70.53 93.77 64.98 96.09 33.87

Note. The asterisk refers to the subsample of Ph described in Section 4.3.

Table 8: Cross-testing results between improvised and naturalistic training and test sets. BA denotes balanced
accuracy.

ment are tied directly to speech onset and offset
and to communicative intent. This also implies
that the gains reported here may be conservative:
visual access to the face and lips raises speech in-
telligibility in noise (Sumby and Pollack, 1954),
and a turn-taking model evaluated under added
noise loses much of its audio-only hold/shift accu-
racy while a multimodal model degrades far less
(O’Connor Russell and Harte, 2025b). The record-
ings used are clean and the two speakers occupy
separate channels, so the contribution of visual fea-
tures may be larger under noisier, single-channel
conditions typical of deployed dialogue systems.

7 Conclusion

Visual features from large-scale face-to-face con-
versations improve turn-taking prediction over the
audio-only VAP. Our best model (M5: cross-
attention with ∆3 features and early gates) shows
statistically significant improvements across all
three evaluation tasks. Among individual feature
groups, FAU are the most informative, though com-
bining all features performs best. Also, the results
appear to vary if trained or tested on acted or non-
acted conversations. These results support the use
of visual information in spoken dialogue systems
aiming for more natural turn-taking behaviour.

8 Limitations

Several limitations qualify these results. Gaze es-
timates are unreliable when the eyes are partly oc-
cluded, which likely caps the contribution of the
gaze group. A single averaging window N for
the delta features is unlikely to suit feature types
with different temporal dynamics. The multimodal
model is also more costly to run than the audio-
only baseline, a consideration for online use (Inoue
et al., 2024b). Promising directions include end-
to-end video encoders that remove the need for
hand-engineered feature extraction, and per-group
tuning of the delta window N .

A final limitation concerns speaker and dyad
identity. Turn-taking timing is highly dyad-specific:
Cavalcanti and Skantze (2025) find that idiosyn-
cratic and “dyadosyncratic” factors dominate varia-
tion in transition timing. This affects our setup in
two ways. Our splits are conversation-disjoint but
not dyad-disjoint, so the model may exploit dyad-
specific regularities seen in training; the reported
scores should thus be read as an upper bound, pend-
ing a dyad-disjoint evaluation. Because the model
is trained pooled across dyads with no speaker or
dyad conditioning, its accuracies are averages over
a heterogeneous population. Conditioning on, or
adapting to, the speaker or dyad is a natural direc-
tion for future work.
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Abstract

Large-scale multimodal communication re-
search increasingly depends on computational
methods capable of extracting reliable gesture
annotations from video data. Yet it remains
unclear to what extent automatically generated
annotations can support the linguistic investi-
gation of naturally occurring co-speech gesture
and where expert interpretation remains indis-
pensable. This paper presents a framework for
the automatic analysis and annotation of co-
speech gesture in media corpora, developed to
support multimodal communication research at
scale. We build our framework on top of the ex-
isting computer vision frameworks for keypoint
extraction and active speaker detection, with
post-processing steps carefully designed to mit-
igate noisy output. Building on the processed
keypoint trajectories, we implement a config-
urable rule-based annotation system developed
through close collaboration between computer
vision researchers and linguists. We demon-
strate the usefulness of the framework through
a case study investigating vertical hand move-
ment accompanying English expressions of fu-
ture and past, examining which aspects of this
gestural pattern can be captured through auto-
matic annotation and which require expert mul-
timodal interpretation. We find that at corpus
scale, greater mean amplitude and higher mean
peak velocity converge in will-future, suggest-
ing greater kinematic prominence in the mul-
timodal expression of futurity. More broadly,
the case study demonstrates how computational
pipelines can support, rather than replace, hu-
man analysis by enabling multimodal hypothe-
ses to be investigated on datasets that would be
impractical to analyse manually.

1 Introduction

The combination of increasingly large multimodal
corpora and advances in computational methods is

*Center for Scalable Data Analytics and Artificial Intelli-
gence Dresden/Leipzig

transforming multimodal communication research.
Researchers can now investigate patterns of speech
and gesture across thousands of naturally occurring
interactions rather than a few dozen manually anno-
tated examples. At the same time, this opportunity
presents a major methodological challenge: pro-
ducing reliable multimodal annotations at such a
scale remains prohibitively time-consuming when
performed manually, especially when the annota-
tion process requires trained experts.

In linguistics, ELAN (Wittenburg et al., 2006)
serves as the standard environment for produc-
ing and editing manual annotations of audiovisual
recordings. It enables researchers to create mul-
tiple annotation tiers, which are stored alongside
the media files. ELAN annotations can also be
manipulated programmatically using the Python
package pympi-ling (Lubbers and Torreira, 2013-
2026). Larger collections of annotated data can be
organised into corpora and queried using corpus
managers such as CQPweb (Hardie, 2012).

Although the machine learning methods have
achieved substantial improvements in computa-
tional performance, comparatively less attention
has been paid to how they support multimodal com-
munication research itself. Most existing work eval-
uates computational performance, whereas com-
paratively few studies investigate what kinds of
linguistic hypotheses automatic annotation can re-
liably support, where expert multimodal interpreta-
tion remains indispensable, and what new research
questions become accessible once annotation can
be performed computationally at corpus scale.

To demonstrate the usefulness of the framework,
we apply it to the NewsScape 2016 corpus (Uhrig,
2022), which contains more than 30,000 hours of
American TV news (in a broad sense) with subtitles
comprising over 230 million words that have been
time-aligned with Gentle (Ochshorn and Hawkins,
2015). Processing a dataset of this size presents
substantial computational challenges. Temporal
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expressions cannot simply be retrieved from raw
video but require several computationally demand-
ing processing stages, including scene detection,
pose estimation, active speaker detection and key-
point extraction.

Rather than evaluating the framework solely as
a technical system, we demonstrate its usefulness
through a genuine multimodal communication re-
search question: whether previously identified pat-
terns of vertical gesture accompanying English tem-
poral conceptualisation generalise to a substantially
larger automatically annotated corpus. The case
study simultaneously investigates what aspects of
this phenomenon current automatic annotation can
recover reliably, where expert multimodal interpre-
tation remains essential, and what additional lin-
guistic questions become accessible once gesture
can be analysed computationally at corpus scale.

The paper therefore makes three contributions.
First, it presents a scalable, modular framework for
the automatic annotation of co-speech gesture in
multimodal corpora. Secondly, through a multi-
modal case study, it demonstrates how computa-
tional annotation can generalise findings previously
established through manual multimodal analysis
while revealing both the capabilities and the cur-
rent limitations of automatic gesture annotation.
Thirdly, it shows how corpus-scale computational
analysis enables new forms of multimodal commu-
nication research by quantifying kinematic proper-
ties of gesture that would be impractical to investi-
gate manually.

The remainder of the paper is organised as fol-
lows. Section 2 reviews related work. Sections
3 and 4 describe active-speaker keypoint extrac-
tion, post-processing and the automatic annotation
framework. Section 5 validates the automatic an-
notation against expert human annotation, and Sec-
tion 6 presents the case study of co-speech gesture
accompanying English expressions of future and
past. Section 7 discusses the methodological and
linguistic implications, followed by limitations of
the automatic annotation and analysis in Section 8.

2 Related work

Scene Detection. Several stages of our pipeline
require partitioning a video into scenes – segments
of footage in which the camera position and filmed
content remain relatively stable –, including active
speaker detection (Section 3) and keypoint normal-

isation (Section 4). We use PySceneDetect1 for
this purpose, a content-aware detection tool that
identifies a scene boundary whenever the rate of
change in frame colour and saturation exceeds a
fixed threshold. PySceneDetect exposes a range of
configurable parameters, but we found the default
settings sufficient for our dataset.

Pose Estimation. To detect people in video
frames and estimate two-dimensional coordinates
of their joints, we need to use a pose estima-
tion method. There is a wide range of readily
available pose estimation models, which allows
to choose the best trade-off between speed and
quality. Light-weight models such as MediaPipe
(Lugaresi et al., 2019) can process video with high
frame-per-second ratio, sacrificing some quality. In
contrast, recent large models such as Sapiens (Khi-
rodkar et al., 2024) yield better performance, but it
comes at an additional computational cost. Among
others we compared AlphaPose (Fang et al., 2022),
HRNet (Cheng et al., 2020), or OpenPifPaf (Kreiss
et al., 2021), and OpenPose (Cao et al., 2019). We
chose OpenPose as the optimal tool to process the
full 30,000-hour dataset as it can process multiple
people on screen, is very robust, and proved to be
the best trade-off between speed and quality. We
refer the reader to Gao et al. (2025) for a recent
review of pose estimation methods.

Active Speaker Detection. To extract OpenPose
coordinates for the active speaker, we first automat-
ically identify which individual is speaking at any
given time. The AVA Challenge 20222 evaluated
a number of approaches for active speaker detec-
tion. These employ diverse architectural strate-
gies: some approaches, such as that proposed by
(Köpüklü et al., 2021), utilize 3D convolutional
networks combined with bidirectional Gated Re-
current Units (Cho et al., 2014) to capture temporal
dependencies in the data, while alternative methods
leverage graph networks to model spatio-temporal
relationships between detected faces across sequen-
tial frames (Min et al., 2022). For a more detailed
discussion, we refer the reader to the survey by Nur
Aisyah Mohd Robi et al. (2024).

For our pipeline, we adopt TalkNet-ASD, which
employs a transformer architecture with cross-
attention mechanisms (Tao et al., 2021) to achieve
robust active speaker detection; the authors’ pub-

1https://github.com/Breakthrough/PySceneDetect
2https://research.google.com/ava/challenge.

html
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licly available implementation3 is straightforward
to run, test, and adapt. TalkNet-ASD partitions the
input video into scenes and detects a face bound-
ing box for each visible individual in every frame.
Bounding boxes with substantial overlap across
consecutive frames are merged into what the au-
thors term a track. If the pipeline fails to detect
a face for a given frame within a track, it linearly
interpolates the bounding box coordinates for up to
10 frames by default.

Annotation Pipelines. To the best of our knowl-
edge, there is no comparable framework for the
automatic annotation of co-speech gestures. En-
visionbox4 collects community code snippets and
recipes for the application of various computer vi-
sion tools and how to exploit their results, but no
fully-integrated automatic pipeline is provided.

3 Adapting TalkNet-ASD to Dataset Scale

We adapt TalkNet-ASD (Tao et al., 2021) to accom-
modate the scale and heterogeneity of large mul-
timodal datasets. Two properties of such datasets
are not well supported by the original implementa-
tion. First, some videos contain exceptionally long
scenes, sometimes extending to several hours; press
conference recordings filmed from a fixed camera
angle, for instance, produce very long tracking se-
quences. Second, video collections often span a
broad range of resolutions, from low-resolution
recordings dating back to the early 2000s to recent
4K content. The original implementation loads all
video frames into memory, which is not feasible
for high-resolution video.5

To address these limitations, we implement three
optimisations. High-resolution videos are resized
before being loaded into memory, reducing compu-
tational overhead. Long scenes and tracks are split
into smaller sub-scenes and sub-tracks, which can
be processed more efficiently. Finally, unlike the
original implementation, which processes a single
image per inference step, our version uses a batch
size of 32, which accelerates inference consider-
ably. These changes do not alter the underlying
algorithm; they enable its use with video of any
resolution and scenes of any length.

3https://github.com/TaoRuijie/TalkNet-ASD
4https://envisionbox.org/index.html
5Note, however, that the pre-trained network only accepts

video at 25 fps. TalkNet-ASD converts any input video to 25
fps before applying the network.

4 ASD Keypoints Extraction

For body pose annotation, we use OpenPose (Cao
et al., 2019), from which we extract keypoints in
the BODY 25 scheme together with hand and face
keypoints. The pipeline is not tied to OpenPose
specifically: keypoints produced by any other pose
estimation model can be used in its place, provided
they are mapped onto the BODY 25 scheme, which
is generally straightforward.

Since OpenPose estimates keypoints for every
person visible in a frame, we need a way to pick
out the active speaker among them. To identify
which of these predictions corresponds to the ac-
tive speaker, we use the bounding box predicted
by TalkNet-ASD: for each frame, we select the
individual whose head position falls within this
bounding box.

The resulting keypoint time series are noisy in
several ways. Keypoints are sometimes missing en-
tirely, for example when motion blur or occlusion
prevents OpenPose from detecting a body part. The
coordinates also jitter slightly from frame to frame,
even when the corresponding body part is not actu-
ally moving. Finally, because OpenPose predicts
coordinates in raw pixel values, the same body part
can appear at very different scales depending on
the camera angle and the speaker’s distance from
the camera. Left uncorrected, these issues make the
data difficult to work with, both for automatic anal-
ysis and for manual inspection. We therefore apply
a three-step preprocessing pipeline, separately for
each track (Section 2): interpolation and extrapola-
tion, smoothing, and normalisation.

Missing values are handled through interpolation
and extrapolation. Gaps between two valid mea-
surements are filled by linear interpolation, while
missing values at the start or end of a track are filled
by extrapolating the nearest valid value. Further
details are given in the Appendix C.

Jitter is reduced through smoothing. Each coor-
dinate is replaced with a weighted average over a
sliding window of 11 frames, centred on the current
frame, using Epanechnikov kernel weights. This
window size offered the best trade-off in our data
between removing jitter and preserving genuine
small movements.

To correct for scale, we normalise the coordi-
nates into a shared coordinate space that is indepen-
dent of the speaker’s size and position in the frame.
Body keypoints are centred on the nose and scaled
by the track-averaged distance between the nose
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and neck; face keypoints are centred on the tip of
the nose and scaled by the track-averaged distance
between the nasal bridge and the nose tip. Hand
keypoints are left unnormalised, since OpenPose’s
hand predictions are comparatively unreliable to
begin with.

Figure 1 shows the pipeline’s effect: the top
panel shows raw pixel coordinates, and the bottom
panel shows the same time series after interpolation,
extrapolation, smoothing, and normalisation. Im-
plementation details, including the keypoint indices
used and the reasoning behind our normalisation
choices, are provided in Appendix C.

5 Annotation Validation

To validate the pipeline for our case study, which
focuses on the vertical axis, we compared the au-
tomatic annotation with human annotations for the
same data (24 episodes of SophieCo. Visionaries
show; see Wilson et al. (2024) for details of the
dataset). The pipeline detected upward and down-
ward movements independently for each wrist. Hu-
man annotations specified the direction of move-
ment (UP/DOWN) and the hand involved (Right,
Left, or Both). Table 1 presents the results of the
comparison between manual and automatic anno-
tations. No overlap denotes human annotations
for which no overlapping automatic annotation was
found. Where the annotations overlap, Strict de-
notes agreement in movement direction for all an-
notated hands, Relaxed agreement for one hand,
and Wrong no agreement in direction. For single-
hand human annotations, a machine annotation is
classified as Strict only when it identifies the
same direction for the same hand and detects no
movement for the other wrist.

The validation videos comprise Studio and
Home recordings, which differ in lighting, camera
angle, and video quality. These recording condi-
tions affect the pipeline’s ability to detect move-
ments visible to human annotators, as reflected
in the higher No-overlap rate for Home recordings.
Once No-overlap cases are excluded, however, the
proportions of Strict, Relaxed, and Wrong classi-
fications are comparable across the two conditions.

6 Case Study

6.1 Previous findings and research questions
Wilson (under review) investigated how English
speakers conceptualise time through co-speech ges-

ture using manual multimodal annotation, statisti-
cal analysis, and conceptual blending analysis. The
study demonstrated that English temporal concep-
tualisation is realised through a multidirectional
gestural system rather than being restricted to the
canonical forward-backward or rightward-leftward
directions. Gestural direction was shown to be
motivated by meaning construction in discourse,
gesture multifunctionality and “gestural syntax” –
a concept proposed by Wilson –, with sagittal, lat-
eral and vertical directions jointly contributing to
temporal meaning. The quantitative analysis of 151
manually annotated future and past speech–gesture
instances identified the vertical axis as a discrimi-
native parameter within the grammatical construc-
tions examined: will-future constructions were pre-
dominantly accompanied by upward movement or
positioning, whereas present perfect and simple
past constructions were predominantly accompa-
nied by downward movement or positioning. Qual-
itative analysis further demonstrated that the com-
municative function of vertical movement can only
be interpreted in relation to the surrounding gesture
sequence and discourse context rather than as an
isolated movement.

The present case study investigates whether
these findings generalise beyond the manually anal-
ysed 151 instances and how automatic annotation
can support or extend such research. Specifically,
we ask three related questions.

1. Does the systematic engagement of the verti-
cal axis remain observable when vertical hand
movement is analysed automatically across a
substantially larger dataset?

2. What does this case study reveal about the
validity and usefulness of automatic gesture
annotation for multimodal communication re-
search?

3. What new linguistic insights become possible
once gesture can be analysed computationally
at corpus scale?

To address these questions, we ultimately engaged
with more than 80,000 speech units representing
will-future, present perfect and past perfect to ex-
plore hand movement accompanying these tempo-
ral constructions in English.

6.2 Quantitative analysis
The NewsScape 2016 corpus was queried for com-
binations of will followed by one of the following
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Figure 1: Time series of the vertical (y-)coordinate for the right wrist of the active speaker. The red time series (top
panel) shows the raw OpenPose coordinates; zero values correspond to failures in detecting coordinates. The blue
time series shows the post-processed (normalised and interpolated) version of the same signal, with less jitter and
no missing values. The change in scale for the red line at time code 00:00:43.6 is due to a scene change. The gap at
00:00:46.2–00:00:46.6 is where OpenPose fails to predict the wrist’s coordinates, visible as a drop in the raw signal
but absent in the interpolated one.

Location N No overlap Strict Relaxed Wrong

Home 329 152 (46.2%) 62 (18.8%) 66 (20.1%) 49 (14.9%)
Studio 99 12 (12.1%) 34 (34.3%) 33 (33.3%) 20 (20.2%)
Total 428 164 (38.3%) 96 (22.4%) 99 (23.1%) 69 (16.1%)

Table 1: Results of the annotation validation

verbs, which were inspired by Wilson (under re-
view): decrease, go down, increase, go up (spatial:
upwards and downwards), stop, terminate, delete
(non-spatial: stopping), read, swim (non-spatial:
neutral), and for sequences of have, has or had
and the past participle of the same verbs. This
yielded 7,926 hits, 839 of which were discarded
because at least one of the words was not success-
fully aligned with the audio (see Uhrig (2022) for
details). A further 84 instances with implausible
lengths (less than 4 frames – approx. 133 ms or
more than 90 frames – approx. 3 s) were removed.
A further 2,914 instances were removed because
no active speaker was detected. 2,408 hits were
then removed because no keypoints were detected
or no wrist had an average confidence score of at
least 0.3. Out of the remaining 1,681, 579 showed
no wrist movement above a small threshold used
to filter resting hands and longer holds. Overall,
more than 85% of query results were excluded, con-
sistent with previous manual annotation of media
data.

For the remaining 1,102 hits, wrist movements
were counted separately for the auxiliary, content
verb, and both; movements extending beyond the
two-word span were excluded to minimise the in-
fluence of surrounding words.

The quantitative analysis demonstrates that the
vertical axis is systematically engaged in all three
grammatical constructions. Across the construc-
tions, the auxiliary favours UP movement and the
content verb DOWN movement. For movements
spanning both positions, DOWN movements out-
number UP movements in will-future, UP move-
ments slightly outnumber DOWN movements in
present perfect, while past perfect is evenly divided
(Table 5). These findings confirm that the engage-
ment of the vertical axis identified by Wilson (un-
der review) generalises to a substantially larger
automatically annotated corpus, although the auto-
matic UP/DOWN distributions show considerable
overlap.

The overlap in the automatic UP/DOWN distri-
butions could reflect limitations of the automatic
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annotation pipeline, the complexity of naturally
occurring multimodal communication, or the oper-
ationalisation of movement within predefined tem-
poral windows.

To investigate these possibilities, we conducted
a qualitative evaluation of 100 randomly selected
clips from the automatically annotated dataset.
Each clip was independently annotated manually
in the Red Hen Rapid Annotator (Uhrig, 2022) by
two expert human annotators and compared with
the machine annotation. For every example we
recorded observations concerning the quality of the
automatic annotation together with its multimodal
interpretation.

For a broader quantitative analysis, we queried
the 102 verbs listed in Appendix A with will,
have, has and had, and in the third-person singular
present and past tense. The verbs were selected for
their lack of direct temporal or spatial semantics.
Random samples of 20,000 hits were extracted for
will-future, present tense, present perfect and past
tense, together with all 7,021 past-perfect hits. For
each wrist movement, vertical amplitude was cal-
culated as the difference between the y-coordinates
of the last and first keypoints. Positive and nega-
tive values represent UP and DOWN movement,
respectively (= signed amplitude). We also calcu-
lated absolute amplitude, i.e. the absolute value of
the vertical distance. Peak velocity was calculated
for combined lateral (x) and vertical (y) axes, and
vertical axis, because the latter on its own does not
indicate how fast the hand moves. Velocities for
both types of measurements were calculated as the
maximum change in coordinates between two con-
secutive wrist keypoints, multiplied by the frame
rate.

The expanded quantitative analysis reveals differ-
ences between the three constructions. Will-future
has the highest mean peak velocities for both UP
and DOWN movements at the auxiliary, content-
verb and combined positions (Table 3), and the
largest absolute vertical amplitude at all three po-
sitions (Table 4). For absolute amplitude, compar-
isons between will-future and perfect constructions
after movement-length normalisation were statis-
tically significant in all cases except will-future
versus past perfect at the auxiliary and content verb
(Table 2). Absolute vertical amplitude increases
from auxiliary to content verb in all three construc-
tions, although this may be partly conditioned by
our focus on movements within predefined tempo-
ral windows, and the longer duration of content

verbs relative to auxiliaries (mean length auxil-
iaries: 169 ± 80 ms; content verbs: 196 ± 94
ms). UP peak velocities remain essentially stable
in will-future, but decline in present perfect and
past perfect (Table 3). This pattern is of interest
given that DOWN peak velocities increase from
auxiliary to content verb in all three constructions.
Our analysis of mean signed amplitude confirmed
that across the constructions the auxiliary favours
UP movement and the content verb DOWN move-
ment. The differences are statistically significant
in all three constructions (Table 6, the raw data in
Appendix B).

6.3 What does the case study reveal?
Research Question 1: Does the vertical-axis hy-
pothesis generalise?

The quantitative analysis confirms that the sys-
tematic engagement of the vertical axis identified
by Wilson (under review) generalises to a substan-
tially larger automatically annotated corpus.

This study’s qualitative analysis further supports
Wilson’s (under review) interpretation of the com-
municative function of the vertical axis. Human
annotators evaluated each temporal grammatical
construction as a single multimodal unit rather than
treating the auxiliary and verb independently. Con-
sequently, an upward movement or upward hand
position associated with the will + infinitive con-
struction was counted as positive evidence irrespec-
tive of whether it occurred on the auxiliary itself
or began slightly before or ended shortly after the
construction while remaining temporally associ-
ated with it. The latter cases primarily reflected
the natural timing of gesture production, includ-
ing instances where the articulatory onset of the
gesture preceded the acoustic onset represented by
subtitle alignment. Applying these criteria, 32 of
40 will-future constructions (80%) displayed the
predicted upward pattern.

The same principles were applied to
has/have/had + past participle constructions.
Downward movement or downward positioning
was counted irrespective of whether it occurred on
the auxiliary itself (e.g. hands positioned down
on has), on the participle while clearly belonging
to the grammatical construction (e.g. left hand
down on gone down; left hand up and down on
increased), or began slightly before or ended
shortly after the construction owing to the natural
temporal coordination between gesture and speech.
Applying these criteria, 30 of 39 constructions
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Tenses Position Welch’s t pBonf

Will-future vs Present perfect Auxiliary 3.2 0.009
Content verb 4.4 5.54× 10−5

Both 5.3 6.99× 10−7

Will-future vs Past perfect Auxiliary 1.6 0.709
Content verb 2.7 0.042
Both 4.7 2.31× 10−5

Table 2: Welch’s t-statistics on mean length-normalized vertical absolute amplitudes for will-future versus the two
perfect constructions by verb segment; p-values are Bonferroni-corrected for six comparisons.

Will-future Present perfect Past perfect

Position x, y y only x, y y only x, y y only

Auxiliary – UP 1.59± 1.33 1.24± 1.02 1.35± 1.12 0.97± 0.86 1.48± 1.08 1.02± 0.77
Auxiliary – DOWN 1.33± 1.06 0.94± 0.84 1.24± 1.20 0.85± 0.72 1.13± 0.92 0.82± 0.68
Content verb – UP 1.58± 1.27 1.20± 1.12 1.25± 1.09 0.91± 0.76 1.23± 1.04 0.83± 0.68
Content verb – DOWN 1.45± 1.22 1.10± 1.02 1.36± 1.23 1.02± 1.03 1.38± 1.01 0.98± 0.72
Both – UP 1.97± 1.61 1.54± 1.35 1.87± 1.84 1.48± 2.11 1.96± 2.78 1.46± 2.55
Both – DOWN 2.07± 1.52 1.63± 1.37 1.70± 1.33 1.30± 1.44 1.76± 1.42 1.27± 1.02

Table 3: Mean peak velocity ± one standard deviation by position and construction, computed from the x and y
(2D) coordinates and from the y coordinates only

(77%) displayed the predicted downward pattern.

The remaining (negative) examples demonstrate
why temporal meaning cannot always be recovered
from movement counts alone. Individual move-
ments simultaneously fulfil multiple communica-
tive functions, contributing not only to temporal
reference but also to event depiction, discourse
organisation, stance and interaction. Moreover,
temporal interpretation frequently depends on the
unfolding gesture sequence rather than on an iso-
lated movement. The qualitative analysis therefore
reinforces broader theoretical claim from Wilson
(under review) that gestural direction is determined
by multimodal meaning construction, gesture mul-
tifunctionality (see e.g. Kok et al., 2016) and ges-
tural syntax rather than by fixed one-to-one cor-
respondences between individual movements and
linguistic forms (on gesture-speech timing see e.g.
ter Bekke et al., 2024; Fritz et al., 2021; and cited
literature).

Research Question 2: What does the case
study reveal about automatic gesture annota-
tion?

The comparison between machine and human
annotation demonstrates the sufficient reliability
of the automatic pipeline for large-scale analysis.
Of the 100 annotated clips, 15 had to be discarded
and excluded from the evaluation either because
of errors in the subtitles or because of repetitions
in the dataset. Of the remaining 85 instances, 35

(41.2%) showed complete agreement between ma-
chine and human annotation, while a further 32
(37.6%) showed partial agreement. Thus, 78.8% of
the evaluated examples contained information pro-
duced by the automatic pipeline that was fully or
partially consistent with expert manual annotation.

Many disagreements arose from factors exter-
nal to the movement-detection algorithm itself, in-
cluding partial hand visibility, occlusion by ob-
jects or television graphics, subtitle and forced-
alignment errors, and camera movement. These
limitations are characteristic of naturalistic broad-
cast data rather than of the computational method
itself.

A further source of divergence between auto-
matic and human annotation is that the former
tracks wrist trajectories, whereas human annota-
tors interpret the hand as a whole. The wrist and
the fingers or palm may move or orient in different
directions, producing different directional classifi-
cations of the same gesture.

Other discrepancies reflect fundamental prop-
erties of human communication. The automatic
pipeline detects movement trajectories, whereas
human annotators interpret communicative func-
tion. Every upward movement necessarily gives
rise to a subsequent downward movement, and vice
versa. Consequently, the movement detected auto-
matically is not always the movement interpreted
by human annotators as temporally foregrounded.
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Position Will-future Present perfect Past perfect

Auxiliary .152 ± .183 .131 ± .158 .137 ± .141
Content verb .190 ± .223 .160 ± .198 .163 ± .217
Both .361 ± .355 .315 ± .330 .290 ± .306

Table 4: Mean absolute amplitude ± one standard deviation by position

Position/direction Will-future Present perfect Past perfect

Auxiliary – UP / Total 482 / 826 (58.4%) 403 / 645 (62.5%) 123 / 183 (67.2%)
Content verb – DOWN / Total 884 / 1,522 (58.1%) 783 / 1,385 (56.5%) 228 / 393 (58.0%)
Both – UP / Total 909 / 2023 (44.5%) 814 / 1555 (52.3%) 230 / 460 (50.0%)
Both – DOWN / Total 1114 / 2023 (55.5%) 741 / 1555 (47.7%) 230 / 460 (50.0%)

Table 5: The fraction of UP or DOWN movements for the type of the verb by tense

Similarly, gestures frequently begin before or con-
tinue after the associated auxiliary, so the relevant
movement may fall outside the grammatical con-
struction selected for automatic analysis.

We experimented with temporal buffers around
the target construction to capture movements be-
ginning before or ending after the auxiliary. Al-
though this approach successfully retrieved addi-
tional temporally relevant movements, it also ad-
mitted numerous unrelated gestures belonging to
neighbouring discourse segments, thereby reducing
the specificity of the automatic annotation. Increas-
ing the temporal window therefore does not, by
itself, solve the problem, but can be useful to im-
prove recall (i.e. how many gestures are found)
at the cost of precision (i.e. the rate of relevant
gestures among those retrieved by the machine).

The qualitative evaluation additionally revealed
several examples in which the automatic pipeline
detected genuine movements that had initially been
overlooked by human annotators. Subsequent de-
tailed inspection confirmed that these movements
were present in the video. Automatic annotation
therefore does not simply reproduce manual anal-
ysis but can complement it by identifying subtle
movements that may be missed because of attention
limitations or annotation fatigue.

Research Question 3: New linguistic insights
through automatic annotation at corpus scale
The case study demonstrates that the engagement
of the vertical axis identified through manual multi-
modal analysis generalises to a substantially larger
automatically annotated corpus. Will-future has the
largest absolute vertical amplitude across the aux-
iliary, content-verb and combined positions, and
also the highest mean peak velocity for both up-
ward and downward movements. This convergence

is consistent with research linking gestural promi-
nence to movement magnitude and other kinematic
properties (Ferré (2018); Pouw and Dixon (2019)).
In our data, the convergence of amplitude and peak
velocity therefore suggests that the greater ampli-
tude associated with will-future reflects more than
simple spatial displacement and may index greater
kinematic prominence with which the future is in-
troduced into the multimodal communication (cf.
Horst et al. (2014) on movement quality and com-
municative effort).

The construction-internal peak-velocity profiles
show a further descriptive difference between will-
future and the perfect constructions. DOWN peak
velocity increases from auxiliary to content verb
in all three constructions, while UP peak veloc-
ity remains essentially stable in will-future but
declines in present perfect and past perfect (see
Table 3). This pattern raises the possibility that
will-future maintains a high-velocity upward com-
ponent across the construction; however, the sub-
stantial variation within the data means that estab-
lishing whether this reflects genuine construction-
internal stability requires more detailed quantitative
and qualitative analysis.

7 Discussion and Conclusions

As we have shown, the case study demonstrates
that automatic annotation is most valuable not as a
replacement for expert multimodal analysis but as
a complementary research instrument. The compu-
tational pipeline makes it possible to analyse thou-
sands rather than hundreds of gesture instances,
substantially reduces annotation effort, provides
objective and reproducible movement measure-
ments, and can identify genuine movements over-
looked during manual annotation. Human analy-
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Case N (Aux) N (Content) Mean (Aux) Mean (Content) Welch t Welch p

Will-future 826 1522 0.03± 0.24 −0.032± 0.29 5.7 1× 10−8

Present perfect 645 1385 0.035± 0.2 −0.038± 0.25 7.0 4× 10−12

Past perfect 526 1127 0.058± 0.18 −0.068± 0.27 11.2 6× 10−27

Table 6: Welch’s t-test results by case

sis remains essential for interpreting communica-
tive meaning within the unfolding multimodal dis-
course, whereas automatic annotation excels at de-
tecting, measuring and retrieving gesture at scale.
Together, the two approaches provide a scalable
methodology for multimodal communication re-
search that neither could achieve independently. If
a sufficiently large dataset is available, the noise
inherent in our system becomes manageable so that
patterns can be discerned from fully automatically
annotated data without human intervention in the
annotation process, although we recommend al-
ways manually verifying a sample to confirm the
patterns identified by the automatic analysis. Based
on our analysis of a relatively large dataset, we can
confirm the hypothesis from (Wilson, under review)
that the vertical axis plays a role in the expression
of time, while the combined automatic and quali-
tative analyses support the finding that will-future
favours upward movement.

Linguistic contribution. Our case study demon-
strates how automatic annotation can generate new
linguistic questions that would not be practical
to investigate through manual annotation alone.
The ability to quantify properties such as move-
ment amplitude and velocity across large samples
makes it possible to investigate how gesture kine-
matics and multimodal prominence relate to the
contrasting conceptualisation of future and past in
speech–gesture communication. This extends pre-
vious work on multimodal prominence and the role
of gesture in conceptualisation and information
structuring into the domain of temporal conceptual-
isation at corpus scale (on multimodal prominence
see Krahmer and Swerts, 2007; Swerts and Krah-
mer, 2008; Kita, 2000; Kita et al., 2017; Wilson,
2020 and the cited literature).

Methodological contribution. The case study
demonstrates that computational pipelines and qual-
itative multimodal analysis answer complemen-
tary research questions. Automatic annotation cap-
tures movement trajectories at corpus scale reliably
enough, whereas qualitative analysis establishes
their communicative significance. Rather than re-

placing expert interpretation, computational anno-
tation enables new forms of multimodal inquiry by
combining large-scale quantitative analysis with
detailed qualitative investigation.

8 Limitations

Automatic annotation and human multimodal anal-
ysis differ in what they capture. The automatic
pipeline tracks the trajectories of individual wrists
within predefined temporal windows, whereas hu-
man annotators perceive the hand as a whole, in-
cluding the palm and fingers, and can interpret the
movements of both hands together. Human annota-
tors can also identify which movement is percep-
tually foregrounded and interpret it in relation to
preceding and subsequent gesture and speech. The
automatic analysis cannot make these contextual
distinctions and restricts analysis to the selected
temporal window, even though relevant gestures
may begin before or continue beyond it.

The pipeline is also subject to technical limita-
tions arising from keypoint extraction and normali-
sation. Partial hand visibility, occlusion and record-
ing quality can impair keypoint detection, while
camera movement creates additional problems for
normalisation. In dynamic scenes, substantial cam-
era movement can bias the reference coordinates
used for normalisation, leading to shifted body co-
ordinates. Frame-by-frame coordinate subtraction
could reduce this problem, but may introduce ap-
parent wrist movement when the wrist remains sta-
tionary while the speaker’s head moves. We there-
fore use the normalisation procedure that proved
most robust across the naturalistic broadcast data,
while recognising that no approach eliminates these
sources of noise completely.

Despite these limitations, the pipeline provides
a scalable and reproducible means of detecting and
measuring gesture across datasets that would be
impractical to analyse manually, while also identi-
fying movements that human annotators may over-
look because of attention limitations or annotation
fatigue.
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A The list of verbs

The list of verbs we used in section 6.2 for our
quantitative analysis:

write, wear, wash, vote, use, urge, try, treat, trade,
target, survive, surprise, succeed, struggle, spend,
sing, show, shock, share, serve, sell, seek, search,
satisfy, rush, risk, ring, respond, respect, request,
report, reply, rent, remain, release, regard, record,
recommend, read, quote, provide, prove, protect,
prevent, prefer, prepare, practice, please, play, pick,
persuade, pay, pack, oppose, operate, offer, offend,
occur, obtain, notice, need, name, move, mix, miss,
mind, mention, meet, mean, match, marry, manage,
make, maintain, love, lose, load, live, listen, let,
lend, leave, learn, laugh, know, kiss, judge, join,
issue, involve, invite, invest, introduce, insist, in-
form, influence, infect, indicate, include, improve,
imagine, ignore.

B Table

The table is the full version of Table 2 from the
main text. It shows absolute vertical amplitudes
(|∆y| divided by movement length in frames, mean
of per-movement values ± one standard deviation)
for will-future versus the two perfect constructions,
by verb segment.

C Post-processing of the OpenPose
keypoints

C.1 Matching the Active Speaker to a Set of
Keypoints

OpenPose predicts the coordinates of keypoints for
all individuals present in a given frame, without
reference to who is speaking. To identify which
set of predicted keypoints corresponds to the ac-
tive speaker, we use the bounding box predicted
by TalkNet-ASD: for each frame, we identify can-
didate individuals whose head position lies within
this bounding box. The nose keypoint serves as a
proxy for head position; when OpenPose predicts
the nose with low confidence, the average position
of the eyes and ears is used in its place.6

OpenPose frequently detects several individuals
in a single frame, and more than one detected indi-
vidual’s head position may fall within the TalkNet-
ASD bounding box – for instance, when a sec-
ond person appears in the background of the shot,
or when two individuals are seated close together.
Two checks are applied to select a single candidate
in such cases.

First, a candidate is discarded if the ratio of their
estimated head width to the bounding-box width
falls outside the range [1/3, 3]. Head width is esti-
mated from the inter-ear distance where both ears
are reliably detected, or otherwise from the inter-
eye distance scaled by a factor of 2.5; if neither is
available, this check is not applied to the candidate.
This filters out candidates whose apparent size is
grossly inconsistent with the bounding box, such
as a background head that happens to fall inside a
box sized for a foreground speaker.

Second, among the remaining candidates, the
individual whose head position is closest to the
bounding-box centre is selected, with the horizon-
tal and vertical components of this distance nor-
malised by the bounding box’s width and height,
respectively. The frame is treated as ambiguous –

6A keypoint is considered reliable if its OpenPose confi-
dence score is at least 0.2.
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Tenses Position Mean |∆y|/length ± SD Welch’s t pBonf

Will-future Tense in col. 1

Will-future vs Present perfect Auxiliary 0.028± 0.029 0.024± 0.018 3.2 0.009
Content verb 0.029± 0.025 0.025± 0.022 4.4 5.54× 10−5

Both 0.038± 0.031 0.033± 0.029 5.3 6.99× 10−7

Will-future vs Past perfect Auxiliary 0.028± 0.029 0.025± 0.020 1.6 0.709
Content verb 0.029± 0.025 0.025± 0.025 2.7 0.042
Both 0.038± 0.031 0.032± 0.027 4.7 2.31× 10−5

Table 7: p-values are Bonferroni-corrected for six comparisons.

and no individual is selected – if the second-closest
candidate’s distance is less than 1.5 times the clos-
est candidate’s distance, i.e. if the two nearest can-
didates are not clearly separated in their proximity
to the centre.

This pipeline is subject to two distinct failure
modes, which are treated separately. The first con-
cerns OpenPose’s keypoint predictions themselves:
even for a correctly identified speaker, OpenPose
may fail to predict a given keypoint. This typically
occurs under two conditions: when a body part is
moving at high speed, resulting in a blurred region
rather than a clearly resolvable shape, and when
a body part is occluded by another object or per-
son. Occlusion is prevalent in the videos analysed
here; a hand may be occluded by another hand or
by a lower-third graphic (see Figure 1). In such
cases, OpenPose returns a coordinate value of zero.
These values are treated as missing data and are
subsequently interpolated (Section C.2).

The second failure mode concerns the match-
ing procedure itself: either no detected individ-
ual’s head position falls within the active speaker’s
bounding box, or the frame is ambiguous in the
sense described above. In both cases, a NaN (Not-
a-Number) value is stored in place of a coordinate.
NaN values are subject to the same post-processing
steps as zero-valued coordinates.

A further complication concerns the scale of the
predicted coordinates. OpenPose reports keypoint
locations in pixel values.7 As pixel coordinates
are a function of camera distance and angle, the
same body part may be represented at substantially
different scales across scenes and tracks, even for
the same speaker. This variability limits the com-
parability of keypoint coordinates across a video
and complicates both manual and automated anal-
ysis. The normalisation procedure described in

7These predictions are not necessarily integers and occa-
sionally contain small negative values, which we treat as an
artefact of the prediction process.

Section C.4 is designed to address this issue.

C.2 Interpolation and Extrapolation

Missing values arising from either of the failure
modes described above are addressed through in-
terpolation and extrapolation, applied separately to
each track.

Interpolation estimates missing values that occur
between two valid measurements. Where a key-
point coordinate is missing but is bounded on both
sides by valid (non-zero) values, the missing values
are estimated by linear interpolation between these
two points.

Extrapolation addresses missing values that oc-
cur at the beginning or end of a track, where no
valid measurement exists on one side. In these
cases, the nearest valid value is substituted for the
entire run of leading or trailing zeros.

C.3 Smoothing

In addition to missing values, OpenPose keypoint
predictions are subject to jitter: small frame-to-
frame fluctuations in coordinate values that do not
correspond to actual movement of the underlying
body part.

To reduce jitter, each coordinate value is re-
placed with a weighted average of values within a
sliding temporal window. For a given frame, the
window comprises the N preceding values, the cur-
rent value, and the N subsequent values, yielding a
total of 2N + 1 points. We use N = 5 (11 points),
a value selected empirically as offering the best
trade-off between removing jitter and preserving
small but genuine movements.

Weights are assigned according to the Epanech-
nikov kernel, K(u) = 3

4(1 − u2), evaluated at
2N+1 points equally spaced on the interval [−1, 1].
This kernel assigns maximal weight to the central
frame, with weight decreasing for frames further
from the centre of the window. Figure 2 presents an
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Figure 2: Raw, interpolated, and normalized and inter-
polated time series

example of a time series before and after smooth-
ing.

C.4 Normalisation

Normalisation addresses the scale dependency in-
troduced by the use of raw pixel coordinates (Sec-
tion C.2). The procedure re-expresses keypoint
coordinates relative to a reference point and a nor-
malisation unit, both computed per track, yielding
a coordinate space that is independent of the scale
and position of the speaker within the frame.

As OpenPose predicts separate coordinate sets
for the body, face, and hands, a reference point and
normalisation unit are defined independently for
each.

For the body, the nose coordinates serve as the
reference point and are subtracted from all other
body coordinates in every frame. The normalisa-
tion unit is the track-averaged distance between the
nose (keypoint 0) and the neck (keypoint 1) in the
BODY 25 annotation scheme. A vertical distance
was chosen deliberately as the normalisation unit:
TV and YouTube data frequently include scenes
shot from the side, in which horizontal distances
(e.g. shoulder width) are subject to foreshortening
and therefore appear smaller than their true extent.
Vertical distances are comparatively robust to this
effect, as camera perspectives that substantially dis-
tort vertical measurements are considerably less
common.

For the face, the tip of the nose serves as the
reference point, and the normalisation unit is the
track-averaged distance between the nasal bridge
(keypoint 27) and the tip of the nose (keypoint 30)
in the face keypoint annotation scheme.

Hand keypoints are not normalised, as the quality
of OpenPose’s predictions for hand keypoints is

comparatively low, limiting the benefit of applying
this procedure to them.

Normalisation of the body and face keypoints
allows continuous time series to be produced across
track and scene changes, even where the apparent
scale of the speaker changes substantially, whether
due to a change in shot for the same speaker or a
change between speakers within the same scene.

Figure 2 illustrates the cumulative effect of inter-
polation and smoothing on an example time series.
The orange curve represents the coordinates as orig-
inally predicted by OpenPose. The magenta curve
shows the result of interpolation; extrapolation was
not required in this example, as the original series
did not contain leading or trailing zeros. The lime
curve shows the result of smoothing applied to the
interpolated (magenta) series.

Smoothing and normalisation together reduce
the number of erroneously detected gestures, both
in automatic annotation and in manual inspection of
OpenPose-derived time series. This effect is illus-
trated in Figure 1, which compares raw values (top
panel) with interpolated, extrapolated, smoothed,
and normalised values (bottom panel) for the verti-
cal coordinate of the left wrist. In the bottom panel,
all coordinates are expressed on a common scale,
without jitter or missing values.
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Abstract
Fréchet Gesture Distance (FGD) is the standard
automatic metric for co-speech gesture gener-
ation, the models that synthesize the hand and
body motion accompanying speech. Human
perceptual studies remain the gold standard,
and the GENEA challenges rank systems by
them, but such studies are slow and costly, so
papers routinely compare systems by FGD in-
stead. FGD is a Fréchet distance in the latent
space of a learned pose autoencoder, so it in-
herits the many choices behind that encoder,
most of which papers never report. We ask
whether FGD is a reliable proxy for percep-
tual evaluation under these unreported choices.
Holding the systems fixed, we vary the refer-
ence tool’s own settings (analysis window, seed,
feature versus raw space) and the corpus the
feature extractor is trained on, on both tiers of
the GENEA 2022 evaluation and on the GE-
NEA 2023 challenge. First, the FGD rank-
ing is not reproducible where it matters: the
“best” system is one of two that a per-clip boot-
strap shows are statistically tied, so which one
wins is a configuration choice, though aggre-
gate rank correlation stays moderate rather than
collapsing. Second, and more consequential,
FGD’s agreement with human ratings is mod-
est and itself tunable, moving by 0.18 to 0.24
Kendall τ across these undocumented choices:
FGD can be made to look appreciably more
or less human-valid without changing the sys-
tems. These effects replicate across two chal-
lenge years and three evaluation tiers. We con-
clude that FGD numbers are not comparable
across papers unless the window, seed, scor-
ing space, and feature-extractor training corpus
are pinned and reported, and that FGD cannot
resolve small differences between closely per-
forming systems.

1 Introduction

Co-speech gesture generation synthesizes the hand
and body motion that accompanies speech, from

*Corresponding author: deep@lab.cloud

audio and text, to animate embodied conversational
agents and virtual avatars (Nyatsanga et al., 2023).
Human perceptual studies are the gold standard
for evaluating such motion, and the GENEA chal-
lenges rank systems by large crowdsourced user
studies (Yoon et al., 2022; Kucherenko et al., 2024,
2023). Because such studies are slow and costly,
papers routinely compare systems with Fréchet
Gesture Distance (Yoon et al., 2020) instead, the
automatic metric the challenges report alongside
their human evaluation and the one surveys treat
as standard (Nyatsanga et al., 2023; Nagy et al.,
2024). FGD is the gesture analogue of FID (Heusel
et al., 2017) and FVD (Unterthiner et al., 2018): a
Fréchet distance in the latent space of a pose au-
toencoder trained to reconstruct motion. Because it
is a distance in a learned feature space, it inherits
every choice made in building that space, such as
the corpus the encoder saw, the motion window
length, the pose representation, and the random
seed. These choices are rarely reported, yet FGD
numbers are compared across papers that made
different choices.

We ask whether FGD can be a reliable proxy
for perceptual evaluation when only these nuisance
choices change. Holding the systems fixed, we
vary two families of configuration on the GENEA
2022 challenge outputs and their released human-
likeness ratings: (A) the reference tool’s exposed
settings (window length, seed, and feature versus
raw scoring), and (B) the corpus the feature extrac-
tor is trained on. We measure the stability of the
induced ranking and its agreement with the human
ranking, and repeat everything on the second GE-
NEA 2022 tier and on the independent GENEA
2023 challenge.

We find two things. The FGD ranking is not re-
producible at the decision-relevant margin, though
aggregate correlation stays moderate rather than
collapsing. More consequentially, FGD’s agree-
ment with human judgment is modest and can be
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moved appreciably by these undocumented choices.
Because the choices are neither standardized nor re-
ported, two papers computing FGD with different
but reasonable settings can report different win-
ners and different apparent validity without any
change to the systems: FGD is unreliable for re-
solving small differences between closely perform-
ing systems, and cross-paper FGD numbers are not
comparable. Our contributions are (i) a controlled
audit of FGD across two GENEA challenge years
that varies both the tool’s exposed settings and the
feature-extractor training corpus, measuring rank-
ing stability and human agreement together; (ii)
evidence that the top system flips between statisti-
cally tied systems while aggregate correlation stays
moderate; and (iii) the main result, that FGD’s
human agreement is a researcher-tunable quantity,
with concrete reporting recommendations.

2 Related Work

Fragility of Fréchet-style metrics. Fréchet-style
generative metrics are known to be fragile to ex-
actly the design choices we vary. Studies of FID,
FVD, and Fréchet Audio Distance document con-
tent bias (Ge et al., 2024), sensitivity to sample
size and the Gaussian assumption (Bischoff et al.,
2024; Bench et al., 2026), misranking relative to
human or downstream judgment (Wu et al., 2025;
Jiralerspong et al., 2023), and dependence on the
feature extractor and the choice of two-sample test
(Chung et al., 2025; Cai et al., 2025; Grossi et al.,
2025). These establish that the fragility exists in
principle; what is missing is a measurement of how
far it moves a real set of rankings.

Evaluating gesture generation. In gesture gen-
eration, human perceptual studies remain the gold
standard (Kucherenko et al., 2024, 2023), but they
are slow and costly, which is why FGD is used
as their automatic proxy. Several works question
that proxy: the GENEA Leaderboard position pa-
per (Nagy et al., 2024) argues qualitatively for a
standardized living benchmark, “2D or not 2D”
(Guichoux et al., 2024) shows pose-representation
dimensionality shifts FGD values for a pair of sys-
tems, and gesture perception has been examined in
immersive settings (Werner et al., 2025). Closest
to our setting, Crnek et al. (2025) search 56 feature-
extractor and distance combinations on GENEA
2022 and 2023 for ones that better correlate with
human studies (best ≈ 0.81); they seek a better
metric, whereas we hold the standard FGD fixed

and measure how far its undocumented configura-
tion moves the rankings that papers already report,
across two challenge years.

Robustness of automatic leaderboards. Our
framing connects to a growing concern with the
robustness of automatic leaderboards, from bench-
marks that prove fragile to superficial changes
(Feng et al., 2025) to leaderboards whose integrity
can be undermined through the evaluation pipeline
(Naseh et al., 2025). FGD-based rankings carry
a similar but entirely undocumented degree of
freedom in the metric’s own configuration. Prior
work asks which extractor best correlates with hu-
man studies; to our knowledge we are the first to
audit the ranking-comparability consequences of
the standard FGD’s undocumented configuration,
measuring the induced ranking instability and the
change in human agreement together.

3 Method and Setup

Metric. FGD fits Gaussians to the pooled feature
vectors of a candidate system’s motion and of natu-
ral motion, and returns their Fréchet distance (Yoon
et al., 2020); the feature space is the latent of an
EmbeddingNet pose autoencoder. We use the
GENEA reference implementation (Kucherenko
et al., 2024),1 train the autoencoder for 10 epochs
(Adam, learning rate 5e−4; the released code uses
50, which we also test), and score every system
against natural motion. Our default extractor is
trained on the pooled motion of all systems, nat-
ural included. The challenge paper describes its
extractor as “trained on the challenge dataset”; the
released code trains it on the natural-motion test
clips. Axis B below includes that natural-only cor-
pus, so both readings are covered. The unit is a
system (one model’s released outputs); we never
retrain a generator.

What we vary. The manipulated variable is the
FGD configuration, along two axes. Axis A
(the tool’s settings) is a grid over window length
{30, 60, 90} frames, seed {0, 1}, and scoring space
(the 32-dimensional latent, “feat”, versus mean-
pooled raw pose, “raw”), giving 12 configurations.
Axis B (the training corpus) holds window at 30
and feature space, and trains the autoencoder on
five corpora drawn from the same pool: all systems,
natural only, all synthetic, and two disjoint halves

1github.com/genea-workshop/
genea_numerical_evaluations
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of the systems. The community treats the extractor
as neutral; this axis tests that directly.

What we measure. We rank systems by FGD
and compare rankings with Kendall’s τb: the num-
ber of system pairs ordered the same way in both
rankings minus the number ordered differently, di-
vided by the number of pairs, with a correction for
ties. τ = 1 means identical order, 0 no association.
With 10 synthetic systems there are 45 pairs, so τ
moves in steps of 2/45 ≈ 0.044, and τ = 0.867
means three pairs are ordered differently. We report
three quantities. Stability is τ between the rankings
of two configurations, plus whether the top-ranked
system changes (a top-1 flip). Validity is τ between
a configuration’s FGD ranking and the human rank-
ing, where the human ranking orders systems by
their median human-likeness rating. Spread is
the range of validity across configurations. We
target human-likeness because FGD is a motion-
realism metric matched to that axis, whereas the
challenges’ appropriateness rating turns on speech-
gesture alignment that FGD does not model. Natu-
ral motion is the reference, so it attains near-zero
FGD and trivially wins; headline numbers therefore
use the synthetic-only ranking (natural excluded),
with the with-natural counterpart reported along-
side. Feat and raw are different metrics, so feat-
only stability is primary. We quantify uncertainty
by bootstrapping over study participants (validity),
over the 40 clips per system (the FGD values), and
by retraining at a larger budget (to rule out under-
training).

Data. We use the GENEA Challenge 2022 (Yoon
et al., 2022), whose evaluation is analysed in ex-
tended form by Kucherenko et al. (2024):2 the
upper-body tier has 11 systems (10 synthetic plus
natural), 40 clips each, pose dimension 162, 26,785
windows at length 30; the full-body tier has 10 sys-
tems and pose dimension 174, used for replication.
We add a second challenge year, GENEA 2023
(Kucherenko et al., 2023)3 (15 systems including
natural, 30 clips each), whose outputs are released
only as joint-angle BVH, so we convert them to 3D
joint coordinates (root-relative, 330 dimensions)
with the challenge’s own forward-kinematics tool-
ing, verified by a near-zero natural-versus-natural
FGD. Systems carry anonymized GENEA identi-

2Motion: zenodo.org/records/6973297; ratings: zen-
odo.org/records/6940057.

3Motion: zenodo.org/records/8146027; ratings: zen-
odo.org/records/8434117.

fiers (for example USQ, USM). Ratings are the
released per-participant scores (roughly 1000 to
1500 per system, upper-body). All motion and rat-
ings are public Zenodo releases (footnotes 2 and
3); no generator was trained.

4 Results

Ranking stability (Axis A): the aggregate or-
der is moderately stable, but the winner is not.
Across the 12 upper-body configurations, synthetic-
only pairwise τ has median 0.867 and minimum
0.733; within the feature space alone it is higher
(0.911 / 0.822). Rankings are never identical but
the aggregate correlation is moderate, not a col-
lapse: a typical configuration pair inverts a median
of 3 of the 45 synthetic pairs, the most discordant
pair inverts 6. Including natural raises stability
slightly (0.891 / 0.782). What breaks is the top of
the table: USQ ranks first in 4 of 12 configurations
and USM in the other 8, so two systems are each
“best” depending only on window, seed, and scoring
space, and the flip occurs within the feature space.
At window 30 the winner flips with the seed alone,
and this persists when the extractor is retrained at
five times the budget (50 epochs), so it is not an
undertraining artifact. A per-clip bootstrap (500
resamples over the 40 clips; window 30, feature
space, seed 0) shows USQ and USM are statisti-
cally tied: FGD 3.09 (95% CI [2.21, 4.56]) and
3.70 (95% CI [2.51, 5.91]), gap CI [−1.35, 3.11],
positive in 71% of resamples. The top-1 flip is thus
a tie-flip: FGD cannot separate the two systems yet
assigns a definite rank that flips with configuration,
which is the mechanism behind our recommenda-
tion to treat close differences as ties.

Validity: human agreement is modest and
moves with configuration. We treat validity as
exploratory. Against the human ranking, synthetic-
only τ has median 0.422, so FGD captures under
half of the pairwise order of human preference. The
disagreement is specific: at a median-agreement
configuration (window 60, seed 0, feature space)
FGD’s best synthetic system USM is humans’ 7th
of 11, FGD’s worst system USN is humans’ 5th,
and the human favourite USQ is FGD’s 3rd. In-
cluding the natural anchor (which FGD trivially
places first) raises the median to 0.491, matching
the τ ≈ 0.5 FGD–human agreement reported by
Kucherenko et al. (2024); the lower synthetic-only
figure is the harder natural-excluded test, not a dis-
crepancy with prior work. This agreement is tun-
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able: across the 12 configurations it ranges from
0.333 to 0.511 (spread 0.178, standard deviation
0.057; Table 1), which corresponds to roughly four
of the 45 system pairs reordering. Window length
is one axis, but its direction is confounded: shorter
windows yield more windows (window 30 about
three times window 90) and Fréchet distance is
sample-size biased (Bischoff et al., 2024). Hold-
ing the per-system window count fixed, the ap-
parent shorter-is-better trend disappears and re-
verses (matched τ 0.289, 0.467, 0.333 at windows
30/60/90), so we make no recommendation on win-
dow length; the point is that agreement moves with
the window. Window 30 and window 90 at their
natural window counts (seed 0, feature space) do
differ under participant resampling (paired differ-
ence 0.133, 0 of 2000 resamples ≤ 0, one-sided
p < 0.0005; the marginal CIs overlap because
they retain between-participant variance that the
paired difference cancels, and τ over ten systems is
quantized in 0.044 steps). Since those two configu-
rations also differ in window count, this shows the
choice is consequential, not that shorter is better.

Axis B: the extractor’s training corpus is a hid-
den axis. Training the autoencoder on five cor-
pora from the same pool yields synthetic-only
cross-corpus τ of median 0.800 and minimum
0.644, comparable to, if not larger than, the re-
ordering from the exposed settings. The mid-table
moves (USN shifts from rank 10 to 7 by corpus),
though the top is stable on this tier. Per-corpus hu-
man agreement ranges from 0.378 (all, natural, or
all synthetic) to 0.556 (one arbitrary half), standard
deviation 0.069: an undocumented, unmotivated
choice moves apparent validity. A size-matched
control (every corpus subsampled to the same win-
dow count before training the extractor) reproduces
the reordering (synthetic-only τ 0.778 / 0.600) and
most of the human-agreement spread (0.133 of
0.178), so the axis is primarily corpus content, not
sample size. One confound remains: every cor-
pus is drawn from the systems being scored, so we
read this result as showing that the extractor is not
neutral, without claiming which corpus is the right
one.

Replication (full-body and GENEA 2023).
Both effects reproduce on the full-body tier (Ta-
ble 1). Axis A synthetic-only τ is 0.889 / 0.722,
and the top system flips between FSA and FSH.
Axis B cross-corpus τ is 0.806 / 0.667, and here
the instability reaches the top: training on an arbi-

Stability τ Validity τ

Axis / tier median min range spread

A: settings (upper) 0.867 0.733 0.333–0.511 0.178
A: settings (full) 0.889 0.722 0.333–0.556 0.222
A: settings (2023) 0.802 0.626 0.451–0.692 0.242
B: corpus (upper) 0.800 0.644 0.378–0.556 0.178
B: corpus (full) 0.806 0.667 0.389–0.611 0.222

Table 1: Stability (synthetic-only pairwise Kendall τ
between the FGD rankings of different configurations)
and validity (synthetic-only Kendall τ between each
configuration’s FGD ranking and the human ranking,
as a range over configurations and its spread). Rank-
ings are never identical, the training corpus reorders the
board comparably to the tool’s own settings, and human
agreement is modest and moves with configuration.

trary half flips the winner from FSA to FSH. Hu-
man agreement is again modest and tunable, with
spread 0.222 on both axes. Which corpus agrees
best differs by tier (full-body favours natural-only
at τ = 0.611), so the invariant is the large spread,
not a consistent best corpus, which is itself evi-
dence the choice is an unprincipled degree of free-
dom. The finding also holds on the GENEA 2023
challenge, a different year with different systems
and a different skeleton: synthetic-only τ is 0.802
/ 0.626 and the top synthetic system again flips
(SJ versus SG), while agreement with humans is
again modest (median 0.571) and configuration-
dependent (spread 0.242).

5 Discussion

No single FGD number is comparable across pa-
pers unless the window, seed, scoring space, and
feature-extractor training corpus are all pinned and
reported: two papers making different but reason-
able choices can disagree on which system is best
and on how human-valid FGD appears, without
any difference in the systems. We recommend that
FGD be reported with a fully disclosed configura-
tion including the training corpus; that small FGD
differences not be interpreted, since FGD cannot
separate closely performing systems and even the
top two here are statistically indistinguishable un-
der clip resampling; and that cross-paper FGD com-
parisons be treated as unsound unless these choices
are held identical.

6 Conclusion

FGD rankings of gesture-generation systems, and
FGD’s very agreement with human judgment, are
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tunable by configuration choices that papers do
not report. The ranking is not reproducible at the
decision-relevant margin, where even the top two
systems are statistically tied, and the metric’s ap-
parent validity can be moved by as much as 0.18
to 0.24 Kendall τ across tiers without changing
the systems. These effects hold across two GE-
NEA challenge years and three tiers. Comparable
gesture evaluation requires pinning and reporting
the full FGD configuration, including the feature-
extractor training corpus, and treating close FGD
differences as ties.

Limitations

The evidence is on the GENEA challenge datasets
(two challenge years, three tiers); the direction
should generalize to other corpora and motion for-
mats, though magnitudes may not. Aggregate cor-
relation is moderate (0.80 to 0.89), so the honest
reading is that FGD is unreliable at the margin
and for close systems, not that it is random. The
training-corpus axis uses in-format subsets of the
scored pool rather than an external corpus (the chal-
lenge training data is in a different motion format);
a size-matched control rules out sample size, but
the extractor still trains on the systems it scores,
so a fully disjoint external corpus remains future
work. The window-length trend does not survive
matching sample size, so we claim no window-
length effect; and the participant bootstrap covers
rating noise, not FGD-side noise except where we
bootstrap the FGD values. Kendall τb over ten sys-
tems is coarse (steps of 2/45), which we reflect
by reporting worst-case and typical discordance
separately.

Availability

The code, runner, reference outputs, and data recipe
are publicly available.4 The audit uses only the
public GENEA motion and rating releases cited in
Section 3, which we do not redistribute.
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Karlo Crnek, Grega Močnik, and Matej Rojc. 2025. Ad-
vancing Objective Evaluation of Speech-Driven Ges-
ture Generation for Embodied Conversational Agents.
International Journal of Human–Computer Interac-
tion. Published online July 2025.

Haiwen Feng, Long Lian, Lisa Dunlap, Jiahao Shu,
XuDong Wang, Renhao Wang, Trevor Darrell,
Alane Suhr, and Angjoo Kanazawa. 2025. Visu-
ally Prompted Benchmarks Are Surprisingly Fragile.
arXiv preprint arXiv:2512.17875.

Songwei Ge, Aniruddha Mahapatra, Gaurav Parmar,
Jun-Yan Zhu, and Jia-Bin Huang. 2024. On the Con-
tent Bias in Fréchet Video Distance. In Proceedings
of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pages 7277–7288.
IEEE. ArXiv:2404.12391.

Samuele Grossi, Marco Letizia, and Riccardo Torre.
2025. Refereeing the Referees: Evaluating Two-
Sample Tests for Validating Generators in Precision
Sciences. Machine Learning: Science and Technol-
ogy, 6(1):015052. ArXiv:2409.16336.

76

https://github.com/transformerlab-research/fgd-config-audit
https://arxiv.org/abs/2601.21979
https://arxiv.org/abs/2601.21979
https://arxiv.org/abs/2601.21979
https://openreview.net/forum?id=isEFziui9p
https://openreview.net/forum?id=isEFziui9p
https://openreview.net/forum?id=isEFziui9p
https://arxiv.org/abs/2505.08082
https://arxiv.org/abs/2505.08082
https://arxiv.org/abs/2502.15602
https://arxiv.org/abs/2502.15602
https://arxiv.org/abs/2502.15602
https://doi.org/10.1080/10447318.2025.2531286
https://doi.org/10.1080/10447318.2025.2531286
https://doi.org/10.1080/10447318.2025.2531286
https://arxiv.org/abs/2512.17875
https://arxiv.org/abs/2512.17875
https://openaccess.thecvf.com/content/CVPR2024/html/Ge_On_the_Content_Bias_in_Frechet_Video_Distance_CVPR_2024_paper.html
https://openaccess.thecvf.com/content/CVPR2024/html/Ge_On_the_Content_Bias_in_Frechet_Video_Distance_CVPR_2024_paper.html
https://doi.org/10.1088/2632-2153/adb3ee
https://doi.org/10.1088/2632-2153/adb3ee
https://doi.org/10.1088/2632-2153/adb3ee


Téo Guichoux, Laure Soulier, Nicolas Obin, and Cather-
ine Pelachaud. 2024. 2D or not 2D: How Does the
Dimensionality of Gesture Representation Affect 3D
Co-Speech Gesture Generation? In Proceedings of
the 24th ACM International Conference on Intelligent
Virtual Agents (IVA ’24), pages 22:1–22:4. Associa-
tion for Computing Machinery. ArXiv:2409.10357.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. 2017. GANs
Trained by a Two Time-Scale Update Rule Con-
verge to a Local Nash Equilibrium. In Ad-
vances in Neural Information Processing Systems
30 (NeurIPS 2017), volume 30. Curran Associates,
Inc. ArXiv:1706.08500.

Marco Jiralerspong, Joey Bose, Ian Gemp, Chongli Qin,
Yoram Bachrach, and Gauthier Gidel. 2023. Fea-
ture Likelihood Divergence: Evaluating the Gener-
alization of Generative Models Using Samples. In
Advances in Neural Information Processing Systems
36 (NeurIPS 2023), volume 36, pages 33095–33119.
Curran Associates, Inc. ArXiv:2302.04440.

Taras Kucherenko, Rajmund Nagy, Youngwoo Yoon,
Jieyeon Woo, Teodor Nikolov, Mihail Tsakov, and
Gustav Eje Henter. 2023. The GENEA Challenge
2023: A Large-Scale Evaluation of Gesture Gen-
eration Models in Monadic and Dyadic Settings.
In Proceedings of the 25th International Confer-
ence on Multimodal Interaction (ICMI ’23), pages
792–801. Association for Computing Machinery.
ArXiv:2308.12646.

Taras Kucherenko, Pieter Wolfert, Youngwoo Yoon,
Carla Viegas, Teodor Nikolov, Mihail Tsakov, and
Gustav Eje Henter. 2024. Evaluating Gesture Gener-
ation in a Large-Scale Open Challenge: The GENEA
Challenge 2022. ACM Transactions on Graphics,
43(3):32:1–32:28. ArXiv:2303.08737.

Rajmund Nagy, Hendric Voss, Youngwoo Yoon, Taras
Kucherenko, Teodor Nikolov, Thanh Hoang-Minh,
Rachel McDonnell, Stefan Kopp, Michael Neff, and
Gustav Eje Henter. 2024. Towards a GENEA Leader-
board – an Extended, Living Benchmark for Evaluat-
ing and Advancing Conversational Motion Synthesis.
arXiv preprint arXiv:2410.06327.

Ali Naseh, Anshuman Suri, Yuefeng Peng, Harsh
Chaudhari, Alina Oprea, and Amir Houmansadr.
2025. Text-to-Image Models Leave Identifiable
Signatures: Implications for Leaderboard Security.
arXiv preprint arXiv:2510.06525.

Simbarashe Nyatsanga, Taras Kucherenko, Chaitanya
Ahuja, Gustav Eje Henter, and Michael Neff. 2023.
A Comprehensive Review of Data-Driven Co-Speech
Gesture Generation. Computer Graphics Forum,
42(2):569–596. ArXiv:2301.05339.

Thomas Unterthiner, Sjoerd van Steenkiste, Karol Ku-
rach, Raphael Marinier, Marcin Michalski, and Syl-
vain Gelly. 2018. Towards Accurate Generative Mod-
els of Video: A New Metric and Challenges. arXiv
preprint arXiv:1812.01717.

Axel Wiebe Werner, Jonas Beskow, and Anna Deichler.
2025. Gesture Evaluation in Virtual Reality. arXiv
preprint arXiv:2509.12816.

Yuli Wu, Fucheng Liu, Rüveyda Yilmaz, Henning Kon-
ermann, Peter Walter, and Johannes Stegmaier. 2025.
Pragmatic Note on FID for Retinal Image Synthesis.
arXiv preprint arXiv:2502.17160.

Youngwoo Yoon, Bok Cha, Joo-Haeng Lee, Minsu
Jang, Jaeyeon Lee, Jaehong Kim, and Geehyuk Lee.
2020. Speech Gesture Generation from the Tri-
modal Context of Text, Audio, and Speaker Identity.
ACM Transactions on Graphics, 39(6):222:1–222:16.
ArXiv:2009.02119.

Youngwoo Yoon, Pieter Wolfert, Taras Kucherenko,
Carla Viegas, Teodor Nikolov, Mihail Tsakov, and
Gustav Eje Henter. 2022. The GENEA Challenge
2022: A Large Evaluation of Data-Driven Co-Speech
Gesture Generation. In Proceedings of the 2022 In-
ternational Conference on Multimodal Interaction
(ICMI ’22), pages 736–747. Association for Comput-
ing Machinery. ArXiv:2208.10441.

77

https://doi.org/10.1145/3652988.3673934
https://doi.org/10.1145/3652988.3673934
https://doi.org/10.1145/3652988.3673934
https://proceedings.neurips.cc/paper/2017/hash/8a1d694707eb0fefe65871369074926d-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a1d694707eb0fefe65871369074926d-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a1d694707eb0fefe65871369074926d-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/68b138608ef80b08d65b1bd9594d9559-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/68b138608ef80b08d65b1bd9594d9559-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/68b138608ef80b08d65b1bd9594d9559-Abstract-Conference.html
https://doi.org/10.1145/3577190.3616120
https://doi.org/10.1145/3577190.3616120
https://doi.org/10.1145/3577190.3616120
https://doi.org/10.1145/3656374
https://doi.org/10.1145/3656374
https://doi.org/10.1145/3656374
https://arxiv.org/abs/2410.06327
https://arxiv.org/abs/2410.06327
https://arxiv.org/abs/2410.06327
https://arxiv.org/abs/2510.06525
https://arxiv.org/abs/2510.06525
https://doi.org/10.1111/cgf.14776
https://doi.org/10.1111/cgf.14776
https://arxiv.org/abs/1812.01717
https://arxiv.org/abs/1812.01717
https://arxiv.org/abs/2509.12816
https://arxiv.org/abs/2502.17160
https://doi.org/10.1145/3414685.3417838
https://doi.org/10.1145/3414685.3417838
https://doi.org/10.1145/3536221.3558058
https://doi.org/10.1145/3536221.3558058
https://doi.org/10.1145/3536221.3558058


Proceedings of the 1st Workshop on Multimodal Interaction in Face-to-Face Dialogue (MINT), pages 78–88
October 29, 2026 ©2026 Association for Computational Linguistics

Behavioral Alignment and the Engagement for Non-Speaking Participants
in Online Meetings

Trung Duc Anh Dang*

University of Copenhagen
Zhiqing Peng *

University of Copenhagen
Patrizia Paggio†

University of Copenhagen
paggio@hum.ku.dk

Abstract

Engagement detection in meetings has focused
mostly on speakers, who produce explicit
prosodic and acoustic cues. The engagement
of non-speaking participants is harder to read
because it surfaces only in nonverbal behaviour.
We predict how engaged a silent listener is,
on a three-level scale (Engaged, Intermittent,
Disengaged), in five-second windows of re-
mote Zoom meetings from the GEstures and
Head Movements in Language (GEHM) cor-
pus. Each window is described by three fea-
ture families: the listener’s own nonverbal be-
haviour, the listener’s behavioural alignment
with the others present, including the active
speaker, and that speaker’s prosody. Interper-
sonal coordination is an established correlate of
rapport and involvement. We ask the narrower
question of whether a compact window-level
alignment measure adds predictive value over
listener-only features when confident labels are
scarce. Under leakage-free cross-validation,
listener-speaker alignment is the most useful
addition we test, and the speaker’s terminal
pitch slope is an interpretable correlate of lis-
tener engagement. The gains are modest and
their bootstrap intervals include zero. Unsuper-
vised analysis finds no engagement structure.
Two findings are firmer: the task is effectively
binary, actively engaged versus not, bounded
by the scarcity of confident disengaged labels,
and the pitch-slope correlate holds despite the
small sample.

1 Introduction

Online meetings have become a standard means of
communication across work and education due to
the increasing need for remote collaboration, and
engagement detection in this setting is an active
research area, since engagement is a key indicator
of meeting quality, productivity, and effectiveness

* Equal contribution.
† Corresponding author.

(Frank et al., 2016). Research on engagement de-
tection mainly targets the speakers, who produce
explicit and quantifiable engagement signals, espe-
cially prosodic-acoustic features (Pellet-Rostaing
et al., 2023). Feedback from listeners, conversely,
is often conveyed through subtle and multifunc-
tional non-verbal cues, making it challenging to
interpret and classify their level of engagement
(Pellet-Rostaing et al., 2023). Listener engagement
is also an important factor shaping meeting dynam-
ics and productivity, which motivates analyzing the
engagement of non-speaking participants directly.

The unit of prediction is a five-second window
in which a target participant is silent while some-
one else holds the floor, taken from the GEHM
corpus of remote multi-party Zoom meetings (Pag-
gio et al., 2024). For each window we predict how
engaged the silent target appears, on the three-level
scale used by our annotators: Engaged, Intermit-
tent, and Disengaged (defined in §3.1). We adopt
the behavioural definition of engagement proposed
by Fredricks et al. (2004): visible participation and
involvement in interaction, read from head pose,
eye gaze, and facial expression (Kaur et al., 2018).
The target produces no words in these windows,
so engagement must be read from nonverbal be-
haviour and from the surrounding interaction.

Various behavioral features have been used for
engagement detection and classification, including
prosodic-acoustic cues, facial expressions, gestures,
postures, head pose, and gaze behaviors (Oertel
et al., 2011; Singh et al., 2023; Inoue et al., 2018).
Recent engagement estimation models take conver-
sational context into account, estimating a target
participant’s engagement by combining the par-
ticipant’s own audio-visual behaviour with cues
from their conversational partners (Li et al., 2024;
Müller et al., 2024). These methods depend on
supervised engagement labels. They integrate the
partner through learned audio-visual representa-
tions, not through an explicit measure of the be-
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havioural relation between the two.
In social signal processing and social neuro-

science, interpersonal coordination is an estab-
lished correlate of rapport, affiliation, and involve-
ment (Bernieri et al., 1991; Delaherche et al., 2012;
Ohayon and Gordon, 2025); we review this work in
§2. Our question is therefore not whether coordina-
tion relates to engagement but whether it can be op-
erationalised usefully under the constraints of this
setting. Does a compact, window-level measure of
how similarly a silent listener behaves to the oth-
ers present add predictive value over listener-only
features? The setting is unfavourable: the measure
comes from off-the-shelf visual representations, the
meetings are remote and lack the mutual-gaze and
proxemic cues of co-present interaction, and confi-
dent labels are few. We treat this as a question about
incremental predictive value in an ablation. Our
analysis is correlational and confined to a single
window. They cannot causally separate a listener’s
individual behaviour from their coordination with
others; we return to this in the Limitations section.

First, we describe an exploratory clustering ex-
periment in which we investigate whether engage-
ment behaviour can be learnt in an unsupervised
way. Then we report the results of several classi-
fication experiments in which engagement is first
predicted in terms of three classes, and then based
on a binary distinction, using different feature fam-
ilies.

Our contributions are: (1) An explicit window-
level alignment measure for silent listeners: We
quantify how much the listener’s behavioural align-
ment with others adds over listener-only behaviour.
In our ablation, listener-speaker alignment is the
strongest addition, ahead of alignment with other
listeners and of speaker-only features. The margins
are within fold-to-fold variance and their bootstrap
intervals include zero. The speaker’s terminal pitch
slope is an interpretable correlate of listener en-
gagement. (2) Label-scheme sensitivity analysis
under label scarcity: We test several binary reduc-
tions of the original three-class engagement scheme
to examine whether the task difficulty comes from
weak behavioural signal or from the label struc-
ture itself. This provides a basis for interpreting
whether poor fine-grained performance reflects in-
sufficient features or ambiguity in the engagement
labels.1

1Code, feature-extraction pipeline, and annotation guide-
lines are available at https://github.com/ducanhdt/
listener-meeting-engagement.

2 Related Work

Engagement in conversation and meetings.
Engagement and involvement have often been
detected through prosodic and movement cues
(Gatica-Perez et al., 2005). Oertel et al. (2011)
found that prosodic cues, together with head and
body movement, correlated with the level of in-
volvement in conversation. These cues are less
available for non-speaking participants, whose en-
gagement is expressed mainly through subtler non-
verbal behaviour. Recent engagement estimation
studies also use cues from conversational part-
ners. The Dialogue-Aware Transformer frame-
work (DAT) by Li et al. (2024), for instance, uses
both the participant’s behaviour and information
from their conversational partner. These models
learn participant–partner interactions from super-
vised audio-visual data, whereas we explicitly mea-
sure the listener’s behavioural alignment with other
meeting participants, including the speaker, against
a small manually annotated dataset.

Listener cues and label subjectivity. For silent
listeners, previous work has focused mainly on
feedback behaviour. Inoue et al. (2018) recog-
nize engagement from listener behaviours such as
backchannels, laughter, nodding, and gaze, while
also noting that engagement judgments vary across
annotators. Related work in online learning also
predicts engagement from visual cues such as facial
expressions, head pose, posture, and eye movement,
often in settings where learners are not speaking
(Dewan et al., 2019; Kaur et al., 2018). We adopt
similar visual descriptors for silent listeners, while
facing the same central challenge: engagement la-
bels are partly shaped by annotator uncertainty.

Classifying the silent participant. The closest
precedent for our task is Oertel et al. (2015), who
study silent participants in co-present group discus-
sions. Raters assessed both the listener role a silent
participant occupies and their engagement level
from 15-second video clips, and the authors then
classified those roles automatically from audio-
visual cues. Our scheme keeps only the second
of these dimensions: the three classes grade the
degree of attentional involvement a listener dis-
plays in a five-second window (§3.1), without dis-
tinguishing whether that listener is the one cur-
rently addressed. Role is therefore an uncontrolled
confound for our labels, since some of what an an-
notator reads as intermittent involvement may be
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a listener who is simply not being addressed. The
settings differ as well. Their discussions are co-
present; ours are remote gallery-view Zoom meet-
ings, where mutual gaze is not recoverable and role
is correspondingly harder to infer.

Interpersonal coordination as a social signal.
That interacting people coordinate their behaviour,
and that the degree of coordination tracks the qual-
ity of the interaction, is established. Bernieri et al.
(1991) showed that observer-rated movement syn-
chrony predicts judgments of rapport. Delaherche
et al. (2012) survey how synchrony has been op-
erationalised across psychology, social signal pro-
cessing, and clinical research; the measures differ
in time scale and in what counts as similarity. The
meta-analysis of Ohayon and Gordon (2025) finds
a positive association between multimodal interper-
sonal synchrony and social outcomes such as affilia-
tion and cooperation, with substantial heterogeneity
across modalities and measurement choices. Wohlt-
jen and Wheatley (2021) link coordination to atten-
tion directly: in dyadic conversation, moments of
eye contact coincide with peaks of pupillary syn-
chrony and are followed by its decline, so more syn-
chrony does not simply mean more shared attention.
In language technology the same idea appears as
entrainment. Levitan et al. (2011) show that speak-
ers entrain on acoustic-prosodic cues preceding
backchannels, and that greater similarity accompa-
nies better dialogue coordination and task success
(Levitan et al., 2012). Müller et al. (2018) predict
low rapport in small groups from non-verbal be-
haviour including synchronisation features. Closest
to our data, Paggio et al. (2026) show that in the
GEHM corpus speakers move their heads more in
target intervals where verbal feedback is present.

Our position. We do not claim that coordination
is a new indicator of engagement; the work above
already supports it. What the literature does not
settle is whether a compact, unlagged, window-
level similarity, of the kind a small labelled sample
can support, retains any of that signal for silent
listeners in remote meetings. That is the question
we test.

3 Methodology

We predict the engagement of a target participant
in short windows in which that participant is silent.
Within each meeting we divide every participant’s
video into five-second windows with a two-second

overlap. For a given target we keep only the win-
dows in which the target produces no speech while
another participant holds the floor. Each such win-
dow is the unit of prediction. Engagement must
therefore be read from the target’s nonverbal be-
haviour and from the surrounding interaction, since
the target participant by definition produces no
words in the windows under consideration. Fig-
ure 1 summarises the full pipeline.

3.1 Corpus and Labels

We use the GEHM corpus (Paggio et al., 2024),
collected by one of the present authors in an ear-
lier project: twelve remote multi-party meetings
(about eight hours, English) recorded over Zoom,
so each participant appears head-and-shoulders in
a separate gallery-view stream with a separate au-
dio channel, and is mostly silent while listening to
whoever currently holds the floor. The engagement
annotation described below was produced for this
study and is new.

Each participant’s video is cut into five-second
windows with a two-second overlap. We use the
TextGrid speech alignments to remove windows in
which the target speaks, including questions and
short verbal responses, and drop windows where
the target is not visible in at least 95% of frames
(OpenPose detection; Cao et al., 2021) or faces sub-
stantially away from the screen, judged by average
head orientation. Near-duplicate windows are clus-
tered by CLIP (Contrastive Language–Image Pre-
training; Radford et al., 2021) embedding, keeping
one representative per cluster to reduce visual re-
dundancy. Each retained window is paired with two
randomly chosen co-present participants from the
same timeframe, whose streams supply the refer-
ence signals for the listener↔ co-participant align-
ment. After filtering, 549 silent windows remain.

The active speaker for a window is the co-
participant whose transcript overlaps it the most,
identified for about 64% of windows; windows
with no overlapping speech have no identified ac-
tive speaker, and the speaker family is then imputed
with the training-fold median (§3.3).

Engagement definitions. Annotators judged, for
each five-second window, how engaged the silent
participant appeared in that window, using the be-
havioural notion of engagement already mentioned
in §1: visible participation and involvement, read
off head pose, gaze direction, facial expression, and
head and hand movement (Fredricks et al., 2004;
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Engagement prediction for non-speaking meeting participants

GEHM Zoom corpus
5 s silent windows
Listener not speaking

Feature extraction
Three feature families

Unsupervised exploration 
 · clusters as diagnostic (k = 2, ARI ≈ 0)

Supervised classification 
 · Random Forest, leakage-free CV, macro-F1

Predicted engagement
· Active 
· Intermittent 
· Disengaged

A
Listener nonverbal
the silent target on its own

• Head pose & movement, angular velocities
• Micro-nods, head-shakes, hand gestures
• Facial Action Units (AU) → PCA, 20 comps
• CLIP visual embeddings → PCA, 100 comps

B
Behavioral alignment
the listener in relation to others

Listener ↔ co-participants
• cosine sim. to two reference participants (AU, CLIP)
Listener ↔ speaker
• cosine sim. + correlation to the active speaker = 4 scalars
• Compact similarity scalars, not difference vectors

C
Speaker prosody
the person holding the floor

• Active speaker's audio via Praat / parselmouth
• Pitch in semitones rel. window median
• Terminal pitch slope (st/s), slope, curvature
• Intensity, pausing, rate, voice quality
• Turn-taking cues from transcripts

Figure 1: Overview of the approach. Each five-second window in which the target participant is silent is described
by three feature families: the listener’s own nonverbal behaviour (A), the behavioural alignment between the listener
and others (B), and the active speaker’s prosody (C). The same features feed an unsupervised exploration, where
clustering is used only as a diagnostic, and the supervised classification that predicts the listener’s engagement.

Kaur et al., 2018). The guideline defined the three
levels as follows. Engaged (E): the target appears
to be attending to the ongoing talk throughout the
window, typically oriented towards the screen, with
responsive behaviour such as nodding, gaze track-
ing the active speaker’s tile, or facial reactions that
follow the content. Disengaged (D): the target
shows no sign of attending to the ongoing talk, for
instance sustained gaze away from the screen, sus-
tained absence of responsive movement, or visible
involvement in an unrelated activity. Intermittent
(I) was intended as the label for windows that could
not confidently be placed in either of these two
classes: the target shows mixed or weak cues, for
example occasional distraction while still broadly
following the speaker, so that the annotator cannot
say with confidence whether the target is engaged
or not. Annotators marked a window unclear when
they could not make any judgment at all. The mid-
dle class is thus by design a region of annotator
uncertainty rather than a distinct behavioural state,
which bears on how the three-class results should
be read (§4.4).

Annotation and agreement. Four non-expert an-
notators labelled 107 selected windows under this
guideline. They saw only the target’s video stream
for the window, without audio and without the other
participants’ streams, so the judgment rested on
the target’s visible behaviour rather than on what
was said or on how others reacted. One annota-
tor’s labels diverged from the other three (mean
pairwise Cohen’s κ = 0.17 (Cohen, 1960), far
below the agreement among the other three) and
were excluded. The exclusion was decided from

the agreement matrix alone, before performing any
experiment. The three retained annotators reach
Fleiss’ κ = 0.42 (Fleiss, 1971), moderate agree-
ment. Engagement judgments from thin slices of
silent video vary across annotators (Inoue et al.,
2018), and most of our disagreement falls on the
middle Intermittent class rather than on the En-
gaged/Disengaged contrast. Windows without a
majority label, or marked unclear by most anno-
tators, were removed, leaving 102 windows (46
unanimous, the rest by majority vote). Remov-
ing windows that lacked two reference participants
gives the final 89. The supervised experiments use
those 89 windows (44 Engaged, 28 Intermittent, 17
Disengaged); the unsupervised exploration (§4.1)
uses all 549 silent windows.

Restricting the evaluation to windows with a
clear majority label is a trade. It removes the win-
dows where the label is least trustworthy, at the cost
of evaluating on a smaller and easier sample, so the
absolute scores we report are an upper bound on
performance over all silent windows. The resulting
89-window sample is small and class-imbalanced,
which is why we report against a majority-class
floor and treat all gains as directional. All unsuper-
vised steps, standardisation, PCA, and the speaker-
feature imputation statistics, however, are fit on
all 549 silent windows, not only the 89 labelled
ones. We treat the three-class formulation as pri-
mary because it is what the annotators used. The
moderate agreement on the middle class is why we
also report a family of label reductions (§3.3, §4.4)
to verify whether the difficulty lies in the behaviour
or in the label scheme.
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3.2 Feature Families

We represent every window with three families of
features, organised so that the contribution of the
interaction can be isolated from that of the listener
alone.

Family A: listener nonverbal behaviour. The
first family characterises the target in isolation, fol-
lowing the head-pose and head-movement descrip-
tors used for engagement in mostly silent settings
such as online learning (Gupta et al., 2016; Dewan
et al., 2019). From per-frame body and face key-
points (Cao et al., 2021) and estimated head orienta-
tion, we derive head-pose statistics, angular veloci-
ties, and counts of micro-nods and head-shakes, to-
gether with hand-gesture cues detected from wrist
and face keypoints (Lugaresi et al., 2019). We add
per-frame facial Action Units (AU) (Baltrušaitis
et al., 2018) and CLIP visual embeddings (Radford
et al., 2021) of the listener’s frames. The Action
Units and CLIP embeddings are each reduced by
principal component analysis to the number of com-
ponents that preserves nearly all of their variance:
20 components for the Action Units and 100 for
the CLIP embeddings, retaining roughly 100% and
97% of the variance, respectively. This family is
the target-only baseline against which the interac-
tional families are measured.

Family B: behavioral alignment. The second
family measures how closely the listener’s be-
haviour resembles others in the meeting, motivated
by the long-standing finding that interpersonal en-
trainment and movement synchrony reflect rapport
and affiliation (Levitan et al., 2011; Bernieri et al.,
1991; Müller et al., 2018; Ohayon and Gordon,
2025). Among the many ways synchrony has been
operationalised (Delaherche et al., 2012), ours is
at the simple end: an unlagged, within-window
similarity between representations of two people’s
visible behaviour, a choice driven by sample size
rather than theory (see Limitations). We com-
pute alignment along two distinct relations. Lis-
tener↔ co-participants alignment is the cosine
similarity between the target and two randomly
chosen co-present listeners, together with the simi-
larity between those two, on the AU and CLIP chan-
nels, capturing whether the listener behaves in step
with the others and stays oriented toward the meet-
ing rather than looking away. Listener↔ speaker
alignment is computed directly between the target
and the single concurrently active speaker in the

same window, on the visual (CLIP) and Action-
Unit channels, via cosine similarity and correlation.
We encode alignment as a small set of similarity
scalars rather than as a high-dimensional element-
wise difference vector, which keeps this family
compact enough to be usable given the relatively
small sample size we are working with.

Family C: speaker prosody. The third family
characterises the person currently holding the floor,
on the premise that the prosody of ongoing speech
is part of the interactional context that shapes
how engaged listeners appear: speakers provide
prosodic cues, terminal pitch movement among
them, that invite listener feedback (Gravano and
Hirschberg, 2011). The active speaker for a win-
dow is the co-participant whose speech overlaps
it the most. From that speaker’s separated audio,
we extract acoustic prosody features with Praat
(Boersma and Weenink, 2021) and the Parselmouth
library (Jadoul et al., 2018), expressed in semitones
relative to the window median so that it is compa-
rable across speakers: mean pitch and pitch vari-
ability, overall and terminal pitch slope, intensity,
pausing, speaking rate, and voice quality. From
the time-aligned transcripts, we also retain conver-
sational turn-taking cues: how many participants
are speaking in the window, how long the current
speaker has already held the floor, how recently the
listener last spoke, how much speech from others
overlaps, and the window’s position in the meet-
ing. Because the speaker generally addresses the
group rather than the specific silent listener, we
read these cues as concurrent interactional context
that co-varies with the listener’s state, not as a sig-
nal directed at the listener.

3.3 Experimental Setup and Evaluation

Unsupervised exploration. Given the fact that
reliable annotated labels of engagement only cover
a small subset of the material, we first ask whether
engagement can be recovered without them. This
follows a semi-supervised intuition: listeners at-
tending to the same speaker should behave simi-
larly, so engagement states might surface as natural
groups in the behavioural feature space, which a
handful of labelled examples per group could then
name. We cluster the windows with three standard
algorithms, KMeans, a Gaussian Mixture Model
(GMM), and Ward agglomerative clustering, on
two feature configurations, the listener-only base-
line and the baseline augmented with alignment,
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and select the number of groups by silhouette width.
We then compare the clusters with the gold labels
through the Adjusted Rand Index. We treat clus-
tering as a diagnostic of whether engagement is a
salient axis of behavioural variation, not as a re-
placement for classification (§4.1).

Supervised classification. The supervised
pipeline measures the contribution of each feature
family with stratified five-fold cross-validation.
All standardisation, PCA, and imputation are
fit on the training folds only, so the protocol is
leakage-free. In particular, speaker features that
are missing when no speaker is identified are
assigned the value of the training-fold median.
Because the classes are imbalanced (44/28/17),
we report macro-F1 as the primary metric, with
accuracy and a majority-class floor (always
predicting the most frequent class) as references.
The primary estimator is a Random Forest of 300
trees with balanced class weights, which handles
the high-dimensional visual features well; we also
report Logistic Regression, with balanced class
weights and up to 2000 iterations, to confirm the
direction of effects. We quantify the sampling
uncertainty of each comparison with a paired
bootstrap: 5000 resamples stratified by the true
label, sampling windows with replacement within
each class so every replicate keeps all classes and
the original class balance, from which we report
a 95% percentile interval for every macro-F1

margin. The bootstrap holds the fold models
fixed and reuses their out-of-fold predictions, so
it estimates the variability due to which windows
are labelled rather than model refitting; it is paired,
meaning the same resampled windows score every
configuration, so a margin’s interval is not inflated
by between-configuration differences, and the
one-sided p is the resampled probability that a
margin is at most zero. All models use scikit-learn
(Pedregosa et al., 2011) under a fixed random
seed (42), including the clustering algorithms
used in the unsupervised exploration. To separate
engagement signal from annotation noise, the same
protocol is applied to several binary reductions
of the original three-class label scheme as a
sensitivity analysis.

4 Results and Discussion

4.1 Initial Exploration: Does Engagement
Cluster?

Our starting point, following the original formula-
tion of this task, was semi-supervised (§3.3): if lis-
teners attending to the same speaker exhibit similar
behavioural patterns, different engagement states
should form distinguishable clusters in the feature
space, which can then be interpreted using a small
number of labelled examples. This is particularly
useful in settings where high-confidence labels are
scarce. We therefore cluster the windows before
training any classifier and ask whether the groups
coincide with the three engagement classes; the
labels are used only afterwards, to check the corre-
spondence.

Two findings emerge. First, the feature space
prefers two groups rather than three: silhouette
width peaks at k = 2 (KMeans 0.098, against
0.030 at the annotated k = 3), cross-checked with
the GMM’s Bayesian and Akaike Information Cri-
teria (BIC/AIC) and a Ward dendrogram. Second,
the groups do not correspond to engagement: forc-
ing k = 3, the Adjusted Rand Index between clus-
ters and gold labels is near zero (−0.01 to −0.03),
and adding alignment features does not change this.

This second result holds across the other two
clusterers, so it is not an artefact of one algorithm:
Gaussian mixture is degenerate on this sample, col-
lapsing the labelled windows into a single com-
ponent with a silhouette curve that coincides with
KMeans at every k, and Ward agglomerative clus-
tering agrees on the substance, with weak structure,
a marginal k = 3 at silhouette 0.086, and no label
recovery. Instead, the clusters separate different
behavioural styles of listening, such as stillness
versus visible movement, which cut across engage-
ment levels. Clustering thus recovers real structure,
but that structure is behavioural style, not engage-
ment, so the semi-supervised plan would mostly
propagate style. We read this as motivating rather
than negative: engagement is not the dominant axis
of behavioural variation, which is why the rest of
the paper predicts it with supervised models. The
preference for two groups also anticipates §4.4,
where the distinction the data supports is shown to
be binary rather than the annotators’ three classes.

4.2 The Contribution of Alignment Features

Among the families we test, alignment features,
which describe the listener only in relation to oth-
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ers, give the largest improvement over a listener-
only model. Table 1 reports the supervised fac-
torial ablation: each feature family is stacked
on the listener-only baseline under the leakage-
free protocol described in §3.3. The baseline al-
ready clears the majority-class macro-F1 baseline
(macro-F1 0.341 vs 0.220). The best addition is lis-
tener↔ speaker alignment, which raises macro-F1

to 0.378, the highest in the table, and lifts accuracy
to 0.505. It exceeds listener↔ co-participant align-
ment (0.326), the speaker’s own prosody (0.306),
and the listener-only baseline itself. The ordering
matches what the synchrony literature (§2) pre-
dicts: coordination with the person holding the
floor carries more social signal than coordination
with co-present non-speakers. It is an ordering of
point estimates whose margins, quantified below,
sit within fold-to-fold variance.

What gain there is comes from measuring the
relation, not from giving the model more features.
Listener↔ speaker alignment produces the largest
improvement while adding only four dimensions
to the baseline (166 → 170), namely the cosine
similarity and correlation between the listener and
the speaker on the visual (CLIP) and Action-Unit
channels, whereas folding in the speaker’s raw
prosody adds thirty-seven dimensions (166 → 203)
and lowers macro-F1 to 0.306. The blocks do not
stack, either: the compact speaker-alignment on its
own beats every richer combination (co-participant
alignment + prosody 0.364, all three 0.337), be-
cause at n = 89 the extra dimensions cost more
than they add. A four-number summary of how
two people co-behave is the single best configura-
tion we find, and that parsimony is what makes the
relation usable at this sample size.

Accuracy changes little because the task is im-
balanced. A classifier that always predicts the
majority class scores accuracy 0.494 but macro-
F1 only 0.220; our balanced-weight models trade
raw agreement for minority-class recall, so the
listener-only baseline scores below that accuracy
floor (0.459) even as its macro-F1 rises, and
adding speaker alignment reaches just 0.505. On a
44/28/17 split, gains in minority-class recall rather
than raw agreement are exactly what we want, and
the reason we read macro-F1 as primary.

Across the five cross-validation folds, macro-F1

already varies by about 0.09 simply from how the
data happens to be split, so the differences we de-
scribe here are directional rather than significant:
most fall within that natural fold-to-fold range.

Configuration Macro-F1 Acc. Dim

Majority baseline 0.220 0.494 —
Listener only (baseline) 0.341 0.459 166
+ Co-participant align. 0.326 0.482 172
+ Speaker align. 0.378 0.505 170
+ Speaker prosody 0.306 0.483 203
+ Co-participant align. + prosody 0.364 0.517 209
+ All families 0.337 0.494 213

Table 1: Supervised factorial ablation on the three-class
target, stacking interactional feature families on the
listener-only baseline (the nonverbal family, A). Co-
participant alignment and speaker alignment are the two
relations of the alignment family (B); speaker prosody
is family C. Cross-validated Random Forest macro-F1

and accuracy (standard deviation across folds ≈ 0.09
throughout); Dim is the feature dimensionality.

A paired bootstrap over the held-out predictions
(§3.3) makes this concrete: the 95% interval for
the listener↔ speaker gain over the baseline runs
from −0.06 to +0.09 and includes zero (one-sided
p ≈ 0.26), and every other family’s interval in-
cludes zero as well. The strength of the claim is the
consistency of the pattern across metrics and con-
figurations, not any single delta. Impurity impor-
tance is biased toward the high-dimensional CLIP
block, about 0.63 of the total, simply because it
contributes the most columns, and permutation im-
portance is near zero for every feature at n = 89,
so no single feature is reliably pivotal. Among
the interpretable structural families, listener head-
motion dynamics, yaw velocity and its variability,
carry the most weight, consistent with orientation
and attention being the readable part of a silent lis-
tener’s engagement. We therefore read the ablation,
not the importance scores, as the evidence for what
helps.

4.3 Speaker Prosody Partly Predicts Listener
Engagement

The speaker side of the interaction also carries in-
formation about the listener’s state, concentrated
narrowly rather than spread across measures. Of
the many prosodic measures we extract, almost
none help on their own: as a standalone family,
speaker prosody is a weak predictor (macro-F1

0.306), and voice quality and turn-taking context
add nothing on top of pitch. Within pitch, nearly
all of the engagement-relevant signal resides in
a single measure, the terminal slope: the rate at
which the speaker’s pitch rises or falls over the
final half-second of voiced speech. We measure
pitch in semitones relative to the window’s median,
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which makes it comparable across speakers (§3.2),
so the terminal slope is a value in semitones per sec-
ond (st/s). Averaged within each engagement class,
this slope rises for windows where the listener is
Engaged (+1.5 st/s) and Intermittent (+2.6 st/s),
but is flat or falling where the listener is Disen-
gaged (−3.6 st/s): engaged listeners co-occur with
rising speaker intonation, disengaged ones with
falling intonation. Because the transcripts carry
no punctuation, this question-like intonation is re-
coverable only from the acoustics. We read it as
a speaker-side correlate that partly predicts the lis-
tener’s state: rising intonation is characteristic of
questions, which typically invite a reaction, so a
listener being addressed with a question is more
likely to respond and appear engaged. Because the
speaker addresses the group rather than the specific
listener (§3.2), the cue indexes local interactional
context rather than a signal aimed at the listener.

4.4 Label Scarcity Makes the Task Effectively
Binary

The three-class results raise a prior question: is
engagement simply hard to read from behaviour,
or is the three-class labelling the obstacle? The
middle Intermittent class is the prime suspect: it is
where annotators disagree the most (§3.1), and the
unsupervised exploration recovers only two natu-
ral groups (§4.1). If that ambiguous class is what
holds performance down, merging it away should
make the task markedly easier; if the features are
simply too weak, no regrouping will improve the
predictions. We therefore collapse the three labels
into a binary contrast in three different ways, re-run
the classification experiments, and compare each
scheme against its own majority-class macro-F1

floor (Table 2). The binary reductions differ only
in their treatment of the Intermittent class. En-
gaged vs. Non-active groups Intermittent with Dis-
engaged, while Active vs. Disengaged groups Inter-
mittent with Engaged to form the Active class. En-
gaged vs. Disengaged excludes Intermittent from
the evaluation and retains only high-confidence
samples labelled as Engaged or Disengaged (E | D;
n = 61).

The finding is clean: engagement is learnt more
effectively as a binary Engaged vs. Non-active
distinction. Engaged vs. Non-active reaches
macro-F1 0.634, +0.30 over its floor, the only
wide, stable margin in the table. Every grouping
that instead hinges on the Disengaged class col-
lapses toward chance, whether the middle class

is merged with Engaged (Active vs. Disengaged,
0.500 vs 0.447) or dropped (Engaged vs. Disen-
gaged, 0.450 vs 0.419); the full three-class task
clears its floor only modestly (0.378 vs 0.220).
The paired bootstrap agrees: only Engaged vs.
Non-active has a margin over its floor whose 95%
interval excludes zero ([+0.02,+0.28], one-sided
p = 0.015), whereas the intervals for the Disen-
gaged-dependent schemes reach down to zero.

Label scheme Grouping Macro-F1 Floor Acc.

Three-class E | I | D 0.378 0.220 0.505
Engaged vs. Non-act. E | I + D 0.634 0.336 0.641
Active vs. Diseng. E + I | D 0.500 0.447 0.820
Engaged vs. Diseng. E | D 0.450 0.419 0.722

Table 2: Label-scheme sensitivity (listener-only +
speaker-alignment features). Base classes: E = Engaged
(44), I = Intermittent (28), D = Disengaged (17). Group-
ing: “|” splits different groups. Floor is the majority-
class macro-F1 baseline. Only Engaged vs. Non-active
clears its floor by a wide margin; schemes requiring the
Disengaged class sit at their floor.

Three readings converge: the construct (Inter-
mittent was defined as the label for windows an
annotator could not confidently call Engaged or
Disengaged, §3.1), the unsupervised k = 2 struc-
ture (§4.1), and learnability (only the Engaged vs.
Non-active cut yields a large, stable gain). The task
is effectively binary here, bounded by the scarcity
of confident Disengaged labels (17 of 89), not by
the feature set.

5 Conclusion

We measured the engagement of silent meeting
participants through behavioral alignment, the rela-
tion between the listener and the people they attend
to, rather than the listener alone. On the GEHM
corpus under leakage-free cross-validation, the lis-
tener↔ speaker relation gave the largest improve-
ment over a listener-only model, in the direction
predicted by the literature. The margin is within
fold variance, so it is a directional result rather
than an established effect, and the design cannot
attribute it to coordination rather than to shared
exposure to the same speaker. The firmer findings
are structural: with few and ambiguous labels the
three-class task is effectively binary, bounded by
the scarcity of confident disengaged labels (17 of
89) rather than by the feature set, and the speaker’s
terminal pitch slope remains an interpretable corre-
late of listener engagement.
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Limitations

The clearest limitation is statistical: our supervised
analysis rests on only 89 labelled windows, and ev-
ery difference we report is comparable to or smaller
than how much macro-F1 already varies across
cross-validation folds simply from how the data is
split (roughly 0.09; §4), so no single result in Ta-
ble 1 is statistically significant on its own. A paired
bootstrap over the held-out predictions (§3.3) puts
the 95% interval for the listener↔ speaker gain
over the baseline at [−0.06,+0.09], including zero.
The listener↔ speaker alignment headline is a hy-
pothesis supported by a consistent pattern, not an
established effect size; replication on a larger la-
belled set is the obvious next step.

A second limitation is what the design can say
about alignment at all. The alignment features
are correlational and computed within a single
five-second window, between two people partic-
ipating in the same meeting. We therefore cannot
separate the listener’s individual behaviour from
their coordination with others in a causal sense.
A high listener↔ speaker similarity is consistent
with three accounts our features cannot distinguish:
the listener is attending to and coordinating with
the speaker; both are reacting independently to a
third participant or a shared event; or the speaker’s
behaviour drives the listener’s. Since alignment
is measured from synchronic behaviours, we also
cannot recover the lead-lag asymmetry that would
begin to separate these accounts and that much
of the synchrony literature relies on (Delaherche
et al., 2012). Ablation gains should be read as in-
cremental predictive value under a specific feature
combination, not as evidence that coordination it-
self contributes engagement signal over individual
behaviour. Separating the accounts would need
lagged or directional measures, and ideally tempo-
rally resolved evidence of the kind used in dyadic
work on shared attention (Wohltjen and Wheatley,
2021).

The labels are a third constraint: four non-expert
annotators reached only modest agreement (Fleiss’
κ = 0.42), mostly on the middle Intermittent class,
which was defined as a region of annotator uncer-
tainty and behaves as one (§3.1, §4.4). The binding
scarcity, however, is the 17 confident Disengaged
windows; with so few examples we cannot tell
whether disengagement is genuinely hard to read
from behaviour or simply under-sampled.

The listener↔ speaker relation, our central re-

sult, is also measured under partial coverage: the
active speaker is identified for only about 64% of
windows, with the rest imputed to the training-fold
median (§3.3). This keeps the protocol leakage-free
but dilutes the measured contribution of the align-
ment and prosody families; a more robust speaker
attribution, for instance from diarised audio, might
sharpen the signal we observe.

Every feature family is also computed strictly
within the target window, with no representation
of the listener’s own behaviour in earlier windows
beyond the small amount of turn-taking history
already in the speaker features (§3.2). Because
engagement plausibly persists or drifts across turns
rather than resetting every five seconds, a short
history of the listener’s own recent behaviour might
recover signal that a single window cannot.

Finally, the findings are tied to one setting:
GEHM consists of remote, gallery-view Zoom
meetings in English, where the mutual-gaze and
proxemic cues of co-present interaction are absent
or distorted, so the alignment and prosody patterns
we report may not transfer to in-person meetings,
other languages, or different recording conditions.
We also treat the speaker’s prosody as concurrent
context rather than a signal directed at the listener,
since the speaker generally addresses the group; the
terminal pitch slope is therefore an interpretable
correlate (§4), not a validated causal cue.
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Abstract

Language technology resources are limited for
signed languages. In order to improve these
technologies, large amounts of labeled lan-
guage data stored in annotated corpora are nec-
essary. Many existing annotated corpora in
American Sign Language (ASL) do not include
non-manual markers (NMMs), i.e., language
features that do not involve the hands. This
work underscores the importance of including
NMMs in sign language research by describing
their plurifunctional nature in signed conver-
sation, specifying their link to sign language
prosody, examining the current state of ASL
corpus research, and recommending a system-
atized method of annotation which captures the
critical but complex variations in NMM pro-
duction in ASL.

1 Introduction

American Sign Language (ASL) is a natural, visual
language with articulatory and perceptual features
distinct from those of spoken languages (Valli et al.,
2011). While signed languages primarily utilize
the same neurological and linguistic systems as
other natural languages (Newman et al., 2015), the
visual modality impacts many aspects of language
production and comprehension and allows a unique
opportunity for cross-linguistic comparison. At the
same time, it introduces distinct considerations for
the development of language processing technolo-
gies. For the roughly 500,000 deaf and hard-of-
hearing ASL users in the United States (Mitchell
and Young, 2022), technologies such as Automatic
Sign Recognition and Text-to-Sign lag behind Au-
tomatic Speech Recognition and Text-to-Speech
(Bragg et al., 2019).

Improving language technology for ASL and
other signed languages requires specialized
methodologies designed for the visual modality, as
well as engagement with the Deaf community by
understanding technology users’ actual needs and

supporting Deaf and hard-of-hearing researchers
in leading roles (Boudreault et al., 2024). ASL
technologies developed by hearing non-signers typ-
ically have cultural and linguistic blind spots, lead-
ing to calls from the Deaf community to not only
collaborate with, but center the perspectives of
Deaf and hard-of-hearing researchers (Desai et al.,
2024; Bragg et al., 2019). In addition, the devel-
opment of sign language processing technologies
often requires different techniques than those used
for speech processing; these methodologies may be
as straightforward as utilizing video rather than au-
dio to capture language samples, or as complex as
adopting alternate models for utterance segmenta-
tion (Moryossef et al., 2023). In this opinion paper,
we bring attention to one set of ASL linguistic fea-
tures that have been critically understudied in the
computational linguistics literature: non-manual
markers (NMMs).

1.1 Non-Manual Markers (NMMs)
The articulators most often studied in signed lan-
guages are the hands (Hochgesang, 2022). Manual
features such as the shape, movement, and orienta-
tion of a signers’ hands contribute heavily to word
identification and grammar, and are typically seen
as producing the lexico-morphological signs. How-
ever, non-manuals, or language features that do not
utilize a signer’s hands, are also critical for produc-
ing and comprehending signed language (Crasborn
and Van der Kooij, 2013). These features, includ-
ing head, face, and body movement, may influence
an utterance’s lexical content or provide supraseg-
mental cues or contextual information.

NMMs in signed languages are plurifunctional
(Bauer et al., 2026), meaning any given feature may
serve multiple purposes. These functions may be
structural or affective. Affective functions of non-
manuals include some facial expressions which are
used in both spoken and signed languages (Benitez-
Quiroz et al., 2016). However, in signed languages,
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NMMs also serve as language-specific features that
can be used to disambiguate morphemes, convey
syntax, and structure information. For example,
raised eyebrows in ASL may demonstrate surprise
or shock, but are more commonly used to deter-
mine phrase boundaries, indicate topicalization or
question type, or function as an emphatic prosodic
cue (Gonzalez, 2011). One NMM may be used
for multiple functions on a very short time scale,
often within one utterance (Oomen and Roelof-
sen, 2023). Due to their suprasegmental functions,
NMMs are often associated with prosody in sign
(Sandler, 2010). For instance, a signer may use
eyebrow movement to indicate intonational phrases
(Dachkovsky and Sandler, 2009), or use body shift
to convey focus or emphasis (Wilbur, 2020).

While NMMs are critical for producing and un-
derstanding ASL in dialogic contexts, they are diffi-
cult to incorporate into language technologies like
computer vision for sign detection or even Deep-
Mind’s new sign-language-to-text (SL2T) technol-
ogy (DeepMind, 2026). If the same feature, for
instance, body tilt, is used both to demonstrate con-
trast between options and to indicate that a signer
is relaying information from another party (role
shifting), the ability of tools like OpenFace (Bal-
trusaitis et al., 2018) or MediaPipe (Lugaresi et al.,
2019) to detect when that feature is present does
not allow for a full depiction of how body tilt func-
tions in the utterance, or what the meaning of that
utterance is. Research involving sign language and
the development of sign language technologies re-
quires more nuance than these tools currently pro-
vide. For further examples, computational models
might not be able to fully parse an ASL question if
eyebrow movement is not included, or distinguish
the sign NOT-YET from LATE if mouth and head
movement are ignored. The limitations of existing
technologies in registering and reproducing NMMs
in signed languages (Zhang et al., 2025) creates
a resource gap in technologies such as sign lan-
guage recognition (SLR), sign language generation
(SLG), and affective computing for signers (Bragg
et al., 2019).

2 Defining Prosody

2.1 Multimodal Prosody

In general, prosody relates to the suprasegmental
features of language, which are patterns that help
with producing and understanding dialogic con-
text. Prosody can also be described as conveying

informational structure (Zora et al., 2025); that is,
prosodic cues do not necessarily impact morphol-
ogy or syntax but nevertheless change the meaning
of an utterance. Analyzing prosody typically in-
volves examining duration, energy, and intonation
(Haralambous, 2024), and all of these aspects are
critical to fully relay any conversational message.

In spoken languages, prosodic cues appear pri-
marily through features such as pitch, volume,
speed, and pauses (Sandler, 2010). To indicate
a yes or no question (i.e., to structure information)
in English, for example, a speaker usually raises
their pitch at the end of an utterance. However,
prosody itself is not tied to any specific modality.
Prosodic cues appear in all languages (and some
nonlinguistic communication systems, as discussed
in Applebaum et al., 2014) to allow dialogue part-
ners to interpret what is actually meant by a state-
ment. This is the case whether the prosodic cue or
the language itself is spoken, signed, or tactile.

While most research on prosody is conducted on
sound-based prosodic phenomena such as speech
focus (Zora et al., 2025), prosody is not strictly
tied to sound even in spoken languages (Prieto
et al., 2024). Behaviors such as nodding (Frid et al.,
2019) or holding the palms up (Lepeut and Shaw,
2025) may have some prosodic function in spo-
ken languages, indicating focus, pausing, or other
suprasegmental information. For visual languages
like ASL, these same features are plurifunctional,
so may be lexico-morphemic, prosodic, or affective
depending on the utterance and its context.

2.2 Prosody in Sign
Prosodic cues are critical in dialogic interactions,
and can indicate communicative intent, emotional
or affective state, utterance boundaries, and other
global contextual information. In ASL, energy
and intonation are expressed not by changes in
loudness and pitch, but through other articulators
(Dachkovsky and Sandler, 2009). For example,
frustration or anger (i.e., high energy) may be ex-
pressed by making a signed utterance larger. Many
of these prosodic cues are non-manual: eyebrow,
mouth, head, and body movement are all linked to
prosody in signed languages (Crasborn and Van der
Kooij, 2013).

Because signed languages are primarily in the vi-
sual modality, non-manual articulators serve more
purposes than the same cues in spoken languages.
Due to this previously discussed plurifunctionality,
some aspects of ASL prosody may be difficult to
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distinguish from syntax or even nonlinguistic ges-
ture (Kita and Emmorey, 2023). Features identified
as prosodic cues, such as eyebrow raises, often also
serve other functions (i.e., conveying grammatical
structure or affect) depending on the context of the
utterance. This is a complexity that language pro-
cessing technologies are currently less equipped to
process (Orr et al., 2024).

However, there is evidence that first-language
signers are able to accurately parse intonational
phrases in ASL using as few as three prosodic cues
(Gonzalez, 2011). They are also sensitive to a more
selective array of cues (in the prior study, pauses,
holds, and eyebrows) when parsing ASL clauses
than signers of other languages, second-language
signers, and non-signers, who all utilized a wider
variety of prosodic cues to make the same deter-
minations (Gonzalez, 2011). Other research has
shown that, when signing speed is increased, cer-
tain NMMs change more drastically than others in
both number of appearances and duration (Wilbur,
2009). Therefore, it is likely that native signers
produce and attend to specific patterns of prosodic
cues based on the function of an utterance. If lan-
guage technologies gain the ability to identify and
analyze the same cues as signers, improvements
will be made in recognizing, processing, and pro-
ducing ASL utterances.

3 Annotated Corpora in ASL

3.1 Existing Annotation Tools and Corpora

For computational models to learn how language is
used in different contexts (e.g., by different speak-
ers and in different locations) and to represent these
differences accurately, especially for languages
with fewer speakers or resources, the annotated cor-
pora that provide the data needed for these models
should be high-quality and reliable (Jurafsky and
Martin, 2026). Annotated ASL corpora with clear
structure can become benchmarks that train and
evaluate novel systems, in addition to contributing
to model improvements for tools trained on other
ASL resources such as SL2T (DeepMind, 2026).
For NMM annotations, human annotators should
make consistent judgments about subtle face, head,
and body movements that may be difficult to distin-
guish from one another.

Applications like OpenFace (Baltrusaitis et al.,
2018), MediaPipe (Lugaresi et al., 2019), and
OpenPose (Cao et al., 2021) have more general
computer vision use than sign language analysis.

Although these tools can demonstrate limited utility
for automatically analyzing NMMs (Kuznetsova
et al., 2021), they are not designed specifically for
sign language applications and are missing key
features that are necessary for processing sign lan-
guage, such as the needed movement tracking for
the tongue. This highlights the necessity of contin-
uing to engage human annotators in the process of
developing an improved annotation scheme. Exist-
ing automated tools, many of which utilize Action
Units (AUs) from the Facial Action Coding Sys-
tem (Ekman and Friesen, 1978) to describe the
motion of muscles in the face, do not necessarily
help the annotation process for multiple reasons.
First, facial AUs are designed and often used for
emotion recognition within affective computing
(Baltrusaitis et al., 2018). While there is some over-
lap between affective and structural non-manuals
in signed languages (Benitez-Quiroz et al., 2016),
it is not complete. Facial AUs may not capture the
nuances of syntactical and prosodic NMMs. For
example, ASL utilizes several mouth and tongue
morphemes which a human annotator can distin-
guish, but current facial AU annotation schemata or
automatic pose estimation tools lack such coverage
(Zadeh et al., 2016). In addition, these schemata
and software are primarily designed for and trained
on non-signers, meaning that they may harbor in-
consistencies and likely do not capture cultural
differences in signers’ non-manual production, in-
cluding for affective expression. Accordingly, a
standardized annotation system is important for
ensuring consistency for both human annotators
and future automatic annotation models, and for
enabling cross-corpus comparisons and reliable
model training.

Despite rapid improvements in the past few
years, current annotations of ASL corpus data
still focus on manual over non-manual cues.
Many citation-form corpora, which have isolated
dictionary-style tokens of individual signs, do not
include contextual non-manual information. For
example, ASL SignBank is an annotation tool
meant to be used by fluent ASL researchers to
make videos in ASL machine-readable (Hochge-
sang et al., 2019). It has over 3,000 sign-gloss pairs
and is the gold-standard for a citation-form ASL
corpus. Videos in SignBank are intentionally “un-
marked" (Hochgesang, 2022), meaning that there
are no NMMs involved, in order to maintain the
dataset as a baseline for individual manual signs.
While this is beneficial for standardization, it is
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not sufficient to use corpora like this for develop-
ing language processing technologies that capture
real-world NMMs use. The team behind SignBank
has cautioned against using it for machine learning-
based development due to this and other reasons
(Hochgesang, 2026).

Continuous-form corpora, on the other hand,
cover naturalistic signing in full and often include
NMMs, even if they are not yet annotated as such.
These corpora are used for different purposes than
citation-form corpora and can include more con-
textual information. For example, one of the rich-
est datasets is How2Sign, which includes multiple
modalities, such as gloss, pose, and depth infor-
mation (Duarte et al., 2021). However, How2Sign
currently lacks NMM annotations. Other datasets
serve specific purposes such as Sign Language
Recognition (SLR) or Sign Language Translation
(SLT), but there are no standardized annotation con-
ventions for NMMs between these corpora. The
current systematized conventions for annotating
ASL, SLAASh (Hochgesang, 2022), focus predom-
inantly on manual features, without many distinc-
tions for NMMs (and specifically excludes from
analysis ASL mouthings such as MM or PUFF-
CHEEK) (Hochgesang and Lillo-Martin, 2020).
The inclusion of more detailed NMM annotations
into existing or novel ASL corpora will allow these
datasets to become more complete and nuanced
representations of signed languages.

3.2 Importance of Including NMMs in
Annotated ASL Corpora

Because NMMs serve so many functions in signed
languages, including as prosodic cues, omitting
them from a conversation may obfuscate its mean-
ing at any level of analysis. At the utterance level,
for instance, signers consistently use NMMs to in-
dicate permission, an explanation, a command, or
advice (Brentari et al., 2018). However, not all ASL
prosodic cues are non-manual and while NMMs
serve many prosodic functions, they also have syn-
tactic, morphological, and affective functions.

Some of the variation in NMM use is mostly stan-
dard across signers; for example, the phonological
difference between NOT-YET and LATE depends
on mouth and head movement, and most signers
will sign the difference the same way. PUFF-
CHEEK, for another example, is a mouth mor-
pheme that may serve an adjectival function, im-
pacting the lexical content of an utterance. NMMs
that serve prosodic or affective functions are less

standardized, and the same utterance might vary
with NMM use from one signer to another (Valli
et al., 2011), or from the same signer between con-
texts (Gonzalez, 2011). The variability of prosodic
NMMs makes them more complex to annotate, but
properly understanding them is a critical compo-
nent of sign language comprehension. This com-
plexity underscores the necessity of expanding
NMM annotations when developing corpora used
for training computational models of ASL.

There is still much to learn about NMMs, partic-
ularly their role in prosody, and current language
technologies for ASL would benefit from novel
and expanded corpus resources. For instance, auto-
matic annotation systems for sign language strug-
gle to catch specific features of NMMs, such as
nose folding, forehead wrinkles, and tongue/teeth
use (Hrúz et al., 2011). Annotation is further com-
plicated whenever a signer’s hands block NMMs
from being visible on the face (Hrúz et al., 2011).
In addition, NMMs add semantic richness to sign
languages (Quesada et al., 2016; Orr et al., 2024),
and existing facial action unit and facial gesture
recognition tools built for emotion identification
do not perform adequately on NMM-relevant tasks
without additional human effort (Kuznetsova et al.,
2021). Capturing NMMs reliably will require both
more data and ASL-native human annotators; cor-
pora developed this way can then support further
ASL prosody research and NMM-aware models.

4 Discussion and Recommendations

The shortage of high-quality, annotated ASL data
at scale remains a challenge for the development of
accurate and relevant ASL processing technologies.
Current corpus annotations are focused primarily
on the manual articulators (Hochgesang, 2022), and
current annotation tools are focused on features
that are more relevant to affective computing than
language processing applications. It is crucial to
ensure annotation schemata are expanded to ade-
quately capture the language-specific features of
ASL, including NMMs.

An expanded annotation scheme for NMMs in
ASL is necessary to model the behavior of differ-
ent NMMs and their relationships to each other
using quantitative representations. In addition, any
computational models developed for the purpose
of improving language technology will rely heavily
on standardized annotations of large corpora. We
note the importance of the creation of a common,
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detailed template to annotate NMMs, especially
those with links to ASL prosody. This scheme can
be utilized to annotate existing or novel continuous-
form corpora and improve the ability of language
technologies to parse NMMs in ASL.

We argue that there should be additional nuance
in these NMM annotations, such as including ad-
jectival mouth morphemes, syntactic and affective
eyebrow raises, and prosodic head and body tilt.
Detailed annotations for NMMs will improve the
utility of sign language data, especially for natural-
istic dialogue between two or more signers.

4.1 Future Work

This paper is part of an ongoing project which
has begun to collect a corpus of spontaneously-
produced continuous signing from fluent signers.
The corpus will utilize an expanded annotation
scheme focusing on NMMs, which will be use-
ful for computational models that process ASL,
such as automatic annotation of other corpora. Fu-
ture work should examine the implications of more
detailed NMM annotations for machine learning-
based models that train on annotated sign language
data. The ability to model relationships between
NMMs could potentially improve the performance
of sign language technologies. Further, future work
requires additional research on the distinction be-
tween different functions of prosodic NMMs in
ASL, as a more robust and detailed protocol for the
documentation and differentiation of NMMs will
allow for better analysis and the use of NLP tech-
niques in parsing and predicting NMMs in ASL.

5 Conclusion

This opinion paper asserts the importance of in-
cluding NMMs in research related to ASL, espe-
cially due to their links to sign prosody. We dis-
cuss the state of ASL corpus research and advocate
for a standardized method of annotating NMMs
in projects designed to develop and improve lan-
guage technologies. Our goal is to encourage cor-
pus resource creation that can better capture the
language-specific features of ASL so that emerg-
ing sign language technologies will have improved
accuracy, allowing ASL tools to better serve Deaf
and hard-of-hearing users. To support the conclu-
sions found, the ongoing project relies on a strong
base of knowledge from the Deaf sign language
research community. Future works proposed are
also relevant to researchers across many fields from

linguistics to psychology to computer science, and
especially for those who work on ASR, TTS, SLR,
SLG, and other language technologies.

6 Limitations

This set of recommendations, while solidly based
in the ASL linguistics and sign technology liter-
atures, is only intended to support the study of
NMMs in ASL. Other signed languages have dif-
ferent language-specific features and, while spo-
ken languages may also have visual prosody, the
conclusions drawn above do not generalize to lan-
guages other than ASL or types of prosody that are
conveyed through articulators other than NMMs
(i.e., the hands or vocal tract). Despite the fact that
human annotations of NMMs are critical for the
continued development of language technologies,
there is a limit to the features that can be reliably
coded. Some NMMs, such as blinking, squint-
ing, and nose wrinkling, are subtle and difficult
for human annotators to identify consistently. In
addition, the function of some NMMs may be very
difficult to classify in any given utterance, even for
highly fluent or native annotators. This is a further
challenge to the development of a broadly standard-
ized annotation methodology. Finally, while ASL
technologies necessitate improvement, this does
not necessarily mean that it is impossible to do so
without NNM annotations.

7 Ethical Considerations

While this work is an opinion paper and does not
include data from human subjects participants, eth-
ical considerations remain. Any project discussing
sign language is positioned against the backdrop
of a history of suppression of signed languages
and the current realities of language deprivation
for many deaf and hard-of-hearing children (Hall
et al., 2017). This harm is, in part, the result of
hearing academics who have operated under ableist
frameworks without input from Deaf individuals–
those who actually use the language (Hill and Hall,
2025). To reduce threats of adding to this harm,
the ongoing project is being conducted by a team
of Deaf and hearing researchers who operate in a
bilingual (ASL/English) research space, and who
developed the project collaboratively. Data collec-
tion sessions for the ongoing corpus project always
involve at least one Deaf researcher, and all re-
searchers interfacing with participants are users of
ASL.
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Abstract

Discrete motion tokenizers encode motion as
atomic units and are widely used for co-speech
gesture generation. It remains unclear which
motion properties, especially those relevant to
gesture semantics, are recoverable from these
codebooks. We probe a reconstruction-trained
codebook using 19 co-speech gesture descrip-
tors spanning from raw motion to abstract com-
municative function. Results show that geome-
try and handedness are readily decodable from
token embeddings, while motion category is
only weakly decoded despite showing system-
atic differences in discrete code usage. This gap
between reconstruction quality and descriptor
decodability suggests that reconstruction objec-
tives alone do not guarantee that gesture seman-
tics are captured, and that evaluating codebooks
on such properties can guide the design of more
semantic motion tokenizers.

1 Introduction

Co-speech gesture generation increasingly relies
on discrete motion codebooks, representing con-
tinuous motion as sequences of learned tokens
(van den Oord et al., 2017; Zhang et al., 2023; Jiang
et al., 2023; Liu et al., 2024). These codebooks
are trained with reconstruction objectives that av-
erage error across all joints and frames, favoring
motion that is natural and fluid rather than motion
that is semantically distinctive. Fine-grained move-
ment, such as finger configuration, contributes only
marginally to this loss, since it is overshadowed
by larger-magnitude body motion, even though
it can be communicatively important (Brentari,
1998). Since higher-level properties like motion
category and communicative intent are partly ex-
pressed through such fine-grained motion, it is un-
clear whether these atomic units of movement are

*These authors contributed equally to this work.
†Work done during an internship at Max Planck Institute

for Informatics.

preserved in the codebook, which is subsequently
used for co-speech gesture generation.

Co-speech gesture spans multiple levels of ab-
straction, from raw motion coordinates to de-
scriptors such as spatial form, handedness, hand-
shape, and communicative function (McNeill,
1992; Kendon, 2004; Brentari, 1998). Many of
these higher-level descriptors are essential for a
gesture to be semantically meaningful (McNeill,
1992; Kendon, 2004), yet it is unclear whether
a codebook trained purely for motion reconstruc-
tion preserves them. In this paper, we aim to ex-
amine which of these properties are present in
a reconstruction-trained gesture codebook, and
which are lost.

To study this, we use the semantic gesture
dataset from Ram et al. (2025). Building on this
dataset and prior gesture annotation frameworks
(Kipp et al., 2007; Hensel et al., 2025), we define
a panel of 19 descriptors spanning raw motion to
abstract communicative function. Some descrip-
tors, such as joint-level geometry, are computed
automatically from skeleton coordinates, while oth-
ers, including handshape, handedness, and commu-
nicative intent, are manually annotated to capture
aspects of gesture that are not directly recoverable
from raw coordinates. Following prior work on
probing learned representations (Alain and Bengio,
2016; Belinkov, 2022; Hewitt and Liang, 2019; Pi-
mentel et al., 2020), we use these descriptors to
characterize which gesture properties are recover-
able from the codebook at two complementary lev-
els: we apply linear and shallow nonlinear probes
to mean-pooled token embeddings, and we com-
pare code-activation distributions across descriptor
classes to examine whether properties are reflected
in patterns of discrete code usage.

Geometry and handedness are strongly decod-
able from pooled token representations, whereas
handshape, motion category, and communicative
intent are only weakly decoded. Motion category,
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however, shows systematic differences in discrete
code usage. Handshape remains weakly recover-
able under both analyses, suggesting that fine finger
configurations, such as a cupped or pinched hand,
are largely lost at the tokenization stage. We ob-
serve the same pattern on a second, architecturally
distinct codebook, EMAGE (Liu et al., 2024), indi-
cating that these results are not specific to a single
tokenizer.

Our contributions are: (1) we introduce a system-
atic probing framework spanning 19 descriptors,
from raw motion to communicative function, to
characterize what reconstruction-trained gesture
codebooks encode; and (2) Our results suggest that
fine-grained, semantically important motion, such
as handshape, may not be adequately preserved
in a reconstruction-trained gesture codebook, even
when the codebook achieves strong overall recon-
struction accuracy.

2 Related Work

2.1 Gesture representations and descriptors
Gesture research has long analyzed movement form
alongside communicative function (Efron, 1941;
McNeill, 1992; Kendon, 2004; Goldin-Meadow,
2003). Computational approaches utilize raw tra-
jectories (Kucherenko et al., 2019) to derive kine-
matic descriptors (Ferstl et al., 2020), or rely on
manual annotations of location, orientation, hand-
edness, and handshape (Kipp et al., 2007; Hensel
et al., 2025). These methodologies parallel sign lan-
guage phonology, which examines location, hand-
shape, and movement (Stokoe, 1960; Brentari,
1998). At a higher level, gestures are catego-
rized into semantic types (e.g., iconic, metaphoric)
(McNeill, 1992; Kendon, 2004; Goldin-Meadow,
2003), which computational models often treat as
distinct targets (Kucherenko et al., 2022). Recent
models employ discrete tokenizers via vector quan-
tization for general motion (Zhang et al., 2023;
Jiang et al., 2023) and co-speech gesture (Liu et al.,
2024). They are typically trained purely for re-
construction (van den Oord et al., 2017). While
higher-level semantics are sometimes introduced
externally (Zhang et al., 2024; Mughal et al., 2025),
reconstruction performance alone does not clarify
which interpretable properties the learned tokens
inherently encode.

2.2 Probing learned representations
Probing tests whether specific properties are recov-
erable from learned representations (Alain and Ben-
gio, 2016; Belinkov and Glass, 2019). We use lin-
ear probes (Hewitt and Liang, 2019; Pimentel et al.,
2020) complemented by code-activation analysis
to evaluate interpretable gesture features (Ghaleb
et al., 2024), differentiating between simple acces-
sibility and discrete structural encoding.

3 Data and Method

3.1 Descriptor Panel
We analyze the 19 gesture descriptors provided
with the SEMANTIX dataset introduced by Suresh
et al. (2026). We use the subset of 778 seman-
tic gesture clips from TED, which originates from
the gesture regions identified by Ram et al. (2025).
Each clip is associated with descriptors covering
physical gesture form and communicative function.
These include automatically computed descriptors
derived from the 3D skeleton motion, as well as
manually annotated descriptors such as handshape,
motion category class, and communicative function.
In this paper, we retain the descriptor definitions
and labels from the original study and organize the
19 descriptors into six groups to support our group-
level probing and code-usage analyses. Table 2
summarizes the panel; full per-descriptor class la-
bels are provided in Appendix A.

3.2 Codebook Architecture and Training
We analyze a two-stream vector-quantized auto-
encoder (VQ-VAE) (van den Oord et al., 2017)
over a 38-joint 3D upper-body skeleton, partitioned
into body and hand streams. Models are trained
purely to minimize a position reconstruction and
VQ commitment loss on a combined BEAT and
TED gesture corpus. Our primary probing ana-
lyzes the best-reconstructing configuration: latent
dimension L = 256, codebook size K = 2048,
and temporal downsampling d = 4. Full architec-
tural, configuration sweep, and training details are
provided in Appendix A.1.2.

3.3 Probing Setup
We probe the codebook at two complementary lev-
els: sequence-level probing of pooled token repre-
sentations and code-level analysis of discrete code-
usage patterns.
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Probing F1 Code usage Reconstruction
Descriptor group N Linear↑ Non-Linear ↑ MI ↑ Sig. r(F1, MPJPE) ↓
Motion dynamics 2 0.49±0.07 0.52±0.08 0.35 1/2 −0.26
Spatial geometry 9 0.77±0.01 0.74±0.03 1.07 9/9 −0.69
Handedness 1 0.73±0.03 0.66±0.05 0.77 1/1 −0.89
Annotated spatial form 4 0.30±0.01 0.31±0.02 1.06 3/4 −0.48
Handshape 1 0.16±0.03 0.20±0.07 1.50 0/1 −0.67
Motion pattern and function 2 0.11±0.02 0.12±0.01 3.62∗ 1/2 −0.45

Table 1: Group-level descriptor analysis. Linear and MLP probes use mean-pooled token embeddings; F1 is reported
as mean ± SD across descriptors in each group. MI measures information in discrete code activations, and Sig.
reports the number of descriptors with significant JS segregation. More negative correlations indicate that lower
MPJPE is associated with higher probe performance. ∗This group-level MI is driven primarily by motion category
(MI = 3.8, q = 0.006)

Group Descriptor
Motion dynamics Gesture size, Kinematics
Spatial geometry Left/Right vertical, horizontal, depth,

Left/Right elbow bend, Hand reach
Handedness Handedness
Annotated spatial form Hand orientation, Spatial radial,

Spatial height, Spatial distance
Handshape Handshape
Motion pattern and function Motion category, Comm. intent

Table 2: Descriptor panel used in the main analysis.

Linear and nonlinear probing. Each gesture
is represented using either mean-pooled code-
book embeddings or normalized one-hot code his-
tograms. For each descriptor, we train multino-
mial logistic regression with balanced class weights
and report 5-fold cross-validated macro-F1 against
majority-class and random-assignment baselines.
We additionally train a shallow MLP with one
128-unit ReLU layer and L2 regularization on the
pooled embeddings, using identical folds and class
balancing. This tests whether weak linear perfor-
mance reflects nonlinear encoding while limiting
probe capacity (Hewitt and Liang, 2019; Pimentel
et al., 2020).

Code-level activation analysis. Each clip is rep-
resented as a normalized code-frequency histogram.
We measure class separation using the mean pair-
wise Jensen–Shannon divergence between class-
average usage profiles (Lin, 1991). Significance
is assessed using label-permutation tests with
Benjamini–Hochberg correction across descriptors
within each stream. As a complementary measure,
we sum the mutual information between each ac-
tive code’s presence and the descriptor label (Yang
and Pedersen, 1997). Further details are provided
in Appendix A.2.1.

Reconstruction fidelity. We test whether descrip-
tor accessibility tracks reconstruction quality by
correlating macro-F1 with mean per-joint position
error (MPJPE) across models varying latent dimen-
sion, codebook size, and temporal downsampling.
Further details are provided in Appendix A.1.2.

4 Results

4.1 Gesture Descriptor Probing
Table 1 summarizes descriptor accessibility from
pooled token representations, structure in discrete
code usage, and its relationship with reconstruction
fidelity.

Accessibility from pooled representations.
Probe performance shows a clear gradient from
motion-grounded properties to higher-level gesture
descriptors. Spatial geometry and handedness are
the most accessible groups, reaching macro-F1
scores of 0.768 and 0.734, respectively. Per-
formance decreases for annotated spatial form
(0.299), hand configuration (0.155), and motion
pattern and function (0.113). The descriptor-level
comparison in Figure 1 shows the same pattern:
geometric properties such as left and right depth
exceed 0.89 macro-F1, whereas handshape, motion
category, and communicative intent remain close
to their chance baselines. A shallow MLP does not
change this ordering; motion pattern and function
remains effectively unchanged (0.113 → 0.112).
Its weak linear accessibility is therefore unlikely to
reflect shallow nonlinear encoding alone.

Structure in discrete code usage. Activation
analysis asks whether descriptor classes use dif-
ferent subsets of codes. Higher MI indicates that
code activations are more informative about the
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descriptor, while q < 0.05 indicates reliable sep-
aration after multiple-testing correction. Spatial
geometry is significant for all nine descriptors, and
handedness is also reliably separated. Most no-
tably, motion pattern and function has the highest
group-level MI (3.62), driven by motion category
(MI = 3.8, q = 0.006), despite its weak pooled
probing performance. This suggests that motion
category is encoded in which codes are used, but
is obscured by pooling. This does not hold for
all higher-level properties: communicative intent
(q = 0.06) and handshape (q = 0.70) show no reli-
able overall separation. Thus, weak pooled probing
reflects hidden code-level structure for motion cate-
gory, but limited evidence for handshape and most
communicative intents.

Relationship with reconstruction metrics Neg-
ative correlations indicate that lower reconstruction
error is associated with higher probe performance.
This relationship is strongest for handedness (r =
−0.88) and spatial geometry (r = −0.69), sug-
gesting that reconstruction quality mainly tracks
motion-grounded properties.
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Figure 1: Probe macro-F1 for each descriptor

4.2 Generalization to Another Codebook
We repeat the analysis on EMAGE (Liu et al.,
2024). As shown in Figure 2, both codebooks
exhibit the same accessibility gradient: spatial ge-
ometry is strongest, while properties such as hand-
shape remain weak. Although absolute scores dif-
fer slightly, the ordering of descriptor groups is
stable across architectures. This consistency sug-
gests that the accessibility gradient is not specific
to a single tokenizer design.
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Figure 3: Qualitative comparison showing that
reconstruction-only VQ-VAEs preserve upper-body ge-
ometry but average out fine-grained hand poses

5 Qualitative Case Study

Figure 3 illustrates a pattern that corroborates prob-
ing performance on communicative functions. VQ-
VAE based tokenizers trained solely with a recon-
struction loss, learn representations that decode
into averaged-out motions. In particular, hands do
not achieve same fidelity at reconstruction as com-
pared to upper body joints, due to difference of
scale between hands and upper body. Therefore,
better performance on upper body results in strong
accessibility of geometric descriptors. In contrast,
poorly reconstructed hand poses depict different
communicative functions, which eventually leads
to subpar performance on gesture functions. These
findings highlight that reconstruction losses do not
incentivize learning of gesture semantics as part of
the representation learning in codebooks.

6 Conclusion

Across two codebook architectures, geometric
properties and handedness are readily recoverable,
while handshape, motion category, and communica-
tive intent remain weak. Better reconstruction and
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finer temporal resolution mainly improve motion-
grounded properties, suggesting that reconstruction
quality alone is not a sufficient measure of semantic
accessibility. Gesture codebooks should therefore
be evaluated using both probing and code-level
analyses, and future tokenizers should explicitly
preserve communicatively relevant properties.

Limitations

Our analysis is limited to 778 semantic gestures
from TED and two skeleton-based, reconstruction-
trained tokenizers, so the observed accessibility gra-
dient may not generalize to other domains, motion
representations, or tokenizer objectives. In addi-
tion, we did not ablate the composition of the train-
ing corpus as the codebook was trained on BEAT
and TED jointly, so the contribution of each dataset
to descriptor accessibility remains untested. Man-
ual descriptors, particularly handshape and commu-
nicative intent, are relatively sparse and may con-
tain annotation subjectivity. Moreover, low probe
performance indicates limited recoverability un-
der the selected pooled representations and probe
families; it does not establish that a property is en-
tirely absent or inaccessible to a sequence-aware
model. Future work should evaluate larger and
more diverse datasets, use temporal probes, and
test whether descriptor accessibility predicts the
semantic quality of generated gestures.

Acknowledgments

This work is funded in part by the Deutsche
Forschungsgemeinschaft (DFG, German Research
Foundation) - GRK 2853/1 “Neuroexplicit Models
of Language, Vision, and Action” - project number
471607914."

References
Guillaume Alain and Yoshua Bengio. 2016. Under-

standing intermediate layers using linear classifier
probes. Preprint, arXiv:1610.01644.

Yonatan Belinkov. 2022. Probing classifiers: Promises,
shortcomings, and advances. Computational Linguis-
tics, 48(1):207–219.

Yonatan Belinkov and James Glass. 2019. Analysis
methods in neural language processing: A survey.
Transactions of the Association for Computational
Linguistics, 7:49–72.

Diane Brentari. 1998. A Prosodic Model of Sign Lan-
guage Phonology. MIT Press.

David Efron. 1941. Gesture and Environment. King’s
Crown Press.

Ylva Ferstl, Michael Neff, and Rachel McDonnell. 2020.
Understanding the predictability of gesture parame-
ters from speech and their perceptual importance. In
Proceedings of the 20th ACM International Confer-
ence on Intelligent Virtual Agents (IVA).

Esam Ghaleb, Bulat Khaertdinov, Wim Pouw, Marlou
Rasenberg, Judith Holler, Asli Ozyurek, and Raquel
Fernández. 2024. Learning co-speech gesture repre-
sentations in dialogue through contrastive learning:
An intrinsic evaluation. In Proceedings of the 26th
International Conference on Multimodal Interaction,
pages 274–283.

Susan Goldin-Meadow. 2003. Hearing Gesture: How
Our Hands Help Us Think. Harvard University Press.

Laura B. Hensel, Stephanie Cheng, and Stacy Marsella.
2025. A richly annotated dataset of co-speech hand
gestures across diverse speaker contexts. Scientific
Data, 12:1748.

John Hewitt and Percy Liang. 2019. Designing and in-
terpreting probes with control tasks. In Proceedings
of the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing,
pages 2733–2743.

Biao Jiang, Xin Chen, Wen Liu, Jingyi Yu, Gang Yu,
and Tao Chen. 2023. Motiongpt: Human motion as a
foreign language. Advances in Neural Information
Processing Systems, 36:20067–20079.

Adam Kendon. 2004. Gesture: Visible Action as Utter-
ance. Cambridge University Press.

Michael Kipp, Michael Neff, and Irene Albrecht. 2007.
An annotation scheme for conversational gestures:
How to economically capture timing and form. Lan-
guage Resources and Evaluation, 41(3):325–339.

Taras Kucherenko, Dai Hasegawa, Gustav Eje Henter,
Naoshi Kaneko, and Hedvig Kjellström. 2019. An-
alyzing input and output representations for speech-
driven gesture generation. In Proceedings of the 19th
ACM International Conference on Intelligent Virtual
Agents (IVA), pages 97–104.

Taras Kucherenko, Rajmund Nagy, Michael Neff, Hed-
vig Kjellström, and Gustav Eje Henter. 2022. Multi-
modal analysis of the predictability of hand-gesture
properties. In Proceedings of the 21st International
Conference on Autonomous Agents and Multiagent
Systems (AAMAS).

Jianhua Lin. 1991. Divergence measures based on the
Shannon entropy. IEEE Transactions on Information
Theory, 37(1):145–151.

Haiyang Liu, Zihao Zhu, Giorgio Becherini, Yichen
Peng, Mingyang Su, You Zhou, Xuefei Zhe, Naoya
Iwamoto, Bo Zheng, and Michael J Black. 2024.

100

https://arxiv.org/abs/1610.01644
https://arxiv.org/abs/1610.01644
https://arxiv.org/abs/1610.01644
https://doi.org/10.1145/3383652.3423882
https://doi.org/10.1145/3383652.3423882
https://doi.org/10.1038/s41597-025-06020-6
https://doi.org/10.1038/s41597-025-06020-6
https://doi.org/10.1007/s10579-007-9053-5
https://doi.org/10.1007/s10579-007-9053-5
https://doi.org/10.1145/3308532.3329472
https://doi.org/10.1145/3308532.3329472
https://doi.org/10.1145/3308532.3329472
https://doi.org/10.1109/18.61115
https://doi.org/10.1109/18.61115


Emage: Towards unified holistic co-speech gesture
generation via expressive masked audio gesture mod-
eling. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages
1144–1154.

David McNeill. 1992. Hand and Mind: What Gestures
Reveal about Thought. University of Chicago Press.

M Hamza Mughal, Rishabh Dabral, Merel CJ Schol-
man, Vera Demberg, and Christian Theobalt. 2025.
Retrieving semantics from the deep: an rag solution
for gesture synthesis. In Proceedings of the Com-
puter Vision and Pattern Recognition Conference,
pages 16578–16588.

Tiago Pimentel, Josef Valvoda, Rowan Hall Maudslay,
Ran Zmigrod, Adina Williams, and Ryan Cotterell.
2020. Information-theoretic probing for linguistic
structure. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4609–4622.

Ashwin Ram, Varsha Suresh, Artin Saberpour Abadian,
Vera Demberg, and Jürgen Steimle. 2025. Gesture-
coach: Rehearsing for engaging talks with llm-driven
gesture recommendations. In Proceedings of the 38th
Annual ACM Symposium on User Interface Software
and Technology, pages 1–15.

William C. Stokoe. 1960. Sign language structure: An
outline of the visual communication systems of the
american deaf. Technical report, University of Buf-
falo.

Varsha Suresh, Mohammad Mahdi Abootorabi, Mo-
hamed Salman, M Hamza Mughal, Christian
Theobalt, Ashwin Ram, Jürgen Steimle, and Vera
Demberg. 2026. Semantic motion anchors: Bridging
motion and meaning in co-speech gestures. arXiv
preprint arXiv:2605.30608.

Aaron van den Oord, Oriol Vinyals, and Koray
Kavukcuoglu. 2017. Neural discrete representation
learning. In Advances in Neural Information Pro-
cessing Systems, volume 30.

Yiming Yang and Jan O. Pedersen. 1997. A comparative
study on feature selection in text categorization. In
Proceedings of the Fourteenth International Confer-
ence on Machine Learning (ICML), pages 412–420.
Morgan Kaufmann.

Jianrong Zhang, Yangsong Zhang, Xiaodong Cun,
Shaoli Huang, Yong Zhang, Hongwei Zhao, Hongtao
Lu, and Xi Shen. 2023. T2m-gpt: Generating hu-
man motion from textual descriptions with discrete
representations. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recog-
nition, pages 14730–14740.

Zeyi Zhang, Tenglong Ao, Yuyao Zhang, Qingzhe Gao,
Chuan Lin, Baoquan Chen, and Libin Liu. 2024.
Semantic gesticulator: Semantics-aware co-speech
gesture synthesis. ACM Transactions on Graphics
(TOG), 43(4):1–17.

A Appendix

A.1 Additional Details: Data and Method
A.1.1 Descriptor Classes
Table 3 shows the detailed classes in each descrip-
tor.

A.1.2 Codebook Architecture and Training
We analyse a two-stream vector-quantised auto-
encoder over a 38-joint 3D upper-body skeleton.
The joints are partitioned into a body stream of 8
coarse joints and a hand stream of 30 finger joints.
The two streams have separate encoders and code-
books and are quantised independently; a single
shared decoder reconstructs the full pose. The hand
joints are expressed relative to their wrist before
encoding, meaning the hand stream encodes wrist-
local finger configuration while the body stream
encodes coarse-joint positions.

Each stream’s encoder is a 1D temporal convo-
lutional stack (kernel 4, stride 2) that downsamples
time by a factor d. Each codebook is a vector-
quantised bank trained with exponential-moving-
average updates (decay 0.99) and dead-code reini-
tialisation. Tokenisation processes each clip in non-
overlapping d-frame chunks, yielding one token
per stream per chunk.

To map how representational granularity affects
descriptor accessibility, we swept a 3 × 3 × 3
grid of 27 models over L ∈ {64, 128, 256}, K ∈
{1024, 2048, 4096}, and d ∈ {4, 8, 16}. Every
model is trained purely to reconstruct motion. The
codebook is trained on a combined 3D gesture-
motion corpus comprising the BEAT and TED
datasets (processed at native frame rates of 30 FPS
and 24–30 FPS respectively, balanced by duration).
Models are optimised with the Adam optimiser
(learning rate 1× 10−3, batch size 8) for up to 25
epochs (with early stopping), minimising a position
reconstruction loss plus the VQ commitment loss
weighted by β = 1.0.

A.1.3 Probing Setup
Table 4 reports descriptor-level linear probing re-
sults. The main pattern is consistent with the group-
level results in the main paper. Automatic geomet-
ric descriptors and handedness are the strongest,
while handshape, motion category, and commu-
nicative intent remain weak.

A notable trend across these descriptors is that
the continuous codebook vector (Embedding) out-
performs the code histogram (One-hot) for almost
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Group Descriptor Annotation C Labels
Motion dynamics Gesture size Manual 2 normal; big
Motion dynamics Kinematics Manual 3 slow; normal; fast
Spatial geometry Left vertical position Automatic 5 below-waist; waist-level; torso-level; chest-level; above-head
Spatial geometry Left horizontal position Automatic 3 body-center; torso-side; extended-outward
Spatial geometry Left depth Automatic 2 at-torso; in-front-of-torso
Spatial geometry Left elbow bend Automatic 3 straight; slightly-bent; bent
Spatial geometry Right vertical position Automatic 5 below-waist; waist-level; torso-level; chest-level; above-head
Spatial geometry Right horizontal position Automatic 3 body-center; torso-side; extended-outward
Spatial geometry Right depth Automatic 2 at-torso; in-front-of-torso
Spatial geometry Right elbow bend Automatic 3 straight; slightly-bent; bent
Spatial geometry Hand reach Automatic 2 mid-reach; extended
Handedness Handedness Manual 2 one hand; both hands
Annotated spatial form Hand orientation Manual 7 inward; outward; toward center; up; down; side; forward
Annotated spatial form Spatial radial position Manual 5 inward; front; side; out; far out
Annotated spatial form Spatial height Manual 3 belt; chest; head
Annotated spatial form Spatial distance Manual 4 touch; close; normal; far
Handshape Handshape Manual 7 palm; cup; pinch; fist; bunch; fingers; index finger

Motion pattern and function Motion category Manual 19
arc-like trajectory; counting; diagonal; flick; glide; horizontal;
long-tail; pointing; pull; push; rotate; shake; step; strike; sway; sweep; vertical down; vertical up; wave

Motion pattern and function Communicative intent Manual 15
contrast; discourse; emotion; emphasis; enumeration; listing; negation; other-reference;
progression; quantification; relativity; self-reference; symbolise; temporal reference; uncertainty

Table 3: The 19-descriptor panel used for probing. Automatic descriptors are computed and discretized from
skeleton coordinates, whereas manual descriptors are human annotated. C denotes the number of retained classes
after removing labels represented by fewer than five clips.

all descriptors. The advantage is largest on graded
spatial/positional descriptors (e.g., vertical reach
bias, spatial distance), where a continuous vector
successfully captures gradation that a discrete his-
togram naturally discards. One-hot representations
only edge ahead on a handful of low-signal de-
scriptors (like handshape), where the absolute F1
is already near the noise floor.

A.2 Additional Results
A.2.1 Code-Level Activation Procedure &

Results
To rigorously evaluate whether a descriptor is re-
flected in the use of individual codebook entries,
we employ an information-theoretic approach.

Jensen-Shannon divergence provides a symmet-
ric and bounded metric for scoring how much the
classes’ profiles differ. The summed presence Mu-
tual Information (MI) provides an additive measure
of how much information the active vocabulary
collectively carries about the label, avoiding the
combinatorial infeasibility of estimating a full joint
contingency table I(Y ;K) over all 2048 codes.

Table 5 reports the descriptor-level results. The
data reveals that weak linear performance does not
possess a single interpretation. Some descriptors
leave strong code-level traces despite failing linear
probing (e.g., motion category, q = 0.006), indi-
cating the information lives in which discrete units
are activated rather than their averaged vector ge-
ometry. Conversely, other abstract properties like
communicative intent (q = 0.063) and handshape
(q = 0.697) fail to reach broad code-level signifi-

cance, indicating that these features are genuinely
absent from the token representation.

A.2.2 Further examples for the code-level
metrics.

To clarify the code-level metrics, we describe what
they return in two extreme cases and in two real
descriptors. In the first extreme, both classes of
a binary descriptor use every code equally often.
The two class-average profiles are then identical, so
JS = 0, and because knowing which code fired tells
us nothing about the class, MI = 0 as well. In the
opposite extreme, each class uses only its own code
and never the other’s. The profiles share no codes,
so JS reaches its maximum of 1 bit, and observing
a single code reveals the class with certainty, so MI
is maximal.

Real descriptors sit between these two extremes.
For handedness, both classes share generic rest-
ing codes, but “one hand” clips concentrate on
a few specific codes (e.g., hand code 746) while
“both hands” clips use a separate set of bimanual
codes. This partial overlap gives intermediate val-
ues (JS = 0.31, MI = 0.766), and the permutation
test confirms the separation is far above what ran-
dom labels would produce (q = 0.006). Left depth
classes are heavily imbalanced (94% vs. 6%), so
the minority profile is estimated from very few clips
and looks spiky. JS weighs both profiles equally
regardless of how many clips they come from, so
it becomes inflated (JS = 0.83). MI instead ac-
counts for how rare the minority class is, so it stays
moderate (MI = 0.493). Reading JS together with
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its permutation q-value and MI therefore prevents
false discoveries caused by class imbalance.
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Group Descriptor Cls. Maj-F1 Rand-F1 Embed. One-hot
Motion dynamics Gesture size 2 0.457 0.500 0.619 0.562
Motion dynamics Kinematics 3 0.320 0.333 0.367 0.340
Spatial geometry Left vertical position 5 0.113 0.200 0.639 0.563
Spatial geometry Left horizontal position 3 0.248 0.333 0.749 0.611
Spatial geometry Left depth 2 0.486 0.500 0.898 0.884
Spatial geometry Left elbow bend 3 0.231 0.333 0.787 0.669
Spatial geometry Right vertical position 5 0.119 0.200 0.663 0.467
Spatial geometry Right horizontal position 3 0.262 0.333 0.679 0.566
Spatial geometry Right depth 2 0.482 0.500 0.912 0.858
Spatial geometry Right elbow bend 3 0.266 0.333 0.772 0.487
Spatial geometry Hand reach 2 0.390 0.500 0.809 0.751
Handedness Handedness 2 0.334 0.500 0.734 0.664
Annotated spatial form Hand orientation 7 0.054 0.143 0.227 0.201
Annotated spatial form Spatial radial position 5 0.147 0.200 0.236 0.228
Annotated spatial form Spatial height 3 0.284 0.333 0.434 0.438
Annotated spatial form Spatial distance 4 0.233 0.250 0.300 0.297
Handshape Handshape 7 0.110 0.143 0.155 0.197
Motion pattern and func-
tion

Motion category 19 0.012 0.053 0.105 0.083

Motion pattern and func-
tion

Communicative intent 15 0.018 0.067 0.121 0.101

Table 4: Descriptor-level linear probing macro-F1 with chance baselines. Cls. is the number of retained classes (≥ 5
samples). Maj-F1 is the majority-class macro-F1 and Rand-F1 is the random-assignment macro-F1 (= 1/C in
expectation). For near-balanced binary labels such as depth and handedness, Rand-F1 exceeds Maj-F1, so the higher
of the two is the relevant chance level. The best of the two probe representations is shown in bold. Spatial geometry
and handedness clear chance by large margins, while motion category, communicative intent, and handshape exceed
chance only marginally.

Group Descriptor Cls. Stream MI q
Motion dynamics Gesture size 2 hand 0.397 0.006
Motion dynamics Kinematics 3 hand 0.311 0.327
Spatial geometry Left vertical position 5 hand 1.849 0.006
Spatial geometry Left horizontal position 3 hand 1.056 0.006
Spatial geometry Left depth 2 hand 0.493 0.006
Spatial geometry Left elbow bend 3 hand 1.039 0.006
Spatial geometry Right vertical position 5 hand 1.851 0.006
Spatial geometry Right horizontal position 3 hand 1.024 0.006
Spatial geometry Right depth 2 hand 0.575 0.006
Spatial geometry Right elbow bend 3 hand 0.875 0.006
Spatial geometry Hand reach 2 hand 0.865 0.006
Handedness Handedness 2 hand 0.766 0.006
Annotated spatial form Hand orientation 7 hand 1.802 0.006
Annotated spatial form Spatial radial position 5 hand 1.191 0.006
Annotated spatial form Spatial height 3 hand 0.534 0.208
Annotated spatial form Spatial distance 4 hand 0.697 0.021
Handshape Handshape 7 hand 1.499 0.697
Motion pattern and function Motion category 19 hand 3.790 0.006
Motion pattern and function Communicative intent 15 hand 3.450 0.063

Table 5: Descriptor-level code activation results using the stream with the highest mutual information for each
descriptor. Bold q-values indicate FDR-corrected q < 0.05. Spatial geometry is consistently significant. Motion
category is the main higher-level descriptor that shows a reliable code-level trace despite weak linear probing
performance.
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Abstract

Robots that search for objects on their own
must decide what to do when the search fails,
and how they signal that failure to a human
partner can determine whether the interaction
turns into collaboration. Prior work on human–
robot interaction has studied nonverbal help-
seeking and social gaze separately, but rarely
compares gaze against a matched verbal failure
signal inside a live, real-time embodied search
task. We present an embodied dialogue sys-
tem, built on the Retico incremental processing
framework, where the Cozmo robot searches
for a specified object and signals failure either
verbally or through gaze towards the human
partner. We first compare a rule-based planner
against a vision-language model (VLM) plan-
ner that reasons over scene semantics, finding
that the VLM planner succeeds far more often
(87.2% vs. 65.9%). We then test whether gaze
can close this gap without adding reasoning ca-
pability to the rule-based planner. Adding gaze
as the stuck signal raises success to 87.87%,
matching the VLM planner, while a verbal
stuck signal only raises it slightly (68.75%).
Results further show that this effect is largely
implicit: participants helped more in the gaze
condition without consistently reporting that
they felt invited to do so. Our findings suggest
that gaze can substitute for reasoning capability
a robot lacks, helping it elicit assistance from a
human partner.

1 Introduction

Multimodal, situated interaction is central to nat-
ural human–robot dialogue where people and
robots coordinate not only through words, but also
through gestures, emotion, and other information
(McNeill and Kennington, 2020; Admoni and Scas-
sellati, 2017; Novikova et al., 2015; Mutlu et al.,
2012). In a setting where a robot explores a space
for objects, the robot must signal a need for help
to the human when the exploration fails, otherwise
the human collaborator cannot know whether some

kind of an intervention to help the robot will actu-
ally succeed. When a robot fails to find an object,
the way it signals that failure matters. A verbal
statement such as I cannot find the object commu-
nicates the need for help, but does not naturally
open the floor for collaboration.

Prior work shows that nonverbal signals can act
as requests for help during collaborative tasks (Cha
and Matarić, 2016). One specific nonverbal sig-
nal — turning to face the person and holding the
person’s gaze — is a social act that can implicitly
invite participation without requiring an explicit re-
quest (Mutlu et al., 2009; Cha and Matarić, 2016).
Eye gaze is an important communicative modality
that can invite participation from humans by shap-
ing conversational footing (Mutlu et al., 2009), and
other work shows that eye contact changes how
later robot gaze is processed (Kompatsiari et al.,
2018). It has also been shown that robot behaviors
display emotion (Novikova et al., 2015; McNeill
and Kennington, 2019) and that emotional expres-
sion encourages helping in collaborative tasks be-
tween robots and humans (McNeill and Kenning-
ton, 2020; Zhou and Tian, 2020). Taken together,
these findings suggest that failure-triggered gaze
toward a human partner coupled with an appropri-
ate emotional behavior could elicit collaboration in
a live object-search task. Following work on non-
verbal help-seeking in human–robot collaboration
(Cha and Matarić, 2016) and on social eye gaze
in human–robot interaction (HRI) (Admoni and
Scassellati, 2017; Mutlu et al., 2009), in this work,
we task a human and a robot to collaboratively seek
out objects, but when a robot is ’stuck’ it uses eye
gaze as a communicative act; i.e., at the moment
the robot cannot find a target, a policy must select
how to disclose failure, which is then realized as
either speech or embodied orientation with gaze
toward the human.

Our work uses a system built on the Retico in-
cremental processing and ’robot-ready’ spoken di-
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alogue system frameworks (Michael, 2020; Man-
aseryan et al., 2025). Our Experiment first estab-
lishes a baseline: Human participants tell the robot
which object they want it to find and we use a lan-
guage model to autonomously control a robot to
explore objects in a confined space, which shows
that a language model can generate plans better
than a rule-based planner, but in both systems there
are many cases where the robot is unable to find
a specified object. That leads to our primary ex-
periment where we ask: How can the robot elicit
help from the human when the robot cannot find the
object? In that experiment, two conditions share
mid-search frustration displays; only the stuck sig-
nal differs: either a verbal ’give-up’ (“can’t find”)
or a physical turn toward the participant with held
gaze. Thus emotion is held constant across con-
ditions and cannot explain the between-condition
difference; the contrast is the stuck cue itself. We
find that the robot is able to complete more tasks
(i.e., find more objects) when it is able to elicit
help from the user both using speech and gaze, but
more so using gaze, to the degree that the interac-
tive help from human participants parities a more
sophisticated planner used to seek objects.

Our contributions are as follows:

1. A real-time embodied dialogue system built
on Retico (Michael, 2020; Manaseryan et al.,
2025) that integrates automatic speech recog-
nition, object detection and search planning,
generative multimodal emotional behavior,
and robot execution in a single end-to-end
interactive loop.

2. A controlled comparison of visual planning
strategies for physical object search task on
Cozmo, establishing the live search setting on
which Cozmo requests help when it cannot
find the object.

3. A controlled comparison of gaze after failure
versus a matched verbal give-up. We evalu-
ate spontaneous collaborative guidance and
how participants interpret the stuck cue as an
invitation to help. We also observe whether
directional hints after the stuck signal allow
the robot to continue searches that would oth-
erwise end.

In the following section we compare our work
to others, then explain our methodology. We then
explain two experiments where we (1) evaluate al-
ternative planners for our object-search task, then

(2) test whether gaze at task failure invites collabo-
ration relative to a verbal baseline.. We then offer
limitations and conclude.

2 Related Work

Social eye gaze is a communicative channel in HRI.
Robots use gaze to manage attention, show engage-
ment, and shape who is invited to take part (Ad-
moni and Scassellati, 2017). Mutlu et al. (2009)
showed that gaze cues alone can assign conversa-
tional footing (addressee, bystander, or overhearer),
with participants following robot-assigned roles at
high rates. Later work extended these ideas to turn-
taking and dialogue structure with more than two
people (Mutlu et al., 2012). Other evidence shows
that looking at a person’s face before a later gaze
shift changes how that cue is processed (Kompat-
siari et al., 2018), and that human gaze toward a
robot often comes before joint action in collabo-
rative assembly (Lavit Nicora et al., 2024). We
build on this by treating the robot’s gaze toward the
human after failure as an invitation to collaborate
once search has stalled.

A parallel line of work asks how robots should
request help when collaboration breaks down. Cha
and Matarić (2016) found that nonverbal help-
request signals (light and sound at different urgency
levels) change both helping behavior and how peo-
ple see the collaboration for a non-humanoid robot.
Other related work studies the reverse case. Human
gaze can show that the person has noticed robot
failure, including real-time detection from gaze
patterns (Tabatabaei et al., 2025a,b). This work
(specifically, when robot requests help when it can-
not find the object) instead treats robot-to-human
gaze itself as the failure signal.

Visual planning for physical robot tasks has
moved from rule-based detection toward vision-
language models that reason over scene semantics
rather than geometry alone (Driess et al., 2023).
Recent VLMs such as Qwen2.5-VL-7B (Bai et al.,
2025) can perform object localization and spatial
reasoning from raw scene context, without relying
on bounding-box confidence thresholds. Experi-
ment 1 compares this approach directly against a
YOLO-based rule-based planner on a live object-
search task.

Related to eye gaze, affect and emotion form a
separate channel for eliciting help from humans.
Emotionally expressive robots are more likely to
receive collaboration in joint tasks, including help
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from the human and task success time (McNeill
and Kennington, 2020; Zhou and Tian, 2020). A
specific emotion, frustration behaviors are also ar-
gued to matter for successful human–robot collab-
oration more broadly (Weidemann and Rußwinkel,
2021). In this work, we use emotional behaviors
to improve the interactive qualities of our robot,
though we do not compare an emotional vs. non-
emotional robot display as the emotion (e.g., frus-
tration). Emotional displays are a shared baseline
that signals something is wrong, but not specifically
that help is requested.

Figure 1: The Cozmo robot (Digital Dream Labs), the
embodied platform used in both experiments.

3 Method

Robot Platform Both of our experiments use
Cozmo, a small toy-like robot licensed by Digital
Dream Labs (see Figure 1). Cozmo has a front-
facing RGB camera (320×240 at 15 frames per
second), an OLED screen for facial expressions,
a movable head, a lift arm, and drive wheels for
tabletop navigation. Control is made through the
Cozmo Python SDK. These capabilities make it a
suitable platform for multimodal face-to-face in-
teraction and for our task: the camera supports
vision-based search, the screen and body actua-
tors support emotional behaviors, and the head and
drive motors support physical orientation toward
a human partner. It has also been shown in prior
work that a non-verbal Cozmo elicited cooperation
from humans based on how its beaviors displayed
emotion (McNeill and Kennington, 2020), and it
has also been shown that people view Cozmo as a
child-level robot that is 2-3 years old in comparison
with human cognition (Plane et al., 2018), which is
important because children often use physical dis-
plays of emotion (e.g., frustration) and eye gaze as
a signal of confusion and to elicit help from others
before they are able to speak.

Microphone Whisper ASR

Cozmo Camera YOLOv11

Rule-Based 
Planner

GRED Behavior Stuck Signal

Verbal
(Baseline)

Face Detection

Gaze Trigger
(Gaze)Cozmo Action

Human Hints

Figure 2: System architecture for our experiment.
The rule-based planner receives both ASR and YOLO
streams and coordinates all robot actions, including
GRED emotional behaviors and the stuck signal (verbal
’stuck’ state; gaze orientation in Gaze condition).

System Architecture Figure 2 shows the full sys-
tem. Our system is built on the Retico incremen-
tal processing framework (Michael, 2020; Man-
aseryan et al., 2025), which connects modules by
passing Incremental Units (IUs) as fine-grained
units of information between modules (Schlangen
and Skantze, 2011). Such fine-grained, incremen-
tal processing is an important property of natural
dialogue between robots and people (Manaseryan
et al., 2025). Two input modalities feed the central
planner in parallel: (1) the speech modality, which
uses a Microphone Module to stream raw audio
to Whisper ASR Module, which emits word-level
updates as speech arrives and a committed utter-
ance once the participant finishes speaking, and (2)
the vision modality, which uses a Cozmo Camera
Module to read image frames from Cozmo’s front
camera and pass them to a YOLOv111 Module,
which emits detected object classes, confidences,
and bounding boxes. The planner receives both
streams (transcribed speech and bounding box /
object labels), maintains search state, and emits ac-
tion commands to Cozmo Action Module, which
serializes them in a queue and executes them one
at a time through the Cozmo Behaviors Module.
Actions include search movements, emotional be-
haviors, and spoken output. A separate Face
Detection Module acts as another modality in-
put that scans for the participant’s face at startup
and stores their location. In the experiment, this
module is also used to enable Cozmo to angle its
face towards and gaze at the human participant
when needed.

1https://github.com/ultralytics/ultralytics
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Figure 3: GRED maps an emotion label (here, confu-
sion) to a sequence of Cozmo actions, including facial
display, head motion, lift, and drive, which are then
executed on the robot.

GRED Emotional robot behavior is produced
by GRED (Generate Robot Emotional Displays)
(Baral et al., 2025), a generative model built on
GPT-2 Medium. GRED takes an emotion la-
bel and produces a novel sequence of parame-
terized Cozmo actions, including facial displays
on an OLED screen, short vocalizations, driving
patterns, head angles, and lift-arm movements,
such that playing back those actions on the robot
would make an observer think the robot is dis-
playing the specified emotion. The model was
fine-tuned on hand-designed behavior sequences
across six grouped emotion categories, includ-
ing Anger/Frustration and Joy/Hope. Each be-
havior is a sequence of symbolic action tokens
(for example, display_oled_face_image-face2
turn_in_place 30 230). An example of input
and output can be seen in Figure 3. At inference
time, our search Planner module emits an emotion
label to GRED and executes the returned behavior
on Cozmo. In this work, the Planner Module uses
anger_frustration during mid-search escalation
when the target is still missing, and joy_hope when
the object is found. In our experiments, both con-
ditions share these GRED displays. Displaying
emotions is very important as the robot needs to
have a basic ability to display emotional behav-
iors or the evaluation would not be convincing as
the robot would be perceived by humans as “too
robotic.” It was shown in prior work that adding
emotional qualities to the robot increased interac-
tion and desire from human participants to help the
robot in learning tasks (McNeill and Kennington,
2020).

Planner When a participant utters a command
to find a specific object, the planner enters a
searching state where it takes random turns and
drive distances while YOLOv11 checks each in-
coming camera frame for the target object. If the
target is not detected after a specific time (20 sec-
onds for our experiments), the robot displays frus-

tration using the GRED Module. After 10 more
seconds without a detection, the search reaches a
stuck state. To establish the base capacity of the
system, we compare two planners: a rule-based
planner and a visual language model (VLM) based
planner. Both planners use the YOLOv11 bounding
box and object label information. The rule-based
planner follows a set of rules to make random move-
ments to explore the space until the specified object
is found, and moves closer to the object once it is.
The VLM-based planner uses a local LM to make
a plan for robot actions (i.e., non-random) to move
closer to a specified object.

The final experiment extends the Planner with a
stuck state and hint state. After the stuck state
is reached, the Planner enters the hint state and
listens for speech from the participant. If a hint
from the participant is given (e.g., turn right or
look behind you), Cozmo executes the movement
and checks YOLO for the target. If three consec-
utive hints do not result in the robot finding the
object, the system enters the stuck state again. If
the target is detected at any point during search
or hint states, the Planner enters an idle state
and Cozmo says found it while GRED generates
and plays a joy_hope display on Cozmo. How the
stuck signal is delivered differs by either a speech
event where the robot utters can’t find, or a gaze
trigger, explained below.

Gaze Trigger In the gaze condition, the stuck
state triggers a physical act rather than speech. Be-
cause Cozmo’s screen eyes have limited expressiv-
ity, the cue is not eye movement alone: Cozmo
rotates its whole body to face the participant, ad-
justs its head toward their face, and holds that
facing orientation. This is made possible by the
Face Detection Module, which rotates in place
at startup until it detects the participant’s face and
stores that location in Cozmo’s SLAM Module.
When the stuck state triggers, Cozmo uses that
stored position to turn toward the person and sets its
head angle by distance so it is oriented at their face.
Cozmo then holds that orientation for three seconds
so the participant can register the facing cue. This
pause is deliberate: prior work shows that establish-
ing direct eye contact before any subsequent gaze
shift changes how that cue is processed (Kompat-
siari et al., 2018). After the hold, Cozmo remains
facing the participant and does not turn back imme-
diately. The head resets only when the next action
begins, whether that is a hint movement or a new
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search command from the participant, so the signal
stays visible until the participant responds. The
baseline condition produces no physical movement
and no orientation change at the stuck moment, so
the between-condition contrast is this embodied
facing/gaze cue versus the verbal give-up.

4 Experiment 1: Planner Comparison

We first establish the base capability of the sys-
tem given our task which requires tabletop robot
navigation: a human participant tells the Cozmo
robot to find a specific object type, then Cozmo
autonomously searching for the targeted object on
a tabletop under two visual planners that share the
same robot platform, camera input, safety guards
and completion criteria, and differ only in how
each frame is interpreted to select the next action.
Figure 4 shows the full system.

Figure 4: Base system architecture.

Planners. We first evaluate two different Planner
variants. The two Planners differ only in how each
frame is interpreted to select the next action. The
VLM-planner (Qwen2.5-VL-7B) interprets the
scene to perform object localization, spatial reason-
ing, and visibility assessment, and selects actions
based on semantic scene understanding rather than
geometry alone. The rule-based planner detects
the target object in each frame and maps bounding-
box geometry to navigation decisions through rule-
based logic.

Procedure: We conducted a within-subjects
study with ten participants, with Planner order ran-
domized across participants. Each participant com-
pleted two 15-minute sessions, one for each Plan-
ner, in the same tabletop workspace with a fixed
object set (car, bicycle, chair, and bottle). During
each session, participants issued voice commands
(e.g., find the chair) specifying the target object and
observed Cozmo’s behavior. Participants were al-

lowed to reposition Cozmo and the objects between
attempts.

After each session (a session could have several
instances of the participant instructing Cozmo to
find a specific object), participants rated the Plan-
ner along two dimensions: task performance (six
custom 5-point Likert items assessing whether the
robot’s behavior matched the requested task) and
perceived intelligence from the the Godspeed sub-
scale (Bartneck et al., 2009), consisting of five 5-
point semantic differential items.

Metrics. Planner performance is evaluated using
objective and subjective measures. Objective mea-
sures, drawn from system logs, capture task success
rate (whether the system found the object). Sub-
jective measures from post-session questionnaires
capture perceived performance through task perfor-
mance and perceived intelligence ratings. Because
participants set their own object arrangements on
the table, some failures may result from scene
difficulty rather than planner limitations. Subjec-
tive ratings therefore complement objective met-
rics by capturing aspects of behavior not reflected
in completion outcomes. Statistical analyses fol-
low the paired within-subjects design and small
sample size. Participant-level comparisons use the
Wilcoxon signed-rank test.

Results. The VLM planner found the target ob-
ject in 41 of 47 attempts (87.2%), compared to 27
of 41 for rule-based (65.9%). This difference was
significant (Wilcoxon signed-rank test, p = 0.039,
r = 0.79), indicate that the VLM planner is more
reliable at finding the target object than rule-based
planner. Table 1 shows the detail results.

Table 1: Object-finding performance by system.

System Found Not found Found rate

VLM planner 41 / 47 6 /47 87.2%
Rule-based planner 27 / 41 14 /41 65.9%

Subjective ratings followed the same pattern as
objective performance. Participants rated the VLM
planner higher on Task Performance (4.20 vs. 3.37;
Wilcoxon signed-rank test, p = 0.016, r = 0.76)
and Perceived Intelligence (4.02 vs. 3.30; p =
0.016, r = 0.76), with large effect sizes for both
measures. (Appendix D, Figure 9 summarizes the
ratings).

Discussion. The VLM-planner outperforms the
rule-based planner on both objective and subjec-
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tive measures, completing 87.2% of tasks versus
65.9% for the rule-based planner, with significantly
higher ratings on task performance and perceived
intelligence. In most of these cases in which the
VLM planner found the target while the rule-based
planner did not, participants created complex se-
tups where the target was occluded or in an unusual
pose (Figure 5), degrading YOLOv11’s detection
confidence. When detection confidence drops, the
rule-based planner lacks sufficient information to
act, since its decisions depend entirely on bounding-
box features. The VLM planner remains effective
in these cases by identifying the target from scene-
level context.

Specifically, 34% of rule-based planner attempts
ended without finding the target, so failure was
common even though finding the target was still
more frequent. This failure moment is what our
experiment is built on: when the robot gets stuck,
how should it signal that to the human?

Figure 5: Occluded object and unusual object pose case
(images are extracted from Cozmo’s camera view)

5 Experiment 2: Gaze vs. Verbal Stuck
Signal

With our planner baseline established, we now turn
to the main experiment. Our goal is to evaluate a
system that uses the rule-based planner with the
added capability of requesting help from the user
through eye gaze and compare it to the VLM plan-
ner. Our hypothesis is that the rule-based planner,
while not as effective as the VLM-planner on its
own, will be as or more effective at the object find-
ing task when it elicits help from humans using eye
gaze.

Procedure. Our experiment uses a within-
subjects design with two conditions: Baseline (ver-

bally uttering can’t find) and eye gaze (physical
orientation toward the participant). Each partici-
pant completes both conditions in randomized or-
der to control for order effects. Both sessions use
the rule-based planner. The target objects are the
same common household items as in the prelimi-
nary experiment (cup, chair, potted plant, bicycle)
for which bounding-box detection is reliable. Fig-
ure 6 shows the tabletop workspace and a partic-
ipant observing Cozmo during a session. Before
each session, the experimenter places the target ob-
ject out of Cozmo’s initial camera field of view so
the stuck state triggers reliably.

Figure 6: Left: tabletop workspace with Cozmo and
target objects (cup, chair, potted plant, bicycle). Right:
participant observing Cozmo, holding the paper sheet
used to record found objects.

Participants are introduced to Cozmo with the
following instructions: “In this session, you will be
working alongside a Cozmo robot. Cozmo’s goal is
to explore the environment and find as many target
objects as possible. Cozmo understands spoken
English. If at some point it seems like it needs
your help, you can try talking to it.” No hint vo-
cabulary is disclosed and no mention is made of
the gaze condition (full instruction sheet in Ap-
pendix A). Participants are given a paper sheet to
fill in during the session, listing which objects the
robot found on its own and which it found with
their help (Appendix B). As before, participants
can set the objects where they please on the ta-
ble. Each session covers four objects in fixed order
and lasts approximately 20 minutes, followed by a
post-session questionnaire containing custom Lik-
ert items assessing task performance and collabora-
tion perception, and the Godspeed robot evaluation
questionnaire (Bartneck et al., 2009). Total partici-
pant time is around one hour. Participants received
a $12 Amazon gift card as compensation. Eight
participants took part in the study.

Metrics & Baseline. Only the stuck state dif-
fers between conditions. Baseline says “can’t find”;
Gaze turns Cozmo’s body to face the participant
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and holds that orientation (a full-body facing cue,
not eye motion alone). Mid-search timing and
GRED anger_frustration displays are identical
in both conditions, as are hint commands after the
stuck cue; emotion is therefore not confounded
with condition. The manipulated factor is only
how failure is disclosed at the stuck moment. The
primary measure is objects found with participant
help, recorded on a paper notes sheet (Appendix B).
Objects found alone and total objects are secondary
measures.

After each session, participants completed a
questionnaire (Appendix C) with eight custom 5-
point Likert items on task experience and collab-
oration, and the Godspeed questionnaire (Bart-
neck et al., 2009) covering Anthropomorphism,
Animacy, Perceived Intelligence, and Likability.
The two custom items target our research question
(i.e., I felt invited to help and robot movements
made sense when stuck). All comparisons use the
Wilcoxon signed-rank test with effect size r (exact
two-tailed p, effect size r = |z|/√Nnontied).

Results. Behavioral outcomes: Participants
recorded which objects Cozmo found on its own
and which it found with their help on a paper sheet
during each session.

Baseline Gaze

P Alone Help Total Miss Alone Help Total Miss

1 3 1 4 0 3 1 4 0
2 3 1 4 0 2 2 4 0
3 3 0 3 1 3 1 4 0
4 3 0 3 1 2 0 2 2
5 2 0 2 2 3 1 4 0
6 4 0 4 0 3 1 4 0
7 1 0 1 3 2 1 3 1
8 1 0 1 3 2 2 4 0

Sum 20 2 22 10 20 9 29 3
Mean 2.50 0.25 2.75 1.25 2.50 1.13 3.63 0.38
SD 1.07 0.46 1.28 1.28 0.53 0.64 0.74 0.74

Table 2: Object counts per participant. Miss = objects
never found in either condition. Help: W = 0, p =
0.031, r = 0.899.

Per-participant counts for found objects are in
Table 2. Only 2 of 8 participants helped in Base-
line; 7 of 8 helped in Gaze. Objects found with
help: Gaze mean = 1.13 (SD = 0.64) vs. Baseline
mean = 0.25 (SD = 0.46), W = 0, p = 0.031,
r = 0.899. Objects found alone were the same in
both conditions (mean = 2.50; W = 10.5, p = 1.0),
showing the effect is specific to the collaboration
channel. Total objects trended toward Gaze (3.63

vs. 2.75; W = 1.5, p = 0.188, r = 0.724) but did
not reach significance at N = 8.

Qualitatively, the conditions looked different
at the stuck moment. In Baseline, most partici-
pants watched after hearing “can’t find” and did not
speak; only two participants offered help across the
whole condition, and helping was rare (2 objects
found with help in total). In Gaze, after Cozmo
turned to face them, seven of eight participants
responded with spoken guidance, typically short
directional hints such as turn left, turn right, or
look behind you, which the planner could execute
in the hint state. Objects found alone stayed the
same across conditions (20 vs. 20), so the extra
successes came from this help channel rather than
from better solo search. We did not run a formal
coding of every utterance; this account summarizes
the pattern already visible in the per-participant
counts in Table 2.

Gaze vs. VLM Planner: In the baseline set-
ting, the robot was able to find 20 objects without
help and an additional 2 with help (i.e., participants
offered hints when the robot said I’m stuck). In
the Gaze system where the robot looked at the par-
ticipant when stuck, the robot was able to find 20
objects without help, and an additional 9 objects
with help. The baseline system had 68.75% (22
out of 32) successfully found objects, whereas in
the Gaze system, 87.87% (29 out of 33) resulted
in found objects. Compared to the VLM Planner
which had a 87.2% success rate, using the more
basic planner with increased interaction using Gaze
to elicit help enabled the robot to successfully find
objects at a rate on-par (in fact, slightly better) than
the vision-language model based planner. This
supports our hypothesis that gaze with a simpler
planner is comparable to a more sophisticated plan-
ner. This is a very positive result, as it shows that
simple planning with elicited help from humans,
which is akin to the behavior of children who seem-
ingly randomly explore their environment yet look
at caregivers for help when frustrated of confused,
is an effective and collaborative method of explo-
ration.

Custom Likert items. After each session, par-
ticipants rated eight custom Likert items (1–5) on
task experience and collaboration. Two questions
are specific to our task: (Question 6: I felt invited to
participate when the robot seemed unsure what to
do) and (Question 9: The robot’s movements made
sense for when it was unable to find an object).
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Baseline Gaze

Item M SD M SD W p

Q3 Interesting 3.88 0.99 3.75 0.71 2.0 1.000
Q4 More time 4.00 1.20 4.13 1.36 2.0 1.000
Q5 Found object† 3.13 0.83 3.71 0.76 2.0 0.250
Q6 Felt invited∗ 3.63 1.19 3.38 1.06 3.5 0.750
Q7 Engaged 3.63 0.92 3.75 0.71 6.0 1.000
Q8 Movements/search† 4.00 0.76 3.71 0.76 2.5 0.625
Q9 Movements/stuck∗ 3.88 0.99 3.63 1.06 1.5 0.750
Q10 Collaboration 3.75 0.71 3.50 1.07 1.5 0.750

Table 3: Custom Likert means (1–5) and exact Wilcoxon
statistics. Bold rows are primary items (∗). † N = 7
(one missing response). No item reached significance
(α = 0.05).

No item reached significance (Table 3). Q6:
Baseline = 3.63 (SD = 1.19), Gaze = 3.38
(SD = 1.06), W = 3.5, p = 0.750, r = 0.274.
Q9: Baseline = 3.88 (SD = 0.99), Gaze = 3.63
(SD = 1.06), W = 1.5, p = 0.750, r = 0.463. Per-
ceived collaboration (Q10) showed no difference
either (Baseline = 3.75, Gaze = 3.50; W = 1.5,
p = 0.750).

Two factors may explain these Likert results.
First, gaze appears to have worked as an implicit
cue rather than an explicit one: participants helped
more in the gaze condition, which resulted in more
objects found, yet did not rate themselves as feeling
more invited or as better understanding the stuck
signal. We conjecture that a facing/gaze cue can
shift collaborative behavior without the observer
consciously registering it as a request (Kompatsiari
et al., 2018). Second, individual variation was high
on both items (SD 1.06–1.19 on a 5-point scale),
which reduces power at N = 8. Effect sizes (r =
0.27 for Q6, r = 0.46 for Q9) suggest a larger
study would be needed to confirm these trends.
See Appendix for Godspeed questionnaire results,
which similarly showed no difference in human
perceptions between the two systems.

The low helping rate in the verbal baseline also
needs explanation. The phrase “can’t find” names
failure, but it does not clearly invite participation;
participants may have heard it as the end of a trial
rather than a request for help. Robot speech can
also be hard to hear or parse, so some people may
simply have missed or underweighted the cue. We
therefore cannot fully separate “gaze/orientation is
strong” from “this particular verbal phrase is weak.”
A stronger verbal topline would use an explicit
invitation (e.g., “can you help me?” or “please tell
me where to look”), as in prior work on robot help-

seeking (Cha and Matarić, 2016). We did not run
that condition here.

6 Limitations

This study has several limitations. First, both ex-
periments were conducted with relatively small
sample sizes (preliminary experiment: n = 10,
main experiment: n = 8), which may limit sta-
tistical power, so results may reflect random vari-
ation rather than true differences; future studies
should replicate these findings with larger, more
diverse participant pools. Second, the GRED emo-
tional expressions were not always clear for the
participants to interpret, which likely weakened
their usefulness as aid cues; we also did not run
an emotion-off condition, so we cannot claim that
emotion plus gaze is jointly necessary. This limita-
tion could be mitigated by refining the GRED out-
put for more consistent interpretation and by testing
an emotion-off ablation in future work. Third, the
setup in our experiment was simpler and did not
include many failure cases where the baseline sys-
tem struggled with object detection. Future studies
should test more complex and varied environments.
Additionally, our experiment evaluated only the
rule-based planner, which has limited ability to
interpret human-provided hints (e.g: "the cup is
behind you"); future work could improve its lan-
guage grounding or extend the evaluation to VLM-
based planners. Finally, both experiments were
conducted on the Cozmo platform, which limits
the robot’s action space and expressive range; fu-
ture work should validate these findings on more
capable robotic systems.

7 Conclusions & Future Work

This paper examined whether gaze, a simple, non-
verbal social signal, can help an embodied robot
communicate failure to a human collaborator dur-
ing a object-search task. Specifically, we asked
whether this signal could help the robot succeed
even when it lacks the reasoning needed to solve the
problem on its own. We first compared two plan-
ners that differ in capability: a rule-based planner
that reacts to raw detections, and a vision-language
model planner that reasons over full scene seman-
tics. The VLM planner found the target object far
more often (87.2%) than the rule-based planner
(65.9%), confirming that semantic reasoning helps
when a search grows difficult.

This capability gap set up the contrast at the
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center of our design. Rather than treating the rule-
based planner as simply a weaker version of the
VLM planner, we treat it as a stand-in for an agent
that has not yet developed full semantic and linguis-
tic reasoning, much like a young child who cannot
yet utter request for help due to a lack of vocabu-
lary, but who still succeeds by drawing a caregiver
into helping through emotional displayes and eye
gaze. This raised our central question: if the robot
lacks that reasoning capability, can interaction with
a human partner make up the difference instead?
To test this, we added a gaze-based stuck signal to
the rule-based planner and compared it against a
verbal ’give-up’ as the baseline, while holding mid-
search GRED frustration displays constant across
both conditions. We found that the rule-based plan-
ner reached 87.87% with gaze, matching the VLM
planner outright, while the verbal baseline raised it
only to 68.75%.

Gaze still worked even though participants did
not always say they felt invited to help, which sug-
gests it acted as a subtle cue rather than a direct
request (Kompatsiari et al., 2018). Taken together,
our results show that a robot does not need full
linguistic or semantic capability to collaborate suc-
cessfully with a human: interaction itself, prompted
by a well-timed nonverbal signal, can recruit the
help needed to make up for capability the robot
does not have, in the same way that young children
rely on gaze rather than language to get help from
a caregiver (Plane et al., 2018).

For future work, we plan to test whether gaze
will work with a VLM-planner that is trained to be
more on par with child-level exploration in more vi-
sually cluttered environments, with a larger partici-
pant pool, and to compare gaze against an explicit
verbal invitation baseline (e.g., “can you help me?”)
rather than only a failure announcement such as
“can’t find.” Importantly, the interaction should re-
sult in the robot not just finding objects, but explor-
ing them such that it can also learn grounded rep-
resentations of the objects connected to referring
expressions made by humans to them, all learned
through interaction.
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A Participant Instructions

Participant Instructions 
 
Welcome to the study! In this session, you will be working alongside a Cozmo robot. 
 
 
Cozmo’s Mission  
 
Cozmo’s goal is to explore the environment and find as many target objects as possible. 
Cozmo understands spoken English. If at some point it seems like it needs your help, 
you can try talking to it. 
 
Your Task 
Please use the separate sheet of paper provided to write down the answers to the 
following questions during the session: 
 

●​ How many objects did the robot find? 
●​ How many objects did the robot find with your help? 

 

The Target Objects  

Cozmo is trained to look for the following specific items: (follow this order) 

●​ Cup 
●​ Chair 
●​ Potted plant 
●​ Bicycle 

 
Notes 
 
Don’t speak while Cozmo is performing an action. 
 

Figure 7: Full instruction sheet given to participants at
the start of each session.

B Participant Notes Sheet

How many objects did the robot find? How many objects did the robot 
find with your help?

Figure 8: Paper sheet given to participants to record
behavioral observations during the session.
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C Post-Block Questionnaire

Participants completed the following questionnaire
after each block. All rating items use a 5-point
scale. Endpoint labels are shown in parentheses.

Part 1: Overall experience

1. How many objects did the robot find on its
own? (numeric)

2. How many objects did the robot find with your
help? (numeric)

3. How interesting was the robot to interact with?
(1 = Not at all; 5 = Very)

4. Would you like to spend more time with the
robot? (1 = Not at all; 5 = Very much)

5. Cozmo found the object I asked it to find.
(1 = Strongly disagree; 5 = Strongly agree)

6. I felt invited to participate when the robot
seemed unsure what to do. (1 = Strongly dis-
agree; 5 = Strongly agree)

7. I felt engaged with the robot, not just watching
it. (1 = Strongly disagree; 5 = Strongly agree)

8. The robot’s movements made sense for find-
ing the object. (1 = Strongly disagree;
5 = Strongly agree)

9. The robot’s movements made sense for when
the robot was unable to find an object.
(1 = Strongly disagree; 5 = Strongly agree)

10. I felt we were working together to achieve
a shared goal. (1 = Strongly disagree;
5 = Strongly agree)

Part 2: Impression of the robot — Godspeed
questionnaire (Bartneck et al., 2009) Anthropo-
morphism

1. How aware did the robot seem? (1 = Uncon-
scious; 5 = Conscious)

2. How natural did the robot seem? (1 = Artifi-
cial; 5 = Lifelike)

3. How would you describe the robot’s move-
ment? (1 = Moving rigidly; 5 = Moving ele-
gantly)

Animacy

1. How alive did the robot appear? (1 = Dead;
5 = Alive)

2. How lively did the robot appear? (1 = Stag-
nant; 5 = Lively)

3. How interactive was the robot? (1 = Inert;
5 = Interactive)

Perceived Intelligence

1. How competent did the robot seem? (1 = In-
competent; 5 = Competent)

2. How knowledgeable did the robot seem?
(1 = Ignorant; 5 = Knowledgeable)

3. How intelligent did the robot seem? (1 = Un-
intelligent; 5 = Intelligent)

4. How sensible were the robot’s actions?
(1 = Foolish; 5 = Sensible)

Likability

1. Please rate your impression of the robot in this
session. (1 = Unlikable; 5 = Likable)

2. Please rate your impression of the robot in this
session. (1 = Unpleasant; 5 = Pleasant)

C.1 Part 3: Godspeed results
Godspeed subscales We also administered the
Godspeed questionnaire (Bartneck et al., 2009),
which measures four dimensions of robot per-
ception on 5-point bipolar scales. Anthropo-
morphism (3 items: Unconscious–Conscious,
Artificial–Lifelike, Moving rigidly–Moving el-
egantly) captures how human-like the robot
feels. Animacy (3 items: Dead–Alive, Stagnant–
Lively, Inert–Interactive) captures how alive
and active it appears. Perceived Intelligence
(4 items: Incompetent–Competent, Ignorant–
Knowledgeable, Unintelligent–Intelligent, Foolish–
Sensible) captures how capable it seems. Likability
(2 items: Unlikable–Likable, Unpleasant–Pleasant)
captures how pleasant it is to interact with. Each
subscale score is the mean of its items; if an item
is missing for a participant, it is excluded from that
participant’s mean.

No subscale differed significantly (Table 4). An-
thropomorphism: Baseline = 2.42 (SD = 1.17),
Gaze = 2.14 (SD = 0.74), W = 10.5, p = 1.0
(N = 7). Animacy: Baseline = 3.25 (SD = 0.99),
Gaze = 2.96 (SD = 0.84), W = 6.0, p = 0.813,
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r = 0.181. Perceived Intelligence: Baseline = 3.16
(SD = 0.63), Gaze = 3.19 (SD = 0.70), W = 14.0,
p = 1.0. Likability: Baseline = 4.31 (SD = 0.75),
Gaze = 4.63 (SD = 0.52), W = 1.5, p = 0.375,
r = 0.639.

This is expected. Godspeed reflects partici-
pants’ overall impression of the robot across the
full session, not just the stuck moment, so large
between-condition differences are unlikely. Per-
ceived Intelligence was nearly identical (3.16 vs.
3.19), showing that the gaze turn did not make
Cozmo seem less capable. Anthropomorphism was
low in both conditions, consistent with Cozmo be-
ing a small toy robot. Likability trended higher
for Gaze (r = 0.639), the largest effect across all
subscales, but did not reach significance at N = 8.

Baseline Gaze

Subscale M SD M SD W p

Anthropomorphism† 2.42 1.17 2.14 0.74 10.5 1.000
Animacy 3.25 0.99 2.96 0.84 6.0 0.813
Perceived Intelligence 3.16 0.63 3.19 0.70 14.0 1.000
Likability 4.31 0.75 4.63 0.52 1.5 0.375

Table 4: Godspeed subscale means (1–5) and exact
Wilcoxon statistics (N = 8 unless noted). † N = 7 for
Gaze (P4 missing). Likability showed the largest effect
(r = 0.639), favouring Gaze. No subscale reached
significance (α = 0.05).

D Figures

Figure 9 summarizes the ratings of participant on
Task performance and Perceived Intelligence of the
Base system between the VLM planner and Yolo
planner (baseline).

Yolo-Planner VLM-planner1

2
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Figure 9: Task performance and Perceived Intelligence
subscale by planner (Base system)
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Abstract

Storytelling in face-to-face dialogue involves
coordinating multiple modalities, including
speech and gaze. When the addressee is a social
robot rather than a human, narrators’ speech
and gaze behavior may differ. However, few
studies have examined both modalities within
the same narratives, and it remains unclear how
different aspects of multimodal behavior vary
depending on whether the interaction partner
is a social robot or a human. In this study, we
examined how adults narrated picture-based
stories to a social robot and a human inter-
locutor. Two modalities of narrative produc-
tion were considered: pausing, separated into
filled and unfilled pauses, and gaze behavior
during the narration, directed either toward the
story pictures or toward the listener. Critically,
we examined whether shyness, considered as a
continuous dimension of individual variation,
relates to pausing and gaze behavior. Results
revealed that speakers produced fewer filled
pauses when narrating to the robot than to the
human, while unfilled pauses did not differ. Ad-
ditionally, higher shyness was associated with
longer, though not more frequent, filled pauses
in human-directed narration, although shyness
did not reliably predict the magnitude of the
partner effect. We discuss how our findings
may contribute to a more nuanced understand-
ing of multimodal interactions with embodied
agents.

1 Introduction

Human communicative interaction in face-to-face
settings is characterized as a multimodal process
(Levinson, 2016). When telling a story, for exam-
ple, speakers produce speech that includes disfluen-
cies, such as filled and unfilled pauses, while also
coordinating their gaze between the story pictures
and their interlocutor. Importantly, these modalities
are adjusted to the addressee (Holler and Levinson,
2019; Hanulíková et al., 2026). Speakers have been
shown to tailor their behavior to a model of their

partner, and communicative behaviors directed to
artificial partners such as social robots appear to
form a distinct register with features shared with
computer- and child-directed speech (Fischer et al.,
2011; Jacka et al., 2025; Hanulíková et al., 2026).
The characteristics of speech and gaze that a robot
elicits may therefore reveal how speakers perceive
their partner, which can in turn inform the design
of systems that interpret and produce human mul-
timodal behavior more contingently (Hessels and
Fang, 2026). Although research comparing interac-
tions with robotic and human partners has grown
(e.g., Demir-Lira et al., 2020; Vollmer et al., 2018),
less is known about speakers’ multimodal behavior
in communicative tasks, such as narrative settings
towards a social robot compared to human-human
interaction, as well as the direction of potential
adjustments a person might take when interacting
with a robotic partner. On the one hand, a robot
may be perceived as less socially evaluative than
a human partner (Tolksdorf et al., 2026) and as
a machine that requires precise, unambiguous in-
put. In this case, speakers may hesitate less, and
looking at the robot’s face may carry less social
cost. On the other hand, interpersonal interaction
is a co-constructed achievement in which partners
monitor their addressees and rely on their feed-
back (Clark and Krych, 2004). A robotic inter-
action partner that is less familiar and provides
fewer listener cues could lead to more disfluent
production (Tolksdorf et al., 2021a) and potentially
decrease the reciprocity of partner-directed gaze.
Crucially, temperamental traits can decisively influ-
ence how a person coordinates social interactions.
Yet, the influence of such individual differences
(e.g., shyness) on multimodal behavior remains
understudied. As a prevalent phenomenon and con-
tinuous temperamental dimension involving height-
ened attention to the social evaluative aspects of
interaction (Sosa-Hernandez et al., 2023; Viertel
and Tolksdorf, 2024), shyness may relate to how
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speakers regulate pausing and gaze directed at their
partner. While previous research on the influence
of shyness on multimodal behavior in human-robot
interaction has primarily focused on children (e.g.,
Tolksdorf et al., 2021b; Tykhonenko et al., 2026),
little research has examined this topic in adults.
The present pilot study addresses these gaps by
comparing filled and unfilled pausing and gaze allo-
cation within the same narrations, when interacting
with either a social robot or a human partner, and
by relating both modalities to individual levels of
shyness. The aims of this work are as follows:

• To investigate whether filled and unfilled
pauses, as well as gaze behavior directed to-
ward story pictures and interaction partners,
vary when a picture-based story is narrated to
a robot versus a human interaction partner.

• To examine whether individual differences in
shyness are associated with variation in hesi-
tation and gaze behavior.

2 Related Work

2.1 Speaking to a robot versus a human
partner

A body of research has shown that speakers may
adapt aspects of their speech to their addressees,
depending on partner representations, communica-
tive demands, and the interactional context (Fis-
cher, 2016; Brennan and Hanna, 2009; Ferreira,
2019). However, although previous studies have
documented linguistic and prosodic adaptations
to different human addressees, comparatively lit-
tle is known about differences in disfluency and
gaze related to the partner during semi-naturalistic
narrative production with embodied artificial part-
ners, such as social robots. In particular, speech
to artificial partners is reported to share features
with other partner-adapted registers (Fischer et al.,
2011). In addition, prior research suggests that
backchannels and mutual monitoring in human–
human interaction can support fluent production
(Clark and Krych, 2004). Because robotic systems
typically provide fewer such cues, narration to a
robot may be comparatively more disfluent, con-
sistent with earlier findings that children involved
their caregiver more, and that the interactional flow
was more often disrupted with a robot than with a
human partner (Serholt, 2018). At the same time,
speakers may treat a machine partner as requiring
precise, unambiguous input (Pang et al., 2025), and

accordingly produce more controlled, less disfluent
speech. Given that these findings may predict op-
posite directions, we leave the direction of partner
effects open a priori.

2.2 Disfluencies as cognitive-communicative
signals

Filled and unfilled pauses can serve multiple func-
tions in interaction. Clark and Fox Tree (2002)
argued that markers such as uh and uhm can act
as conventionalized signals of an upcoming de-
lay in turn-taking, and prior work converges on a
dual role for these fillers in speech planning and
listener-oriented signalling (Corley and Stewart,
2008). Unfilled pauses, by contrast, have been
more closely linked to cognitive planning (Zellner,
1994). If speakers adapt their listener-directed be-
havior primarily to the type of interaction partner,
then partner effects may be more likely for filled
pauses than for unfilled ones. However, if reduced
listener feedback leads to increased disruption in
speech production, then both pause types may be
affected. We therefore analyse filled and unfilled
pauses separately and ask whether partner type and
speaker characteristics act differently on each.

2.3 Gaze during storytelling

Speaker gaze in conversation has been described
as serving regulatory, monitoring, and expressive
functions (Kendon, 1967). In storytelling settings,
narrators’ gaze toward recipients has been associ-
ated with the elicitation of listener feedback (Bave-
las et al., 2002), although more recent eye-tracking
evidence suggests that this association is less uni-
form than initially proposed (Zima, 2020). Gaze
toward interaction partners during hesitations can
also invite collaboration, for instance when search-
ing for a word (Auer and Zima, 2026), whereas
gaze aversion has been observed during hesita-
tion phases and before complex segments of talk
(Doherty-Sneddon and Phelps, 2005; Auer and
Zima, 2026). In line with this notion, gaze directed
at a partner primarily serves to elicit feedback. A
robot offering fewer cues may attract fewer initia-
tions of gaze from its partner. Additionally, looking
at a human’s face may carry more social-evaluative
weight, whereas gazing at a robot’s face may be
less costly and thus occur more frequently. Im-
portantly, most existing evidence stems from face-
to-face conversations without task-related visual
materials. In picture-elicited narration, speakers
can be expected to direct much of their gaze at
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the pictures, so that partner-directed gaze becomes
a comparatively infrequent behavior whose distri-
bution across different partner types is not well
documented (Hessels and Fang, 2026).

2.4 Shyness and socially evaluative influences
on production

Temperamental shyness is characterized by high
sensitivity to novel situational factors, including
social aspects such as the concern about being eval-
uated negatively (Viertel and Tolksdorf, 2024). In
this respect, social robots have been discussed as
potential partners that can lessen the evaluative load
within interaction (Peter and van Straten, 2024).
The available evidence is, however, nuanced. In a
dyadic peer paradigm investigating temporal co-
ordination during interaction, conversational re-
sponse times were related to children’s observed
social engagement, but not their self-reported shy-
ness (Wilson et al., 2024). In adults with social anx-
iety disorder, a clinical construct distinct from tem-
peramental shyness, the proportion of hesitation
disfluencies was similar to that of controls, though
silent pausing was more prevalent (Silber-Varod
et al., 2016). Evidence on the influences of shyness
on multimodal behavior in human-robot interaction
largely stems from children and modalities such as
proxemics, expressiveness, and response latencies
(e.g., Tolksdorf et al., 2021b; Tykhonenko et al.,
2026). Taken together, these findings can moti-
vate the expectation that shyness, if it relates to
production, may do so selectively — for pausing,
possibly more in unfilled than in filled pauses. For
gaze, partner-directed gaze is one of the more so-
cially exposed behaviors in a narration task and
may therefore be a plausible source of variation
related to shyness. Because directly comparable
evidence is limited, we examine this question with-
out making a strong directional prediction. Since
the social-evaluative demands of a robot and a hu-
man partner differ, shyness-related patterns may be
partner-dependent.

2.5 The present study

This work is part of a broader project examining
how speech production (e.g., lexical retrieval) in
interaction with a robot compares with human–
human interaction and depending on language
background. Language background is a focus of
the broader project, and is addressed here only ex-
ploratorily because of its potential relevance to
hesitation behavior (Section 4.6). In the present

study, adults narrated picture-based stories to a so-
cial robot and to a human partner. We focus on
examining whether the characteristics of the inter-
action partner (human versus robot) are associated
with differences in hesitation behavior and gaze
behavior during narration when overt listener feed-
back is minimized. Additionally, we investigate
whether temperamental shyness is associated with
disfluencies and partner-directed gaze and whether
such associations appear selective for the type of
social partner (robot versus human).

3 Method

3.1 Participants

24 adults (19 female, 5 male; mean age 26.98 years,
SD = 6.2) participated in the pilot study. 13
were first-language (L1) speakers of German and 11
were speakers with German as a second language
(L2). Due to technical errors with the robot, two
participants completed only the human-directed
condition and are excluded from within-participant
partner contrasts.

3.2 Partner conditions

In the robot condition, participants narrated to the
Navel social robot (Toussaint et al., 2023). The
robot’s verbal behavior was generated via its built-
in speech-to-text API and LLM integration, prompt-
engineered to follow a standardized narrative-
elicitation protocol (Gagarina et al., 2019): it in-
vited the participant to tell the story, did not inter-
rupt during the narration, and thanked the partic-
ipant at the end. Both conditions were designed
to be as comparable as possible, and during the
narration, the robot remained in a stationary lis-
tening posture with its gaze directed ahead (see
Figure 1A). The robot did not provide contingent
verbal or nonverbal backchannel signals. In the
human condition, participants narrated to a human
experimenter whose listening behavior remained
consistent as well. The experimenter did not initi-
ate or return eye contact or produce backchannel
signals and looked at the story pictures during the
narration. Thus, both partners provided minimal,
non-contingent listening behavior. This pattern
was a deliberate design decision. Since the robot
could not produce contingent listener responses, an
unconstrained human listener might introduce dif-
ferences in feedback, which would make it difficult
to distinguish the effects of partner type from those
of feedback. Therefore, holding listener responsive-
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Figure 1: Experimental setup for robot- or human-
directed storytelling interactions. (A) robot condition,
(B) human condition.

ness constant at a minimal level may help to discern
effects attributable to the partner itself rather than
to the feedback it provides. However, this approach
comes at the cost of naturalness. A listener who
withholds backchannels and eye contact diverges
from typical conversational storytelling, where lis-
teners respond audibly and visibly (Bavelas et al.,
2002; Zima, 2020).

3.3 Procedure and materials

Participants completed a single laboratory session.
Narratives were elicited with the Multilingual As-
sessment Instrument for Narratives (MAIN; Gaga-
rina et al., 2019), using parallel six-picture stories.
Following the MAIN protocol, participants selected
one of three envelopes, a procedure intended to
create the impression that the partner did not al-
ready know the chosen story, and then narrated the
story while viewing the picture sequence, which re-
mained visible throughout. Narrations were video-
recorded, and the duration of each narration was
measured to calculate rates per minute. The order
and assignment of stories were balanced across so-
cial partners, as was the order in which participants
told stories to the robot or the human.

3.4 Disfluency and gaze coding

Disfluencies were annotated as filled pauses (e.g.,
uh, uhm) and unfilled (silent) pauses within the
narration. Each pause was annotated with its on-
set and offset. From this annotation, we derived
two measures per narration. First, as frequency
measures, we computed filled and unfilled pauses
per minute by dividing each participant’s pause
counts by the corresponding narration duration.
Second, we calculated the mean duration of pauses
for each participant and partner condition. Gaze
was annotated manually, frame by frame, from the
video recordings in ELAN (Wittenburg et al., 2006).
Gaze targets are coded as (a) the picture sequence
and (b) the partner’s face region (the robot’s face re-

gion in the robot condition). From this annotation
we derive, per narration, the number of partner-
directed gaze events per minute. We report event
rates because they indicate how often speakers look
at each target, which most directly corresponds to
the gaze-initiation behavior that motivated our re-
search questions. In the present picture-elicited nar-
ration, speakers direct most of their gaze toward the
stimulus material. Consequently, partner-directed
looks occur as brief departures from the pictures.
Therefore, their frequency provides insight into
how often the speaker turns toward the partner,
whereas duration-based measures are dominated
by the picture-directed baseline. Additionally, rates
rather than raw counts were used because narration
durations varied across participants. All coding
was performed by a single trained coder.

3.5 Assessment of shyness

Temperamental shyness was assessed using the
“Shyness and Sociability Scales for Adults”
(Asendorpf, 1997; Asendorpf and Wilpers, 1998).
This standardized self-report questionnaire was ad-
ministered at the end of the session and provided a
continuous score that was used for analyses.

4 Preliminary Results

4.1 Analytic approach

Pause rates (filled and unfilled pauses per minute)
and gaze-event rates per minute were analyzed us-
ing nonparametric, rank-based ANOVA-type statis-
tics (ATS; Brunner et al., 2018; Noguchi et al.,
2012), with partner (robot, human) as a within-
participant factor. For each comparison, we report
the ANOVA-type statistic (ATS), its associated F-
approximation (for which the denominator degrees
of freedom are set to infinity), and the relative treat-
ment effects (RTEs) for each condition. An RTE
above .50 indicates that observations from that con-
dition tend to take higher ranks in the pooled sam-
ple. The same rank-based approach was applied to
participants’ mean filled- and unfilled-pause dura-
tions in each condition. For the analysis of pause
durations, duration values are defined only for par-
ticipants who produced at least one pause of the rel-
evant type in a given condition; participants without
such pauses were excluded from the corresponding
duration analysis (18 pairs for filled and 14 pairs
for unfilled pauses). These analyses therefore con-
cern mean pause duration among participants who
produced at least one pause of the relevant type in
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both conditions. Additionally, two further partici-
pants could not be included in the gaze coding, so
gaze analyses are based on 20 complete pairs.

Associations with shyness were examined in two
ways. First, we report Spearman rank correlations
within each partner condition, describing how shy-
ness relates to behavior within a partner condition.
Additionally, to directly examine whether the mag-
nitude of the partner difference varied with shyness,
we calculated the within-participant difference be-
tween the human and robot conditions for each
measure and correlated these difference scores with
shyness. A significant association would indicate
that the magnitude of the difference between part-
ner conditions varied systematically with individ-
ual differences in shyness. Given the small sample
size and the distributional characteristics of the be-
havioural measures, we used a rank-based analysis
of within-participant difference scores as a parsimo-
nious approach to examining whether the magni-
tude of partner differences varied with shyness. All
shyness analyses are exploratory, and we did not
apply correction for multiple testing, so individual
p-values are not interpreted as confirmatory evi-
dence. To examine whether partner effects differed
by language background, we additionally included
language background as a between-participant fac-
tor in the rank-based ATS model, with partner as
a within-participant factor for filled and unfilled
pauses.

4.2 Descriptive overview

Table 1: Descriptive overview per partner condition (me-
dians with interquartile ranges). Medians are reported
because the analyses are rank-based and the distribu-
tions are skewed.

Human Robot

Narration duration (min) 1.07 [0.92–1.57] 1.12 [0.85–1.37]

Pauses per minute
Filled 8.26 [4.72–13.55] 3.15 [1.23–10.13]
Unfilled 1.97 [0.69–3.44] 1.74 [0.87–2.81]

Mean pause duration (s)
Filled 0.79 [0.60–0.96] 0.70 [0.59–0.85]
Unfilled 1.13 [0.91–1.55] 1.05 [0.72–1.84]

Gaze events per minute
Partner-directed 1.04 [0.29–2.18] 3.02 [0.29–6.38]
Picture-directed 1.13 [0.85–2.75] 3.44 [0.95–6.71]

4.3 Partner effects on pausing

Figure 2 shows pause rates in both conditions.
Filled-pause rates were lower in robot-directed
than in human-directed narration, and the ATS indi-

Figure 2: Filled (A) and unfilled (B) pause rates per
participant and partner condition. Grey lines connect
each participant’s two narrations; black line marks the
condition medians.

cated a difference between conditions, F (1,∞) =
18.88, p < .001, with relative treatment effects of
RTE = .58 (human) and .42 (robot). Unfilled-
pause rates did not differ between conditions,
F (1,∞) = 0.04, p = .848, RTE = .51 (human)
and .49 (robot). Together, in this sample the part-
ner effect appeared to be confined to filled pauses
while the data provide no comparable indication for
unfilled pauses. Pause durations showed no part-
ner differences, for filled pauses, F (1,∞) = 0.93,
p = .335, RTE = .53 (human) vs. .47 (robot),
or for unfilled pauses, F (1,∞) = 1.39, p = .239,
RTE = .48 (human) vs. .52 (robot).

4.4 Partner effects on gaze
To investigate partner-directed gaze-event rates
per participant and condition, we ran another
ATS that did not indicate a significant difference,
F (1,∞) = 2.46, p = .117, RTE = .45 (human)
and .55 (robot), although median rates were de-
scriptively higher toward the robot (Mdn = 3.02
vs. 1.04 events per minute). Picture-directed gaze
events were more frequent in robot-directed than
in human-directed narration; the ATS indicated a
difference between conditions, F (1,∞) = 3.94,
p = .047, RTE = .44 (human) and .56 (robot).
Descriptively, gaze-event rates were higher in the
robot condition for both targets. However, only the
picture-directed comparison yielded a nominally
significant difference.

4.5 Role of shyness
Table 2 reports Spearman correlations between shy-
ness and the disfluency and gaze measures within
each partner condition, together with the correla-
tion between shyness and the within-participant
difference between conditions.

Within the human condition, exploratory analy-
ses suggested a possible association between higher
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Table 2: Spearman correlations between shyness and
each measure, per partner condition and for the within-
participant difference (∆ = Human − Robot). p-values
are uncorrected for multiple testing and are reported as
exploratory.

Human Robot ∆

rs p rs p rs p

Pauses per minute
Filled +.08 .696 −.10 .670 +.26 .235
Unfilled +.18 .399 +.11 .626 −.25 .269

Mean pause duration (s)
Filled +.41 .046 +.13 .597 +.25 .318
Unfilled −.27 .285 −.14 .602 +.11 .702

Gaze events per minute
Partner-directed +.03 .914 −.30 .203 +.50 .026

shyness and longer mean filled-pause durations,
rs = +.41, p = .046, whereas the corresponding
robot-condition coefficient was weaker, rs = +.13,
p = .597. As illustrated in Figure 3, the difference-
score test, however, did not indicate that shyness
predicts the magnitude of the partner effect on
filled-pause duration, rs = +.25, p = .318. The
within-condition pattern therefore describes an as-
sociation in human-directed narration. Because
the difference-score test was not significant, the
present data provide no evidence that shyness re-
lates to pausing differently depending on partner
type.

For partner-directed gaze, the difference score
was nominally associated with shyness, rs = +.50,
p = .026. Because the difference score was de-
fined as human − robot, and partner-directed gaze
was descriptively more frequent toward the robot,
this positive association indicates that the relative
increase in partner-directed gaze in the robot con-
dition was smaller among participants with higher
shyness scores. However, a comparable coefficient
was obtained for picture-directed gaze (rs = +.48,
p = .032), which is consistent with a general differ-
ence in gaze shifting rather than a partner-specific
effect. We report it as an exploratory observation
for future testing.

These associations should further be considered
in light of the linguistic heterogeneity of the sam-
ple. Shyness scores were comparable between L1
and L2 speakers (M = 14.69, SD = 4.01 vs.
M = 12.18, SD = 3.46; p = .110), and as a
relatively stable temperamental characteristic that
can manifest across linguistic contexts (Viertel and
Tolksdorf, 2024), shyness may not be expected to
relate to pausing in a manner specific to L1 or L2
speech. Given the small sample, language back-

ground nevertheless remains a potential source of
heterogeneity that should be examined more sys-
tematically in future work.

Figure 3: Association between shyness and the within-
participant difference in mean filled-pause duration be-
tween conditions (human − robot). Positive values
indicate longer filled pauses toward the human partner.
The dashed line marks no partner difference; the shaded
band is the 95% confidence interval of the linear fit.

4.6 Language background

For filled-pause rates, the ATS indicated a nomi-
nal L2 main effect, F (1, 14.51) = 4.79, p = .046,
with L2 speakers at relatively higher filled-pause
ranks overall, and an L2 × Partner interaction,
F (1,∞) = 5.44, p = .020: the reduction of filled
pauses toward the robot was descriptively concen-
trated among L1 speakers (RTE human vs. robot:
.50 vs. .29; median within-participant difference
3.27 pauses per minute), whereas the difference
was smaller among L2 speakers (RTE = .68 vs.
.61; median difference 1.37). For unfilled-pause
rates, no effect involving language background ap-
proached significance. Interestingly, the reduction
in filled pauses when speaking to the robot was
evident in both language groups, and was descrip-
tively more pronounced among L1 speakers. Ex-
ploratory analyses suggested that language back-
ground moderated the magnitude of partner differ-
ences in filled-pause rates, with larger human-robot
differences observed among L1 speakers than L2
speakers. However, because subgroup sizes were
small and no within-group tests were conducted,
this pattern should be interpreted cautiously. There-
fore, the main partner effect should not be assumed
to be uniform across language backgrounds.
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5 Discussion and Limitations

In this paper, we describe a pilot study that investi-
gated the effects of different social partners (robot
vs. human) and levels of shyness on multimodal
narrative production with respect to disfluencies
and gaze behavior. We found that robot-directed
narrations included fewer filled pauses than human-
directed narrations, whereas unfilled-pause rates,
mean pause durations, and partner-directed gaze
showed no significant differences. In the present in-
teractional setting, both partners acted as minimally
responsive listeners. Neither produced backchan-
nels nor initiated or returned eye contact. Because
overt listener feedback was minimised in both con-
ditions, differences in overt contingent feedback
are unlikely to be the primary explanation. How-
ever, the present design does not isolate partner
expectations from other differences associated with
interacting with a human versus a robot. For paus-
ing, the observed pattern appears not to support the
expectation that reduced listener support increases
disfluency. Instead, fewer filled pauses toward the
robot may converge with findings of lower disflu-
ency rates in human–computer interaction and with
evidence that speakers adapt to perceived artificial-
partner capabilities (Branigan et al., 2011). Analy-
sis of participants’ gazes toward the robot or human
revealed no differences, although partner-directed
gazes were descriptively more frequent toward the
robot. Because neither interaction partner returned
the participant’s gaze, mutual gaze was not estab-
lished following partner-directed glances in either
condition. We explain these findings with the pos-
sibility that glances toward the robot may partly
reflect a visual inspection of a novel embodied part-
ner rather than communicative signaling (Admoni
and Scassellati, 2017; Hessels and Fang, 2026).
This explanation is perhaps corroborated by our
observations that gaze event rates also increased
for the story pictures in the robot condition; thus,
the pattern may reflect more frequent gaze shift-
ing overall. However, the current event-based gaze
measure cannot distinguish between more looking
and more switching. A duration-based measure
could differentiate between the two: the propor-
tion of narration time spent on each target indicates
the overall allocation of visual attention, while the
mean time spent looking at each target indicates
how long attention is sustained once directed there.
A high event rate combined with short dwell times
would indicate frequent redirection of gaze. In

contrast, a high event rate with comparable dwell
times would indicate more looking overall. We
regard this as an informative next step for the gaze
data. Moreover, higher shyness was associated
with longer, not more frequent, filled pauses in
human-directed narration. However, a direct test of
whether shyness predicts the magnitude of the part-
ner effect did not reach significance, so the present
data do not establish that this association is specific
to the human partner. The observed pattern raises
the possibility that variation related to shyness may
be more apparent in the temporal characteristics of
pausing than in the pause frequency itself. Whether
this variation appears to be partner-dependent, po-
tentially because participants experience the part-
ners differently in social or evaluative demands
(Tolksdorf et al., 2026), remains an open question
for future research.

While our study has taken initial steps to explore
the effects of different social partners and shyness
on multimodal behavior, several limitations need to
be recognized. The sample is small and was gender-
imbalanced. In addition, the human partner was
a male experimenter, thus evaluative and gaze dy-
namics may vary with the gender composition of a
dyad. A further limitation is that all disfluency and
gaze annotation was performed by a single trained
coder, so no inter-rater reliability estimate is avail-
able. Double-coding a subset of the recordings and
reporting agreement is necessary to establish the re-
liability of these measures, and we regard this as a
requirement for the larger confirmatory study. An-
other limitation concerns the extent to which the hu-
man condition can generalize. Because the human
listener was limited to minimal, non-contingent be-
havior, our results characterize how speakers may
adjust their behavior based on the type of part-
ner when listener responsiveness is held constant.
These results should not be interpreted as a full rep-
resentation of natural human-to-human storytelling,
in which the listener’s responses are available and
have been argued to encourage fluency (Clark and
Krych, 2004). Although in the present design overt
listener feedback was minimised to increase com-
parability across conditions, the absence of feed-
back may not have been perceived equivalently, and
whether the observed partner effect would change
with a responsive human listener cannot be deter-
mined from these data. Fluency-supporting feed-
back might reduce filled pauses toward the human
listener, thereby attenuating the difference, whereas
an unresponsive listener might have elevated hesita-
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tions. A minimally responsive human may violate
expectations for social interaction, whereas limited
responsiveness may be more consistent with expec-
tations for a social robot (Tolksdorf et al., 2026).
In this case, the difference would be smaller under
naturalistic conditions. Establishing this would re-
quire a responsive human baseline alongside the
matched conditions reported here, which we con-
sider a priority for future work. Moreover, each
participant met the robot in a single session, so
our results reflect first encounters; shyness- and
novelty-related effects have been shown to change
with familiarization (Tykhonenko et al., 2026).

6 Conclusions

In sum, this pilot study examined how adults’ paus-
ing and gaze behavior during picture-based sto-
rytelling varies with the type of social partner
and with temperamental shyness. In this sample,
narrations directed to the robot contained fewer
filled pauses than those directed to the human
partner, whereas unfilled pauses, pause durations,
and partner-directed gaze showed no differences.
Higher shyness was associated with longer, though
not more frequent, filled pauses in human-directed
narration, however, a test of the difference between
conditions provided no evidence for a partner-
dependent association. Additionally, in the present
analysis, pause rates were normalized by narration
duration, but not by more nuanced linguistic output.
Two speakers may produce the same number of
pauses per minute, yet differ substantially in speak-
ing rate and amount of speech. Future analyses
will therefore control for pauses by words or sylla-
bles and include speaking rate. Furthermore, future
work will take into consideration gaze proportions
and the temporal dynamics of gaze initiations, and
how partner-directed glances relate to the timing of
disfluencies.
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Abstract

Reading a social situation often depends on be-
havior, not words alone. We introduce Friend-
Bench, a benchmark for inferring whether two
people are already familiar or are meeting as
strangers, from a 20-second clip of a dyadic
ice-breaker conversation. Every pair answers
the same type of prompt, so only the manner of
interaction can reveal the answer. Across text,
audio, and video, we compare 26 models from
seven companies against matched human pan-
els over 96 balanced dyads. The best model and
the human crowd are statistically indistinguish-
able on accuracy in every modality, but reach
it differently: humans stay balanced across the
two answers, while the strongest models favor
“stranger.” This is a difference in effective prior,
not in discrimination. Richer channels help
both unequally, and only humans gain from vis-
ible behavior on top of speech. We release the
stimuli, human ratings, and model predictions.

1 Introduction

Social intelligence, the capacity to make sense of
other people and the situations they are in, is a
central component of human cognition (Adolphs,
2003; Frith and Frith, 2007). It is also an increas-
ingly important requirement for AI systems, which
now observe, mediate, and participate in human
interaction in roles ranging from companion agents
to meeting assistants and care monitors (Mathur
et al., 2024; Sap et al., 2019). Such systems must
reason about the social situation people are in, and
much of that reasoning rests on multimodal behav-
ioral cues rather than explicit verbal content, such
as how people coordinate, respond, and orient to-
ward one another (Tickle-Degnen and Rosenthal,
1990). A system that reads only the semantic con-
tent of a conversation captures just part of what
social understanding requires.

We study one concrete instance of social intel-
ligence: the capacity to recognize the relationship

between two people from a brief sample of how
they interact. Specifically, we ask whether an ob-
server can tell that two people are already familiar
with one another rather than meeting as strangers,
without being told and without relying on what the
conversation is about. This judgment is a clean
probe of behavioral social perception for two rea-
sons. First, since we have ground-truth relation-
ship labels, its answer is a matter of fact rather
than interpretation: much related work in social
intelligence targets intentions, emotions, or beliefs
(Premack and Woodruff, 1978; Sap et al., 2019),
whose correct answer is often contestable, whereas
prior familiarity has an unambiguous ground truth
(i.e., two people either have met before or they have
not). Second, familiarity is often unstated in a short
interaction, so it must be inferred from behavior.
The task therefore rules out succeeding by reading
semantic content alone, and prior work shows that
humans make accurate social judgments from brief
samples of behavior, so-called thin slices (Ambady
and Rosenthal, 1992).

We operationalize the task as FRIENDBENCH:
binary classification, familiar versus strangers,
from a 20-second clip of a dyadic ice-breaker con-
versation, evaluated separately across text, audio,
and video modalities. Every dyad, whether fa-
miliar or strangers, responds to the same type of
ice-breaker prompt, so the conversational topic is
matched across the two classes and cannot by itself
reveal the answer, leaving the manner in which the
two people interact as the primary signal.

In addition to the core capability we benchmark,
we examine how humans and models draw on the
three modalities, and how each reaches its accuracy:
by telling the two classes apart (discrimination) or
by answering one class more often regardless of
the evidence (response bias). Two patterns stand
out. First, richer channels help both models and
humans, but not equally: audio adds reliable signal
over text for each, yet only humans gain a further
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reliable increment from the visual channel, while
the strongest models are flat from audio to audio-
visual. They under-exploit the visible behavior hu-
mans read. Second, humans stay close to balanced
across both classes in every modality, whereas mod-
els show a larger and more idiosyncratic class bias,
most clearly in the text-only condition. Both pat-
terns concern how humans and models solve the
task, rather than whether they succeed (Section 5).

Contributions.

• We introduce FRIENDBENCH, a multimodal
benchmark for inferring dyads’ prior familiar-
ity (familiar vs. strangers) from ice-breaker
clips in which every dyad answers the same
type of prompt, built on the Seamless Interac-
tion dataset (Agrawal et al., 2025).1

• We release a matched human-rater dataset for
the task, covering 96 dyads in text, audio, and
video, with roughly 90 raters per modality.

• We evaluate 26 models from seven companies
(OpenAI, Google, Anthropic, Alibaba, Mis-
tral, Thinking Machines, and Meta), spanning
proprietary and open-weight systems, across
all three modalities.

• We evaluate humans and models on the same
stimuli under matched conditions. On accu-
racy, the best model and the human crowd are
statistically indistinguishable in every modal-
ity. But equal accuracy is not human-like
perception. The strongest models reach it by
favoring “stranger,” while human raters stay
balanced. Using signal detection theory, we
characterize this as a difference in effective
prior, not discrimination (Section 5).

• We find a modality ordering both rater types
obey only in part: text carries little signal
for either and audio adds reliable discrimi-
nation, but the audiovisual channel gives hu-
mans a further reliable gain while leaving the
strongest models flat. Current models capture
the vocal signal but under-exploit the visible
behavior human observers read (Section 5.3).

2 Related Work

Thin-slice perception of familiarity. Human
observers form accurate judgments about people

1The benchmark stimuli, human ratings, and model pre-
dictions are openly available at https://huggingface.co/
datasets/fluid-concepts/friend-bench.

and relationships from very brief behavioral ex-
posure. Ambady and Rosenthal’s (1992) meta-
analysis found that judgments from observations
under five minutes (and often under 30 seconds)
predicted objective outcomes at r ≈ .39, with
longer exposure adding little across studies.

Familiarity in particular is legible in thin slices,
with friendship the best-studied case: observers
tell friends from strangers from silent video (Latif
et al., 2014) or brief audio (Bryant et al., 2020),
and cues such as inter-turn timing distinguish them
(Templeton et al., 2023). The closest precedent for
our own task is the Interpersonal Perception Task
(Costanzo and Archer, 1989), which asks view-
ers to judge from a brief unscripted clip whether
two people are strangers, friends, or relatives, and
scores them against an objective key. Listeners
manage this from the voice alone: Montepare and
Vega (1988) found that people hearing one side of
a phone call told an intimate male friend from a
casual one at above-chance rates, and that the cue
was paralinguistic rather than lexical. Dunbar et al.
(2022) show that relationship quality remains in-
ferable from speech even after its lexical content is
digitally removed. The relational signal need not
come from what is said.

This motivates both our task and our 20-second
window. Work that instead varies exposure within
a single design does find modest gains from longer
clips (Carney et al., 2007). The two results fit
together if a short slice already carries most of
the available signal. Our 20 seconds is there-
fore a conservative choice rather than an accuracy-
maximizing one.

How familiarity shapes interaction. A sepa-
rate literature shows where this signal comes from.
Speakers tune greeting prosody to the person they
address, and the form displays their stance toward
the relationship (Pillet-Shore, 2012). Friends and
strangers also coordinate differently. Friends pro-
duce more antiphonal laughter, meaning laugh-
ter that overlaps or immediately follows a part-
ner’s (Smoski and Bachorowski, 2003), and faster
between-turn responses signal connection clearly
enough for third parties to hear (Templeton et al.,
2022). Even function-word matching tracks rela-
tional outcomes (Ireland et al., 2011). Familiar-
ity also marks the transcript, since speakers use
richer vocabulary and more complex grammar with
familiar partners than with strangers (Luo et al.,
2021). These cues ride on timing, voice, and word-
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ing rather than topic, which our design isolates.

Recognizing relationships from behavior. Ma-
chine analysis of nonverbal behavior for social in-
ference has a long history (Vinciarelli et al., 2009).
One line of work predicts relationship type from im-
ages or video via supervised classification: PISC
(Li et al., 2017) labels images as intimate, non-
intimate, or no-relation, PIPA (Sun et al., 2017)
annotates sixteen fine-grained relations in photo
albums, and more recent work classifies asymmet-
ric relations from the temporal dynamics of a live
interaction (Tang et al., 2026).

A parallel line infers relationships from the se-
mantic content of dialogue: acoustic-lexical clas-
sifiers over phone calls (Katerenchuk et al., 2014)
and language models over movie-script dialogue,
from relation-classification datasets such as DDRel
(Jia et al., 2021) to LLM evaluations where GPT-
4o infers speaker relationships well above chance
(Kim et al., 2026). Both lines differ from our task
in two ways: they infer relationship type rather
than the presence or absence of prior familiarity,
and they lean on appearance, scene, or semantic
content (especially for scripted dialogue). We in-
stead fix the conversational prompt, controlling the
semantic content these methods lean on.

Two studies come closer to our question, ad-
dressing familiarity itself rather than relationship
type. Maynard and Zimmerman (1984) compared
acquainted and unacquainted student dyads and
found that unacquainted pairs build topics through
pre-topical sequences that invite category self-
identification, such as year in school or major,
where acquainted pairs draw on shared knowledge
instead. Zhao et al. (2016) found that the tempo-
ral patterns predicting rapport in 30-second slices
differ between friends and strangers.

Social reasoning in multimodal models. Multi-
modal models are increasingly tested for social un-
derstanding: Social-IQ (Zadeh et al., 2019) poses
questions about social videos, while SIV-Bench
(Kong et al., 2026) and PIVOTSBench (Zhang
et al., 2026) probe reasoning about social scenes
and fine-grained relations. HumanSense (Qin et al.,
2026) is the closest to our setting. One of its sub-
tasks asks a model to judge how well two people
in a video know each other. Three things set our
benchmark apart from these: (1) every dyad in our
set answers the same type of prompt, so the topic
itself cannot give the answer away; (2) our label
is objective, recording whether a pair had actually

met before rather than how close a viewer judges
them; and (3) we gather matched human ratings in
text, audio, and video for direct comparison.

Our stimuli come from the Seamless Interaction
corpus (Agrawal et al., 2025). Other dyadic cor-
pora record acquaintance too, but treat it as meta-
data rather than as a label for prediction. UDIVA
(Palmero et al., 2021) labels each pair known or
unknown, and NoXi (Cafaro et al., 2017) rates how
well partners know each other.

Comparison against a human panel is becom-
ing standard practice. Strachan et al. (2024) tested
models and 1,907 people on classic theory-of-mind
items, such as false belief and faux pas recogni-
tion, and traced an apparent model advantage on
one of them to a response bias rather than to infer-
ence. Those items are written vignettes about men-
tal states rather than perceptual judgments about a
recorded interaction, so we take the design from
that work rather than the task. Reported theory-of-
mind success can also be brittle to small adversarial
changes (Shapira et al., 2024), which is one reason
to test naturalistic stimuli. Such biases are well doc-
umented. A model’s forced choice partly reflects a
prior over answer labels separable from its ability
to discriminate (Zhao et al., 2021), and models can
carry a systematic default answer that runs opposite
to the human one (Braun, 2025). We therefore re-
port per-class recall and signal-detection statistics
rather than accuracy alone.

3 Methods

3.1 Benchmark Construction

Samples are drawn from the Seamless Interaction
dataset (Agrawal et al., 2025), restricted to natu-
ralistic interactions from three recording sites (the
dataset’s vendor field), each contributing a com-
parable share of dyads. We exclude the dataset’s
improvised interactions, in which participants are
assigned a relationship and asked to act it out, since
our aim is to measure this task on real, unscripted
behavior rather than acted behavior. Because the
benchmark is used only for zero-shot evaluation
and never for training, we pool dyads across all of
the dataset’s predefined splits rather than restricting
to one, maximizing the pool from which our quality
filters and stratified design (below) can draw.

Seamless Interaction sessions include many dif-
ferent interaction types. We use only the Either-Or
(EO) ice-breaker, a short task in which one partic-
ipant poses a forced-choice hypothetical question
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(e.g., “would you rather have the ability to fly or be
invisible?”) and the dyad discusses their answer.

We chose EO for three reasons: it standard-
izes the conversational context, since familiar and
stranger pairs do the same thing and any signal
must come from how a dyad responds rather than
what it discusses; it is always the first interaction in
a session, so every dyad is sampled from the same
point in their interaction history; and its content
carries little direct information about relationship
status, so the task cannot be solved from semantic
content alone. In free conversation, by contrast,
status can leak through content: shared history and
inside knowledge for familiars, getting-acquainted
basics for strangers. A shared hypothetical ques-
tion largely suppresses these cues.

An EO interaction, though centered on one
either-or question, typically continues for several
minutes. We sample one 20-second clip per dyad
from this interaction, drawn from either its early or
late portion (counterbalanced across relationship
and recording site), with boundaries snapped (±5s)
to the nearest turn start so clips do not begin or
end mid-utterance. The rendered video stimulus
retains the clip’s audio track, so the video condition
is audiovisual, with visible behavior together with
speech, whereas the audio and text conditions each
isolate a single channel. Both human raters and
video models therefore receive sound as well as
picture in the video condition.

Each dyad’s relationship is a ground-truth label
carried by the source dataset, recording whether
the two participants were already acquainted (fa-
miliar) or previously unacquainted (strangers).
The final set fully crosses recording site, relation-
ship, and gender composition (same-gender/mixed-
gender pair), with 8 dyads per cell, for 96 dyads
that are balanced by construction (48 familiar, 48
strangers), and is participant-disjoint: no individ-
ual appears in more than one dyad. Crossing rules
out recording site and gender composition as con-
founds (Section 4). Disjointness keeps each dyad
an independent observation and guards against
recognition leakage: because human raters see mul-
tiple stimuli in one session, a shared individual
could be recognized from an earlier item, letting
that recognition serve as the cue rather than the
relationship itself.2

Interaction- and clip-level filters (minimum

2This is not a risk for our models, which are evaluated
zero-shot with no training process in which to learn identity.

turns, in-window speaker balance, audio-track syn-
chrony, interaction length, prompt completeness;
see Table A1 in Appendix A) exclude clips that can-
not support the task regardless of relationship, e.g.,
one participant speaking for only a few seconds or
desynchronized audio tracks. An additional LLM-
based audit checks that each interaction’s recorded
prompt label matches its content.

3.2 Human Ratings

To establish baseline human performance, we col-
lected human ratings of relationship type in a
crowdsourced study. For each stimulus, raters
made a forced choice: familiar or strangers. Before
rating, each rater read a short instruction screen. It
explained that they would read, listen to, or watch
(depending on modality) a clip from a real conver-
sation in which the two people were playing the
“Either Or” ice-breaker game, then judge whether
the pair had met before (familiar) or were meeting
for the first time (strangers). The full instruction
text is reproduced in Appendix C.

Raters were recruited via Prolific and completed
the task on GORILLA. We ran three experiments,
one per modality (text, audio, video), each with a
panel of roughly 90 raters (94 text, 94 audio, 92
video). Prolific prescreening and quota matching
ensured a gender-balanced pool of US nationals
residing in the US, with no reported hearing diffi-
culties or autism-spectrum diagnosis, and excluded
anyone who had already participated in one of our
other modality panels (see Appendix D).

Raters followed a planned-missing, 6-block in-
complete design (Graham et al., 2006), each rating
one of six overlapping blocks and seeing 32 of the
96 dyads. Individual stimuli were in turn rated by
25–35 raters.This design lets us model raters them-
selves, rather than averaging one rating per stim-
ulus. We estimate each rater’s own accuracy and
response bias with crossed random effects. This
estimate requires each rater to contribute enough
trials to be more than a one-shot data point.

Each rater additionally completed the Social In-
formation Processing (SP) subscale of the English-
language Tromsø Social Intelligence Scale (TSIS-
E; Silvera et al., 2001; Grieve and Mahar, 2013)
and a post-task self-report of which cues (visual,
vocal, verbal, interactional) they attended to, for
individual-differences analysis (Appendix E).
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3.3 Model Predictions

We evaluate 26 models from seven companies
across text, audio, and video (Table 2), a fully-
crossed design in which every model rates every
stimulus. Unlike the human panels, no incomplete-
block correction is needed for the model results.
Each model receives the same prompt and response
parsing. The model prompt is adapted directly from
the human instruction text, so that both rater types
are given the same task framing, the same “Either
Or” description, and the same familiar/strangers
definition. The only difference is the response
mechanism: a forced-choice button for humans,
a JSON label with a confidence rating for mod-
els. Models and prompts are further described in
Appendix B and Appendix C, respectively.

A few audio models decline to answer on a share
of trials (returning no usable familiar/strangers la-
bel) rather than committing to a forced choice. Be-
cause a refusal is not a wrong answer, we report
each model’s accuracy over its answered (covered)
trials and give per-model coverage alongside it (Ta-
ble 2). Scoring refusals as errors would penalize
a model for declining rather than for misjudging.
Coverage is near-total except for three audio mod-
els (Section 4), and the top models in each modality
answer every trial, so this choice does not affect
the headline comparison.

4 Benchmark Results

Table 1 summarizes, per modality, the average per-
rater human, the human crowd (the per-stimulus
majority vote of all raters who saw that stimulus),
and the single best-performing model. For each it
gives accuracy and, for the class-bias analysis in
Section 5.1, per-class recall and signal-detection
statistics (Stanislaw and Todorov, 1999). Table 2
gives the complete per-model breakdown with Wil-
son 95% confidence intervals. Figure 1 depicts the
same comparison, plotting every model against the
average individual human rater and the majority-
vote crowd in each modality.

The best model and the human crowd trade the
point-estimate lead across modalities. The model
edges the crowd in text (by 5.2 points) and audio
(by 3.2), while the crowd leads in video (by 5.2).
Video is humans’ strongest modality, and the one
place the crowd, not a model, comes out ahead.
None of these three gaps is statistically reliable,
though. On the 96 paired dyads, an exact McNe-
mar test (Dietterich, 1998; McNemar, 1947) never

Rater Acc. Fam. Str. d′ c

Text
Human (indiv.) 49.9 54.6 45.3 0.00 −0.12
Human (crowd) 51.0 59.6 42.6 0.05 −0.21
gpt_text_mini 56.2 20.8 91.7 0.54 1.06

Audio
Human (indiv.) 56.3∗∗ 57.2 55.5 0.32 −0.02
Human (crowd) 63.5∗ 64.6 62.5 0.68 −0.03
gemini_audio_pro 66.7∗∗ 39.6 93.8 1.21 0.86

Video
Human (indiv.) 60.9∗∗∗ 58.7 63.2 0.56 0.06
Human (crowd) 71.9∗∗∗ 70.2 74.5 1.16 0.06
gemini_video 66.7∗∗ 41.7 91.7 1.12 0.77

Table 1: Human raters (average individual and majority-
vote crowd) vs. the best model per modality. Acc. is
accuracy; Fam. and Str. per-class recall (all %); d′ and
c as in Table 2. The named model in each block is
that modality’s best-performing (top-accuracy) system,
scored over answered trials; human-indiv. accuracy is
the per-rater mean (per-model Wilson CIs in Table 2).
∗/∗∗/∗∗∗: above chance at .05/.01/.001, by exact bino-
mial vs. 50% (crowd, best model) or 95%/99%/99.9%
GLMM posterior HDI excluding 50% (individual rows).

approaches significance (p > .4 in every modality).
Text is the weakest modality for humans: at chance
individually and barely above it as a crowd. But the
best text model is also not above chance (56.2%,
p = .26). Text is therefore less a model win than a
modality where neither rater type finds a signal.

Only three models are individually above
chance at this sample size, all from Google:
gemini_audio_pro and gemini_audio in audio,
and gemini_video in video. No text model clears
chance. Apart from the two top-accuracy sys-
tems, the best remaining model in each modal-
ity reaches only 56.2% (text, gpt_text_mini),
63.5% (audio, gemini_audio), and 58.3% (video,
gemini_video_thinking). Most models cluster
near chance on raw accuracy. The per-class re-
call and criterion columns already hint at the anal-
ysis in Section 5.1: several models carry very
large response biases regardless of accuracy. In
audio the bias is large but inconsistent in direc-
tion. voxtral_audio labels every dyad “famil-
iar” (100%/0%, c = −2.32), while qwen_audio
does the opposite (0%/100%, c = 2.19). In
text most models strongly favor “stranger,” with
muse_spark_text_high recovering only 8.3% of
familiar pairs (c = 1.40). A near-chance accuracy
can thus conceal a strongly one-sided response pat-
tern rather than balanced guessing.

Three audio models also decline a substantial
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Figure 1: Human vs. model accuracy by modality. Each rater point covers only the ∼32 trials seen by that rater, so
the rater cloud is widened by sampling noise and its upper tail is not a band of expert raters (Section 5.4). Horizontal
bars are Wilson 95% CIs for the best model and crowd, not tests of human–model or cross-modality differences
(Section 4, Section 5.3).

share of trials: gpt_audio answers only 45%,
gpt_audio_mini 28%, and qwen_audio 71%.
They sit at chance on the trials they do answer,
so their behavior is better summarized as declining-
plus-guessing.

5 Performance Analysis

5.1 Class Bias: Humans vs. Models

Humans and the best-performing models are close
to parity on accuracy (Section 4), but do they reach
it the same way? To separate discrimination from
response bias, we read the per-class recall and
signal-detection columns of Table 1, treating “fa-
miliar” as the signal class: d′ measures how well
a rater tells the classes apart, and the criterion c
how far its decision rule favors one answer (c > 0
toward “stranger,” c < 0 toward “familiar”). Two
patterns stand out. Humans stay near-balanced: the
criterion is within 0.23 of zero in every modality,
and per-class recall gaps never exceed 10 points
for pooled raters. The best text and audio mod-
els instead reach their accuracy largely through
response bias: gemini_audio_pro labels 93.8%
of strangers correctly but recovers only 39.6%
of familiar pairs (c = 0.86), and the best text
model, gpt_text_mini, is more extreme (91.7%
vs. 20.8%, c = 1.06). Across the roster this is the
rule: in text almost every model favors “stranger”
by 50–85 recall points, and in audio the bias is
large but inconsistent in direction (Table 2).

The gap holds even in video, where models
come closest to humans. There the best model

(gemini_video) still favors “stranger” (c = 0.77;
91.7% of strangers but only 41.7% of familiar
pairs), while the human crowd stays balanced
(c = 0.06) at slightly higher discrimination (d′ =
1.16 vs. 1.12). The two reach comparable d′, but
only the crowd does so without skewing its deci-
sion rule. Models thus fail to recreate the human
balanced-recall pattern in any modality, including
their strongest: several of the highest-accuracy sys-
tems (Table 2) buy that accuracy with a skewed
criterion rather than sharper discrimination.

5.2 Wisdom of the Crowd

Relative to the average single rater, pooling hu-
man raters via majority vote barely moves accuracy
in text (49.9%→51.0%, +1.1 points) but raises
it substantially in audio (56.3%→63.5%, +7.2
points) and video (60.9%→71.9%, +11.0 points).
In each pair the first number is the mean single-
rater accuracy and the second the full-panel ma-
jority vote. Figure 2 shows the full crowd-growth
curves: majority-vote accuracy rises with crowd
size k in audio and video but stays flat near chance
in text. The audio and video gains therefore reflect
real signal, not an artifact of pooling.

5.3 Modality Comparison

Text is the weakest modality for both humans and
models, and richer channels help both, though
not to the same degree, as we show below. To
test the modality ordering while accounting for
the repeated-measures structure of the human data,
we fit a Bayesian crossed random-effects logistic
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Model Acc. 95% CI Cov. Fam. Str. d′ c

Text
gpt_text_mini 56.2 [46.3, 65.7] 100 20.8 91.7 0.54 1.06
gemini_text_thinking 55.8 [45.8, 65.4] 99 27.7 83.3 0.36 0.76
gemini_text 55.2 [45.3, 64.8] 100 25.0 85.4 0.36 0.84
gpt_text 53.1 [43.2, 62.8] 100 29.2 77.1 0.19 0.63
inkling_text 52.1 [42.2, 61.8] 100 16.7 87.5 0.17 1.03
claude_text 52.1 [42.2, 61.8] 100 14.6 89.6 0.19 1.12
muse_spark_text_high 51.0 [41.2, 60.8] 100 8.3 93.8 0.14 1.40
mistral_text 50.0 [40.2, 59.8] 100 87.5 12.5 0.00 −1.11
muse_spark_text 49.0 [39.2, 58.8] 100 10.4 87.5 −0.10 1.16

Audio
gemini_audio_pro 66.7∗∗ [56.8, 75.3] 100 39.6 93.8 1.21 0.86
gemini_audio 63.5∗ [53.6, 72.5] 100 81.2 45.8 0.76 −0.48
muse_spark_audio 57.3 [47.3, 66.7] 100 20.8 93.8 0.67 1.13
gemini_audio_thinking 55.2 [45.3, 64.8] 100 64.6 45.8 0.26 −0.23
muse_spark_audio_high 53.1 [43.2, 62.8] 100 18.8 87.5 0.25 0.99
gpt_audio_1_5 53.1 [43.2, 62.8] 100 87.5 18.8 0.25 −0.99
qwen_audio 51.5 [39.8, 62.9] 71 0.0 100.0 0.02 2.19
inkling_audio 51.0 [41.2, 60.8] 100 41.7 60.4 0.05 0.23
voxtral_audio 50.0 [40.2, 59.8] 100 100.0 0.0 0.00 −2.32
gpt_audio 48.8 [34.6, 63.2] 45 100.0 4.3 0.45 −1.76
gpt_audio_mini 48.1 [30.7, 66.0] 28 25.0 81.8 0.18 0.72
qwen_omni 47.9 [38.2, 57.8] 100 16.7 79.2 −0.15 0.87

Video
gemini_video 66.7∗∗ [56.8, 75.3] 100 41.7 91.7 1.12 0.77
gemini_video_thinking 58.3 [48.3, 67.7] 100 27.1 89.6 0.62 0.91
gemini_video_pro 57.3 [47.3, 66.7] 100 18.8 95.8 0.77 1.25
muse_spark_video 54.2 [44.2, 63.8] 100 14.6 93.8 0.44 1.24
muse_spark_video_high 53.1 [43.2, 62.8] 100 10.4 95.8 0.42 1.42

Table 2: Per-model results, sorted within modality. Acc. is accuracy (%) over answered trials and CI is its Wilson
95% confidence interval; Cov. is coverage (% answered rather than declined). Fam. and Str. are per-class recall
(%): share of familiar and of stranger dyads correctly labeled. d′ and criterion c treat “familiar” as the signal class
(log-linear corrected; Hautus, 1995), so c > 0 indicates a bias toward “stranger” and c < 0 toward “familiar.” ∗∗/∗:
accuracy above chance at p < .01/p < .05 (exact binomial vs. 50%).

model (Gelman et al., 2014) to per-trial human cor-
rectness (Bernoulli likelihood, logit link), with a
fixed effect of modality and crossed random inter-
cepts for rater and for dyad (Section 3.2). This
is the design the block structure was built to sup-
port. We estimate it with the bambi interface to
PyMC (Capretto et al., 2022), using default weakly-
informative, data-scaled priors (wide normal priors
on the fixed effects and half-normal hyperpriors on
the random-effect standard deviations), and sam-
ple with NUTS (4 chains, 1,000 warmup and 1,000
post-warmup draws each; all R̂ ≈ 1.00). We report
population-averaged (marginal) accuracies and con-
trasts as posterior means with 95% highest-density
intervals (HDIs, Makowski et al., 2019).

The marginal accuracies confirm the raw pattern:
text 50.0% (95% HDI [46.7, 53.6]), audio 56.6%
[52.2, 60.6], video 60.9% [56.9, 64.9]. The pair-
wise contrasts are decisive: audio exceeds text by
6.5 points (HDI [4.1, 8.9]), video exceeds audio
by 4.5 points ([1.9, 6.8]), and video exceeds text by

10.9 points ([8.5, 13.3]), each with posterior P > 0
of at least 0.999. Text alone is statistically indis-
tinguishable from chance (posterior probability of
exceeding 50% only 0.50). Because the video con-
dition is audiovisual (Section 3.1), its edge over
audio reflects the added value of visible behavior
on top of speech, not vision in isolation. Video is
best read as an audiovisual upper bound rather than
a vision-only channel.

The model side matches the human floor but not
the human ceiling. The best model climbs from
text (56.2%) to audio (66.7%) but gains nothing
from the audiovisual channel (66.7%), and among
models evaluated in both audio and video only
Gemini Flash improves (63.5% → 66.7%) while
Gemini Pro (66.7% → 57.3%) and Muse Spark
(57.3% → 54.2%) decline. (Cross-modality model
means rise monotonically: 52.7, 53.9, 57.9% for
text, audio, video. But the video roster is small
and skewed toward stronger companies, so we read
the best-model and within-model trajectories rather
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Figure 2: Wisdom of the crowd. Majority-vote accuracy
as a function of human crowd size k, with raters sampled
per stimulus from that stimulus’s own rater panel (mean
± SD over 300 bootstrap draws). Legend gives single-
rater → full-panel crowd accuracy per modality.

than the pooled mean.) Humans reliably convert
visible behavior into accuracy on top of speech, but
the strongest models do not. They capture the vocal
signal but under-exploit the visual channel. That
channel is where a benchmark of multimodal social
perception most expects a model to gain.

That text is the hardest modality is consistent
with the benchmark’s design rather than a defect of
it. The EO ice-breaker was chosen precisely so that
transcript content carries little direct information
about relationship status (Section 3.1). The weak
transcript performance of both humans and models
is the expected consequence of that choice. It also
helps explain why response bias is most visible in
text: with little signal available, a rater’s responses
reflect its bias more than the stimulus.

5.4 Rater Individual Differences
Because each rater contributes many trials by de-
sign (Section 3.2), we can estimate individual ac-
curacy and relate it to rater traits. Trait social in-
telligence (SP subscale; reliable in every panel,
α = 0.88–0.92) is essentially uncorrelated with
accuracy in the two modalities where the task is
doable: audio r = 0.03 (p = .78) and video
r = −0.12 (p = .24). The only significant associ-
ation is in text (r = 0.29, p = .004), the modality
where average accuracy is at chance, so we read it
with caution. Self-reported cue use is similarly flat:
raters most often report attending to interactional
cues (rapport, responsiveness), but cue-use scores

rarely predict accuracy (Appendix E).

The individual-rater cloud in Figure 1 is corre-
spondingly wide, with the best raters near 75% in
every modality. Its spread should not be read as
a stable band of expert observers, though. Each
rater’s accuracy comes from only the ∼32 trials
they saw, so the upper tail is close to what sampling
noise alone would produce. The best model there-
fore sits within the human distribution, not above it,
even as almost no individual beats the aggregated
crowd (1 of 92 in video). The crossed random-
effects model makes the point directly: the dyad
random-intercept SD (0.67–0.95 across modalities,
logit scale) is six to seven times the rater SD (0.10–
0.14). Who the rater is thus matters far less than
which dyad they were rating.

5.5 Dyad Difficulty

Treating the per-dyad random intercepts from the
crossed random-effects model as Rasch-style item-
easiness parameters (Rasch, 1960; de Boeck and
Wilson, 2004), we find that difficulty is largely a
property of the conversation, not of the modality
through which it is observed. Estimated dyad easi-
ness correlates positively across all modality pairs
(text–audio r = 0.52, text–video r = 0.33, audio–
video r = 0.61; all p < .01): a dyad that is hard to
read from one modality tends to be hard from the
others as well. A handful of dyads sit below chance
in every modality, acting as systematic “lures” that
most raters misread alike (Appendix F).

Humans and models tend to find the same dyads
hard, though how strongly depends on how it is
measured. Correlating per-dyad human-crowd ac-
curacy with per-dyad accuracy pooled over all mod-
els yields r = 0.56 (audio) and r = 0.34 (video),
both significant (p < .01; Appendix Figure A1),
but only r = 0.20 in text (p = .046). This raw cor-
relation understates the shared difficulty. It blends
two things: how hard a dyad is to read, and which
class it belongs to. Humans stay balanced while the
models favor “stranger” (Section 5.1), so the two
rater types tend to miss different classes. Isolating
difficulty from this class split, by correlating within
each true class, brings the agreement out clearly:
r = 0.61 (text), 0.58 (audio), and 0.44 (video), all
p < .001. So a substantial part of what makes a
pair legible or illegible is a property of the interac-
tion shared across observers, even though the two
reach their answers by different rules.
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6 Discussion

For a benchmark of multimodal social perception,
the clearest result is about the modalities them-
selves. Text carries little relational signal for any-
one, by design: the shared ice-breaker prompt sup-
presses lexical content (Section 3.1). Richer chan-
nels help both humans and models, but asymmetri-
cally. Humans improve reliably at every step, from
text to audio to audiovisual (Section 5.3), gain-
ing a credible increment from visible behavior on
top of speech. The strongest models capture the
audio gain but not the visual one: their top accu-
racy is identical in audio and audiovisual (66.7%).
The sharpest human–model difference is thus not
whether models can read relationships but whether
they exploit the visual channel as humans do. This
gap has applied stakes. The companion agents,
meeting assistants, and care monitors that motivate
the task must read social situations from behav-
ior, and the visible cues humans exploit on top of
speech are exactly what current models miss.

On overall accuracy, the best models have drawn
level with the human crowd. In every modality
the two are statistically indistinguishable. Point
estimates put the model slightly ahead in text and
audio and the crowd slightly ahead in video (Ta-
ble 1), but no gap survives a paired McNemar test
(p > .4 throughout; Section 4).

It may seem surprising that human accuracy is
not higher, since people are known to read relation-
ships well from brief exposure (Section 2). That
prior work sets a realistic bar rather than a high
one. Its accuracy effects are moderate in size, near
r = .39, and not close to ceiling. Our task is also
hard by design. Each judgment rests on a single
20-second clip, the response is a forced choice, and
the balanced set removes any base-rate cue that a
rater could use as a shortcut. The human signal is
nonetheless real. The crowd reaches about 72% in
video, and the best raters approach 75% in every
modality (Section 5.4).

The difference is in how humans and models use
their two answers. Discrimination (d′) measures
how well a rater tells the classes apart. Response
bias (criterion c; Table 1) measures how far it favors
one answer. Human raters stay balanced across
the two answers in every modality. The strongest
models instead favor “stranger,” giving that answer
more often regardless of the pair. Video makes this
clearest. There the best model tells the classes apart
as well as the crowd (d′ ≈ 1.1), but it reaches that

accuracy by favoring “stranger” where the crowd
stays balanced.

In signal-detection terms, this is a difference
in effective prior: the models behave as though
strangers were the more common answer and de-
mand more evidence before saying “familiar.” Hu-
mans behave as though the classes were equally
likely, which is true in our balanced set. This de-
scribes the response distribution, not a mechanism,
and the prior is inferred from behavior rather than
verified. A pure criterion shift is correctable: recen-
tering to the known base rate would raise accuracy
with no gain in discrimination. So a biased model’s
raw accuracy can understate its discrimination.

We cannot say from these data why models adopt
this prior. One simple explanation is that strangers
are more often the correct answer in the world,
so favoring that answer would be well calibrated
rather than mistaken. This does not fit our results
well. The size of the bias, and even its direction,
varies widely from model to model (Table 2), which
is not what a single shared world prior would pro-
duce. We therefore treat this skew as a property
of each model’s decision rule, not as evidence that
models have learned the true base rate.

At the same time, humans and models are not
perceiving unrelated things. Dyad difficulty is par-
tially shared and partially transfers across modal-
ities (Section 5.5), so part of what makes a pair
legible or illegible is a property of the interaction
itself, not of the observer or channel. The dis-
sociation is therefore specific: the two agree on
which dyads are hard but diverge on the decision
rule they apply. Methodologically, these results
argue for evaluating social-perception models with
more than a single accuracy number: per-class re-
call, signal-detection statistics, and item-level dif-
ficulty each revealed structure that accuracy alone
obscured, and are cheap to report once the underly-
ing predictions are available.

Overall, the strongest models now match the
human crowd on accuracy, but not on how they
reach it. They find the same conversations hard. Yet
they systematically favor “stranger,” where human
raters stay balanced, and they do not convert the
visual channel into accuracy. This benchmark is
built to track whether models can be brought to
read relationships as humans do, balanced across
classes and drawing on visible behavior rather than
speech alone.
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Limitations

This paper reports only the ice-breaker (first-
interaction) task from the Seamless Interaction
dataset. Findings about modality strength and class
bias may not generalize to conversations later in
a relationship or session, or to different prompt
structures. All familiar subtypes (friends, family,
romantic partner, coworkers, familiar_other) are
collapsed into a single “familiar” class, because
the balanced design does not have enough dyads
per subtype to power a multi-class analysis. A
six-class relationship-type task is defined in the
broader project but is out of scope here, so any
within-familiar heterogeneity is invisible to this
binary framing.

Only two-person interactions are studied, and
relationship inference in larger groups may draw
on cues not captured here. The balanced evaluation
set is also modest in size (96 dyads, one clip each),
so per-model accuracy intervals are wide and only
the strongest models clear chance individually. The
class-bias and difficulty patterns we emphasize are
more robust than any single model’s rank.

Our human baseline is drawn entirely from
US-resident raters (Section 3.2). Relationship-
perception cues can be culturally specific, so this
baseline may not represent human performance
in other populations. Finally, even the “naturalis-
tic” subset was recorded in a fixed-camera motion-
capture studio, with wired lapel microphones and
a posed ice-breaker prompt. This is not truly in-
the-wild interaction, so findings may not transfer
to less controlled contexts such as phone video or
casual settings.

We also do not identify which cues drive these
judgments. Our measures show whether each rater
type separates the two classes and how it biases its
answers, but not what in the clip carries the signal,
whether that is prosody, word choice, facial or bod-
ily movement, or the timing of the exchange. We
do collect rater self-reports of the cues people say
they attended to (Section 5.4), but these rarely pre-
dict accuracy and do not tell us which cues actually
matter, for humans or for models. Identifying them,
for example through controlled removal of parts of
the input or through probing of model representa-
tions, is useful future work.

Our evaluation set is also balanced 50/50 be-
tween familiar and stranger dyads by construction,
which makes accuracy a clean measure of discrim-
ination but base-rate-specific. A reader might ask

whether the models’ skew toward “stranger” is
not miscalibration but a well-calibrated prior for a
world in which two people recorded together are
more often strangers, penalized only by our arti-
ficial balance. This does not threaten our central
claim. That claim is the difference in criterion
between humans and models on matched stimuli.
Neither rater type was told the base rate, so this dif-
ference does not depend on the true base rate, and
neither does d′, which is base-rate-invariant. It does
mean we measure discrimination, not deployment
calibration. We do not read the balanced accuracy
as a deployment estimate. As noted in Section 6,
this bias is idiosyncratic across models, which ar-
gues against calibration to any single real-world
base rate. Measuring calibration against realistic
base rates would complement the discrimination-
focused evaluation we report here.

Each model is also evaluated under a single
prompt, adapted from the human instructions (Sec-
tion 3.3). Because model responses can be sen-
sitive to prompt wording, the exact biases in Ta-
ble 2 may shift under other phrasings. A prompt-
robustness sweep is worthwhile future work. The
human–model comparison holds the task framing
fixed for both rater types, so it is less exposed to
this concern than any single model’s bias estimate
read on its own.

Ethics Statement

Informed consent and compensation. Rater re-
cruitment and prescreening are described in Sec-
tion 3.2 and Appendix D. Before viewing any stim-
ulus, each rater read a description of the study and
affirmatively agreed to three statements: that they
had read and understood the information, that they
were free to withdraw at any time, by closing the
browser tab, without giving a reason, and that they
agreed to take part. Participation was voluntary and
could be ended at any point without penalty. Ses-
sions took roughly 15–30 minutes depending on
modality, and raters were compensated at an effec-
tive rate of approximately $10–12 per hour, above
Prolific’s fair-pay guidance. The task was minimal-
risk: raters viewed short, benign clips of consenting
conversation partners and answered non-sensitive
perceptual and self-report questions.

Privacy and data minimization. We collected
no personally identifying information from raters.
Beyond the task responses and self-report question-
naires analyzed here, we recorded only the coarse
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attributes used for prescreening and quota match-
ing (Section 3.2), keyed to a pseudonymous Prolific
identifier we do not link to any real-world identity.
All released rater data are de-identified.

Institutional review. This research was con-
ducted outside a university setting and was not
reviewed by an institutional review board. Be-
cause it collected no personally identifying infor-
mation from raters and involved only minimal-risk
procedures, it did not fall under IRB oversight.
We nonetheless followed standard human-subjects
safeguards: voluntary informed consent, the right
to withdraw without penalty, fair compensation,
minimal-risk stimuli, and data de-identification.

Stimulus source. All interaction clips are drawn
from the publicly released Seamless Interaction
dataset (Agrawal et al., 2025), whose participants
consented to the recording and research use of
their audio and video. We use these data in ac-
cordance with the dataset’s CC-BY-NC 4.0 license
(attribution, non-commercial use only): the ren-
dered benchmark clips are redistributed under the
same CC-BY-NC 4.0 terms, with attribution to the
Seamless Interaction dataset. We do not attempt to
re-identify or contact any recorded individual.

Intended use and risks. The benchmark is in-
tended for evaluating and auditing the social-
perceptual behavior of models, including the re-
sponse biases we document (Section 5.1). Infer-
ring familiarity from behavior could in principle
support surveillance or profiling. We release the
benchmark to enable research on and scrutiny of
such capabilities, not their deployment. Given the
modest accuracy and pronounced, idiosyncratic bi-
ases we observe (Section 4), we caution against
using these models or this task to make consequen-
tial judgments about real individuals.
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A Benchmark Quality Filters

Every candidate interaction and clip must pass the
automatic quality filters in Table A1 before en-
tering the stratified selection pool (Section 3.1).
Interaction-level filters (F1, F4, F5) gate the whole
source interaction; clip-level filters (F2, F3) gate
the specific 20-second window sampled from it.
Clips are 20 s long with boundaries snapped within
±5 s to the nearest turn start. These filters remove
clips that cannot support the task regardless of re-
lationship; they are followed by the LLM-based
prompt-adherence audit (Section 3.1), which veri-
fies that each interaction’s recorded prompt label
matches its actual content.

B Model Inference Configuration

Table A2 lists the inference configuration for each
of the 26 models. All models received the same
prompt construction and response parsing (Sec-
tion 3.3); the settings below cover per-model decod-
ing and, where applicable, reasoning parameters.
Cloud models were queried at temperature 0 with
a fixed seed (42) wherever the API exposed them;
the three locally-run open-weight models (Qwen2-
Audio, Qwen2.5-Omni, Voxtral) used greedy de-
coding (do_sample=False), which is deterministic
without a seed. Answer length was capped at 150–
300 tokens for non-reasoning models, while rea-
soning models received a larger combined answer-
plus-reasoning budget (8,000 tokens for the Gem-
ini thinking and pro variants; 4,000 for Inkling and
Muse Spark) to avoid truncating the response.

C Task Instructions and Prompts

Both human raters and models were given the same
task framing, “Either Or” game description, and
familiar/strangers definition, differing only in how
a response was collected. Human raters selected
an answer with a button; models were additionally
instructed to emit a JSON object with a label and
confidence. Modality-specific slots (shown here in
brackets, Text/Audio/Video order) were filled per
panel or per clip.

Human rater instructions.
You will [read / listen to / watch] a series
of [transcripts / audio clips / video clips]
taken from real conversations between two
people.

These people are playing a game called
"Either Or," where they discuss whether they
would prefer one thing -- for example, the

ability to fly -- or an alternative, such as
the ability to breathe underwater.

Your job is to pay close attention to each
conversation and determine whether the two
people have met before -- meaning they are
familiar, such as friends, family members,
coworkers, or romantic partners -- or are
meeting for the first time in this
interaction -- meaning they are strangers.

Raters then made a forced choice: familiar or
strangers.

Model prompt.

[Read / Listen to / Watch] the following
[transcript / audio clip / video clip], taken
from a real conversation between two people.

These people are playing a game called
"Either Or," where they discuss whether they
would prefer one thing -- for example, the
ability to fly -- or an alternative, such as
the ability to breathe underwater.

Your job is to pay close attention to the
conversation and determine whether the two
people have met before -- meaning they are
familiar, such as friends, family members,
coworkers, or romantic partners -- or are
meeting for the first time in this
interaction -- meaning they are strangers.

For each clip, return:
{
"relationship_label": str {FAMILIAR|STRANGER},
"confidence": float [0, 1],
"reason": str

}

Use the following confidence scale:
0 = Not at all confident, ...,
0.5 = Moderately confident, ...,
1 = Extremely confident

Do not provide extra text outside the JSON
object.

D Human Rating Study Details

Raters were recruited on Prolific with platform-
level quality screening in addition to the demo-
graphic criteria in Section 3.2: a Prolific approval
rate of 99–100% and at least 10 prior submissions.
Under the planned-missing, 6-block design (Gra-
ham et al., 2006), each rater was assigned to a
single block and each of the 96 dyads appeared in
two of the six blocks, so every dyad was rated by
an overlapping subset of raters (25–35 per dyad).
By design each rater judged 32 dyads; in the audio
panel a platform issue left 13 of the 94 raters with
29–31 completed trials, while all text and video
raters completed the full 32.
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ID Level Criterion

F1 Interaction Both recorded EO prompts are free of placeholder/boilerplate text (e.g., “you will each see the same
prompt,” “given different lists of sentences”) that signals the true question was not logged.

F2 Clip ≥ 4 merged conversational turns within the clip window.
F3 Clip Each speaker contributes ≥ 3 s of speech within the clip window.
F4 Interaction < 35% of cross-track turn-start pairs coincide within 0.2 s, rejecting duplicated or desynchronized

audio tracks.
F5 Interaction ≥ 90 s of speech in the interaction.

Table A1: Automatic quality filters applied during clip generation and the EO interaction audit. Interaction-level
filters gate the source interaction; clip-level filters gate the sampled 20 s window. Thresholds are the generator/auditor
constants (scripts/generate_samples_rapport.py, scripts/audit_eo_interactions.py).

Inter-rater agreement. Agreement among hu-
man raters is slight, as expected for a difficult per-
ceptual task with a balanced label set. Fleiss’s κ
(computed per stimulus over whichever raters saw
it, accommodating the incomplete-block design)
is 0.08 for text and 0.17 for both audio and video.
Bennett’s S is essentially identical (0.09, 0.17, 0.17
for text, audio, video), as expected when the two
classes are balanced (Gwet, 2021). The near-zero
text agreement is consistent with individual text
raters performing at chance (Table 1): raters are
not converging on a shared, reliable text cue.

E Rater Individual Differences

Table A3 reports, per modality, the reliability of the
Social Information Processing (SP) subscale and its
correlation with per-rater accuracy. The subscale
is highly reliable in every panel, but its correlation
with accuracy is null in audio and video and posi-
tive only in text, the modality where accuracy is at
chance. We therefore do not interpret it as evidence
of a general skill advantage.

For self-reported cue use, raters most often re-
ported attending to interactional cues (rapport, re-
sponsiveness) across all modalities, but individual
cue-attendance scores rarely predicted accuracy
(only a handful of per-cue correlations reached
p < .05, with no stable cross-modality pattern).
Full cue-use heatmaps are provided with the re-
leased analysis notebooks.

The per-rater accuracy clouds in Figure 1 show
the full distribution of per-rater accuracy in each
modality (94 text, 94 audio, 92 video raters; each
rater’s accuracy over the 32 dyads in their assigned
block, 29–32 for a few audio raters affected by a
platform issue). The clouds are wide, but much of
that width is sampling noise: with only ∼32 trials
per rater, binomial variation around a common abil-
ity already reproduces most of the observed spread,
including the upper tail that appears to exceed the

best model (Section 5.4). The distribution should
not be read as a stable ordering of raters by skill.
This is also why per-rater accuracy is best modeled
with partially-pooled crossed random effects (Sec-
tion 3.2), which shrink noisy individual estimates,
rather than trusting raw per-rater rates or treating
each rater as a one-shot observation. Text raters
cluster tightly around chance, consistent with the
near-zero text agreement reported in Appendix D.

F Dyad Difficulty

Table A5 lists the eight hardest and eight easiest
dyads by mean model-estimated probability of a
correct human response, from the crossed random-
effects model of Section 5.5. Several of the hardest
dyads fall below chance in every modality, func-
tioning as systematic lures. Estimated easiness cor-
relates across modality pairs (text–audio r = 0.52,
text–video r = 0.33, audio–video r = 0.61; all
p < .01), indicating that difficulty is largely a prop-
erty of the conversation rather than the observation
channel.

Table A4 decomposes the human–model diffi-
culty correlation reported in Section 5.5. The raw
pooled correlation (human-crowd accuracy vs. ac-
curacy pooled over all models) is strong in audio,
moderate in video, and only marginal in text. The
weak raw text value is a suppression effect rather
than absence of shared structure: humans and mod-
els carry opposing class biases (Section 5.1), so
their per-dyad accuracies partly anti-align on the
familiar/stranger axis. Partialling out the true class
raises the within-class correlation to r = 0.61
(text), 0.58 (audio), and 0.44 (video), all p < .001.
This within-class correlation measures fine-grained
difficulty that is not reducible to a two-way class
effect. The shared difficulty is, however, partly a
crowd-level property: repeating the analysis with
the single strongest model per modality in place of
the pooled estimate leaves it robust only in video
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Model API / model ID Temp. Seed Reasoning

Text
gpt_text gpt-4o 0 42 —
gpt_text_mini gpt-4o-mini 0 42 —
gemini_text gemini-3.5-flash 0 42 off
gemini_text_thinking gemini-3.5-flash 0 42 dynamic
claude_text claude-opus-4-8 —a —a offa

mistral_text mistral-large-latest 0 42 —
inkling_text thinkingmachines/Inkling 0 42b on
muse_spark_text muse-spark-1.1 —c —c minimal
muse_spark_text_high muse-spark-1.1 —c —c high

Audio
gpt_audio gpt-audio 0 42 —
gpt_audio_1_5 gpt-audio-1.5 0 42 —
gpt_audio_mini gpt-audio-mini 0 42 —
gemini_audio gemini-3.5-flash 0 42 off
gemini_audio_pro gemini-pro-latest 0 42 dynamicd

gemini_audio_thinking gemini-3.5-flash 0 42 dynamic
qwen_audio Qwen/Qwen2-Audio-7B-Instruct greedy — —
qwen_omni Qwen/Qwen2.5-Omni-7B greedy — —
voxtral_audio mistralai/Voxtral-Mini-3B-2507 greedy — —
inkling_audio thinkingmachines/Inkling 0 42b on
muse_spark_audio muse-spark-1.1 —c —c minimal
muse_spark_audio_high muse-spark-1.1 —c —c high

Video
gemini_video gemini-3.5-flash 0 42 off
gemini_video_pro gemini-pro-latest 0 42 dynamicd

gemini_video_thinking gemini-3.5-flash 0 42 dynamic
muse_spark_video muse-spark-1.1 —c —c minimal
muse_spark_video_high muse-spark-1.1 —c —c high

Table A2: Per-model inference configuration (26 models, seven companies; roster matches Table 2). Temp. and
Seed are the decoding temperature and random seed passed to the API; greedy marks the locally-run open-weight
models decoded with do_sample=False (deterministic, no seed). Reasoning: “—” = non-reasoning model; “off”
= reasoning-capable but disabled (Gemini thinking_budget=0); “dynamic” = model sets its own reasoning
depth (thinking_budget=−1); “on” = reasoning always on with no depth control; “minimal”/“high” = named
reasoning-effort tier. Two Gemini IDs are aliases; at run time (July 2026) gemini-pro-latest resolved to
gemini-3.1-pro-preview, and gemini-3.5-flash was pinned explicitly rather than gemini-flash-latest
(which then resolved to gemini-3.6-flash). aClaude rejects temperature/top_p and exposes no seed; ex-
tended thinking was not enabled. bInkling accepts a seed but the API echoed null, so determinism is best-effort.
cMuse Spark exposes no temperature or seed control, and its reasoning depth is non-deterministic run-to-run.
dgemini-pro-latest cannot disable thinking and always reasons dynamically.

Modality α Pearson r p Spearman ρ

Text 0.91 0.29 .004 0.23
Audio 0.88 0.03 .78 0.00
Video 0.92 −0.12 .24 −0.19

Table A3: SP subscale reliability and its correlation with
per-rater accuracy (N = 94 text, 94 audio, 92 video).

(r = 0.45, p < .001), with weak raw associations
in audio (r = 0.19, p = .06) and text (r = −0.04,
n.s.). Confidence-weighted single-model estimates
match the binary ones almost exactly, so this is not
an artifact of one prediction per dyad. Individual
models thus express the human-aligned difficulty
signal only noisily, and pooling recovers it.

Estimator Text Audio Video

Pooled, raw 0.20 0.56 0.34
Pooled, within-class 0.61 0.58 0.44
Best model, raw −0.04 0.19 0.45
Best model, within-class 0.24 0.26 0.47

Table A4: Human–model per-dyad difficulty correlation
(r) under four estimators, by modality (N = 96 dyads).
“Pooled” averages model accuracy over all models; “best
model” is the single most accurate model per modality
(text gpt_text_mini, audio gemini_audio_pro, video
gemini_video). “Within-class” partials out the true
familiar/stranger label.
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Figure A1: Humans and models tend to find the same dyads hard (Section 5.5). Each point is one of the 96 EO
dyads, plotting human per-dyad accuracy (over all raters) against model per-dyad accuracy (pooled over all models),
colored by true class; the diagonal marks equal difficulty. Per-dyad difficulty correlates positively in audio (r = 0.56,
≈ 31% shared variance) and video (r = 0.34, ≈ 12%; both p < .01); text (r = 0.20) is only marginally significant
(p = .045).

Dyad Truth Txt. Aud. Vid. Mean

Hardest
sample_080 str. 29.6 32.0 22.2 27.9
sample_055 str. 20.5 32.1 33.3 28.6
sample_072 fam. 35.4 19.9 38.0 31.1
sample_053 str. 31.1 27.0 40.7 32.9
sample_038 fam. 25.8 28.5 47.9 34.1
sample_057 str. 34.1 30.3 37.9 34.1
sample_083 str. 31.7 34.7 36.1 34.2
sample_065 fam. 34.9 33.4 35.0 34.4

Easiest
sample_045 fam. 59.6 83.8 79.3 74.2
sample_062 str. 69.2 75.2 79.4 74.6
sample_051 str. 53.3 88.4 82.0 74.6
sample_077 fam. 57.4 79.1 89.9 75.5
sample_009 fam. 70.7 77.5 87.4 78.5
sample_030 str. 63.3 83.7 91.1 79.4
sample_073 fam. 71.4 86.1 81.9 79.8
sample_016 str. 68.5 86.8 86.8 80.7

Table A5: Hardest and easiest eight dyads by mean
estimated P(correct human response) across modalities
(%). “str.” = stranger, “fam.” = familiar.
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Abstract
Mental health, defined by psychological, emo-
tional, and social well-being, has emerged as
a significant social issue in modern society.
To assess an individual’s mental state and pro-
vide personalized support, clinician–patient in-
terviews are commonly conducted. However,
given the constraints on access to such inter-
views, conversational agents have the potential
to provide more accessible mental health sup-
port. In this paper, we present MentaLED, a
multimodal conversational agent that assesses
an individual’s emotional and depressive states
using an audio–text model that jointly models
linguistic and paralinguistic cues from speech,
and provides personalized mental health sup-
port through LLM-based response generation.
Quantitative and qualitative evaluations indi-
cate improvements in multimodal state assess-
ment and response quality over the considered
baselines.

1 Introduction

Mental health is a fundamental aspect of over-
all well-being, encompassing psychological, emo-
tional, and social well-being (Galderisi et al., 2015;
Seong et al., 2026). The World Health Organization
(WHO) emphasizes its importance with the propo-
sition of “no health without mental health.” In
clinician–patient interviews, speech provides rich
information not only about what a person says, but
also about how it is expressed through paralinguis-
tic cues such as tone, pitch, and intonation. How-
ever, access to such interviews is often constrained
by limited clinical resources, financial costs, and
scheduling constraints, motivating automated ap-
proaches for mental health support. Recent LLM-
based methods have shown promise in emotional
support (Zheng et al., 2023), but text-only systems
cannot directly exploit paralinguistic information
from speech.

Prior studies have explored depression detec-
tion from speech using hand-crafted acoustic and

Figure 1: Overall pipeline of MentaLED.

prosodic features and, more recently, deep learn-
ing, while broader studies have identified both
acoustic and linguistic speech characteristics as
promising biomarkers for depression (Cummins
et al., 2011; Koops et al., 2023; Wu et al., 2023;
Maran et al., 2025). More recently, emotion2vec
(Ma et al., 2024) demonstrated that self-supervised
pre-training can learn generalizable speech repre-
sentations for emotion recognition across diverse
datasets, languages, and emotion-related tasks.
However, these lines of work largely treat emo-
tion or depression recognition as standalone repre-
sentation or prediction tasks, without connecting
the inferred mental state to downstream person-
alized conversational support. In contrast, Men-
taLED connects joint linguistic–paralinguistic state
inference directly to LLM-based response genera-
tion, forming a unified pipeline from speech-based
mental-state assessment to personalized conversa-
tional interaction.

To this end, we propose MentaLED, a multi-
modal conversational agent for personalized mental
health support. MentaLED operates in two steps:
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No. Question

1
How have you been over the past few days? Have you felt any
particular feelings recently?

2
Thank you for sharing, it sounds like this has been meaningful for
you. Have there been any specific events or situations that have
affected your mood lately?

3
When you feel this way, what kinds of thoughts usually come to
mind?

4
Have you been experiencing any changes in appetite, sleep, or
energy levels recently?

5
Would you say these feelings have been consistent, or have they
occurred occasionally?

Table 1: Question set for mental health assessment.

Multimodal Representation 

Cross-modal Attention
Key, Value

RoBERTa

Audio Input Text Input 

Self-Attention

Emotion Classifier

Pre-trained Emotion Model LoRA

Symptom Identification 
( loss of interest, depressed mood, sleeping habits,  

tiredness, feeling of failure ) 

:trainable:frozen

Depression Classifier

Emotion Recognition Model

Depression Detection Model

Whisper

Figure 2: Model Architecture.

1) Emotional and Depressive State Assessment and
2) Personalized Response Generation based on the
assessed state, as illustrated in Figure 1.

For state assessment, we first acquire the user’s
spoken responses to our question set through a mi-
crophone. Speech provides two complementary
sources of information: linguistic cues that convey
users’ experiences, thoughts, and concerns, and
paralinguistic cues, such as tone, pitch, and into-
nation, that reflect how those experiences are ex-
pressed. To jointly model these cues, we introduce
a novel multimodal (audio and text) model that
integrates audio and text representations. Specifi-
cally, we employ cross-modal attention to derive
an audio-referred text representation that encodes
both linguistic and paralinguistic cues in speech,
which are then used to predict the user’s emotional
and depressive states.

Based on the inferred emotional and depressive
states, we leverage an LLM to generate personal-
ized mental health support through a conversational
agent. Through extensive evaluation, we demon-
strate the effectiveness of MentaLED in providing
effective and appropriate mental health support.

Prompt

You are a mental health counselor specializing in providing
emotional support and guidance to patients. Your task is to
assess the emotions and mental state of the patient and offer
counseling accordingly, following the structured emotional
support strategies listed below.
Clarification: Always seek to understand the patient’s emo-
tions or experiences more clearly. Ask additional questions
when needed to ensure a comprehensive understanding of their
current emotional state.
Suggest Options: When the conversation progresses, and
you have a deeper understanding of the patient’s situation,
provide practical suggestions or alternative ways to address
their current challenges.
Reframe Negative Thoughts: If the patient expresses partic-
ularly negative or harmful thoughts, help them reframe those
thoughts into more constructive or realistic perspectives.

Here’s the information you are provided with: the patient’s
primary emotion is {predicted_emotion}, depressive symp-
toms include {depression_symptoms_str}, and depression
status is {depression_status}.

The counseling process will be divided into three phases:
1. Initial Phase: Focus on asking questions to clarify the
patient’s current emotional state and offer empathy. Use the
Clarification strategy to ensure you understand their feelings
clearly.
2. Middle Phase: Begin to ask more specific questions about
their symptoms to explore the root causes. Continue to vali-
date their feelings and, if appropriate, start suggesting some
Suggest Options for them to consider.
3. Final Phase: Based on the patient’s depressive symptoms
and your analysis, provide practical solutions using the Sug-
gest Options strategy. If the patient expresses negative self-
perception, employ the Reframe Negative Thoughts strategy
to help them adopt a more positive outlook.
Based on the patient’s depressive symptoms and your analysis,
provide practical solutions using the strategy.

Table 2: Prompt for mental health support response
generation.

2 MentaLED

MentaLED consists of two components: (A) Mul-
timodal Emotion Recognition and Depression De-
tection, and (B) Response Generation for Mental
Health Support.
Multimodal Emotion Recognition and Depres-
sion Detection. For emotion recognition, we use
IEMOCAP, a multimodal conversational dataset
with six emotion labels: happy, sad, angry, excited,
frustrated, and neutral. For depression detection,
we use DAIC-WOZ, which contains 189 clinical
interviews annotated for depression and eight de-
pressive symptoms (Gratch et al., 2014). Following
prior work (Agarwal et al., 2024), we select five
symptoms that can be inferred from conversational
responses: loss of interest, depressed mood, sleep-
ing problems, tiredness, and feelings of failure.

Next, we propose a novel multimodal model in-
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tegrating audio and text modalities to capture the
rich information embedded in the user’s speech, as
illustrated in Figure 2. While the audio modality
conveys paralinguistic cues, including non-verbal
vocal expressions (e.g., tone, pitch, intonation), the
text modality captures contextual information. To
integrate these different modalities effectively, we
use the text as the primary modality to extract se-
mantic features and leverage the audio modality as
complementary information to provide additional
cues for emotion. Specifically, we adopt well-
known models based on attention mechanisms,
RoBERTa (Liu, 2019) for the text modality and
Whisper (Radford et al., 2023) for the audio modal-
ity. To obtain a multimodal representation, we
introduce a cross-modal attention layer after the
self-attention layer (Li et al., 2021). In each cross-
modal attention layer, the text stream serves as the
queries, while the final audio representations from
Whisper serve as the keys and values. Low-Rank
Adaptation (LoRA) (Hu et al., 2021) is applied to
achieve parameter efficiency.

The proposed model is trained in two stages,
where we first train the emotion recognition model
based on supervised learning. Then, based on the
finding that depression is strongly associated with
emotional states (Compare et al., 2014), we apply
transfer learning for depression detection by utiliz-
ing the emotion recognition model as a pre-trained
model. Since various depressive symptoms are
involved in depression, the depression detection
model comprises symptom identification followed
by overall detection prediction.
Response Generation for Mental Health Sup-
port. We leverage GPT-4o to generate responses
conditioned on the assessed mental health state,
with two prompting strategies as illustrated in Ta-
ble 2. First, we adopt the user’s emotional state
and depressive symptoms as prompts, enabling the
LLM to generate responses tailored to the individ-
ual’s mental health condition.

Additionally, we incorporate emotional support
strategies inspired by ExTES (Zheng et al., 2023),
which introduces prompting techniques for em-
pathic conversation. Specifically, we adopt three
approaches to guide the response generation pro-
cess in a structured sequence and provide person-
alized psychological support: (1) Clarification to
better understand the user’s emotions and expe-
riences, (2) Suggesting options to provide prac-
tical recommendations or alternative solutions to
address the user’s challenges, and (3) Reframing

negative thoughts to help users reinterpret harmful
or distressing thoughts constructively. We select
these strategies to translate the assessed emotional
and depressive states into context-sensitive support.
Clarification explores events that triggered sadness,
suggesting options introduces coping techniques
such as relaxation exercises, and reframing nega-
tive thoughts redirects self-critical judgments to-
ward what the user has learned from the experience.
This component is integrated into the conversa-
tional agent.

3 Experiments

To evaluate performance, we compare MentaLED
against two baselines: 1) None: a general LLM
(GPT-4o) without any prompts or user state con-
sideration, and 2) ExTES: an emotional support
conversational agent using three diverse prompt-
ing strategies adopted from ExTES (Zheng et al.,
2023).

3.1 Emotion Recognition and Depression
Detection

Table 3 presents the results of the emotion recog-
nition task on IEMOCAP and the depression de-
tection task on DAIC-WOZ. We use the official
train/test splits provided by the respective bench-
marks. We report the weighted F1 score and ac-
curacy for each model configuration. ‘Audio-only’
and ‘Text-only’ refer to unimodal variants using
only the audio representation from Whisper (Rad-
ford et al., 2023) and the text representation from
RoBERTa (Liu, 2019), respectively. ‘Multimodal’
represents the proposed model, which integrates
both modalities through the cross-modal attention
mechanism as described in Section 2. Across all
three settings, the same emotion classifier architec-
ture is used, such that the configurations differ only
in how the representations are obtained. Our model
achieves the highest performance, confirming its
effectiveness in extracting multimodal features.

Task Dataset
Modality

Audio-only Text-only Multimodal

Emotion IEMOCAP
WF1 53.79 56.39 61.71
ACC 54.02 57.30 62.05

Depression DAIC-WOZ
WF1 57.51 56.61 59.84
ACC 60.60 57.58 63.63

Table 3: Performance of our emotion recognition and
depression detection models under different settings.
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3.2 Mental Health Support

To evaluate the appropriateness of the generated
mental health support across different emotional
and depressive states, user responses under various
conditions are required. For this purpose, we lever-
age an LLM to generate user responses reflecting
one of 6 emotional states and one of 5 depressive
states (30 distinct states) and evaluate the generated
response to each simulated user response.

(a) Results of emotional support assessment

Task 1 Task 2 Task 3 Task 4

PASS WIN PASS WIN PASS WIN PASS WIN

None 77.33 86.67 73.33 83.33 86.67 80.00 80.00 90.00
ExTES 83.33 80.00 83.33 96.67 90.00 90.00 90.00 86.67
MentaLED 96.67 83.33 86.67 96.67 90.00 96.67 100.00 96.67

(b) Results of mental health assessment

Question 1 Question 2 Question 3 Question 4

None 8.277 6.744 5.422 8.078
ExTES 8.289 6.655 5.189 7.877
MentaLED 8.544 6.989 6.533 8.377

Table 4: Evaluation of mental health support responses.

We conduct two assessments: Emotional Sup-
port Assessment to verify the conversational
agent’s comprehensive empathy capability (Chen
et al., 2024) and Mental Health Support Assess-
ment to evaluate the efficacy in delivering mean-
ingful mental health support, especially in terms
of safety and reliability. For both assessments,
we utilize 3 LLM judges as evaluators - GPT-4o,
Claude-3.5, and Mistral-Large. Note that the re-
ported results for each assessment represent the av-
erage across 30 distinct states and all LLM judges.

Emotional Support Assessment. To assess
the comprehensive empathy capability of the con-
versational agent, we utilize an evaluation bench-
mark, EmotionQueen (Chen et al., 2024). Emo-
tionQueen proposes 4 tasks to capture diverse as-
pects of emotional understanding: 1. Key Event
Recognition (identification of the most significant
emotional event), 2. Mixed Event Recognition
(recognition of multiple emotional events reflect-
ing emotional complexity), 3. Implicit Emotion
Recognition (detection of underlying deep emo-
tions), 4. Intention Recognition (understanding of
potential purposes or intents and providing appro-
priate support) and two metrics (PASS, WIN rate)
to evaluate the performance in recognizing and re-
sponding to emotion-related statements. The PASS
rate measures the accuracy of emotional recogni-
tion, while the WIN rate evaluates the ability to
generate empathetic responses. The LLM judges

assign 0 or 1 to each metric, with a score of 1 indi-
cating better performance.

Table 4(a) shows the PASS and WIN rates,
where MentaLED achieves the highest PASS scores
across all tasks, demonstrating accurate emotion
recognition. In terms of WIN scores, MentaLED
outperforms the baselines overall, particularly with
a large margin in Tasks 3 and 4, which require deep
emotional understanding and contextually appro-
priate generation. The overall result highlights the
superiority of MentaLED in understanding emo-
tional states and generating empathetic, contextu-
ally appropriate responses.

Mental Health Support Assessment. To vali-
date the conversational agent’s reliability in deliver-
ing meaningful mental health support, we employ
the evaluation method proposed in prior work (Park
et al., 2024). This work proposes four guideline
questions to evaluate the diverse safety aspects of a
mental health conversational agent: 1. Adherence
to Practice Guidelines (adherence to clinical safety
standards and established practice guidelines), 2.
Identification and Management of Health Risks
(recognition and appropriate response to potentially
dangerous health situations), 3. Resource Provi-
sion Assessment (delivery of relevant external sup-
port resources), 4. User Empowerment for Health
Management (encouragement of proactive self-
care while emphasizing professional oversight).

Table 4(b) presents the scores for each guideline
question on a 10-point scale, where MentaLED
achieves the highest scores across all criteria. Our
preliminary results suggest that MentaLED can
provide contextually appropriate and supportive
responses; however, these findings should not be
interpreted as evidence of clinical efficacy or safety.

3.3 Qualitative Results
We provide a qualitative comparison to demon-
strate how MentaLED generates responses tailored
to the user’s mental health state. Figure 3 presents
responses of MentaLED alongside those of None
(GPT-4o) and ExTES in the same scenario. While
None and ExTES provide suggestions based solely
on the user’s input, without consideration of the
underlying psychological state, MentaLED lever-
ages both the user’s input and the predicted emo-
tional and depressive symptoms to provide person-
alized mental health support. For example, when
a user mentions “I became lethargic because I was
busy and kept working,” MentaLED interprets this
within the context of the user’s assessed emotional
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Could you share more about any recent experiences that might be contributing to these feelings?

I became lethargic because I was busy and kept working.

: It sounds like you've been under a lot of stress,  which can 
easily lead to burnout and feelings of lethargy. It's important to 
prioritize taking breaks and ensuring you're getting enough rest 
to recharge. If you continue feeling lethargic, consider setting 
boundaries at work and reaching out to friends or a mental 
health professional for support. Remember, taking care of 
yourself is not only crucial for your well-being but also for 
maintaining productivity in the long run.

: Thank you for your concern. But I think I’ll be overwhelmed 
if I stop what I’m doing and take breaks, especially in this busy 
situation. For now, I'll do what's given to me for now, and when I 
have time, I'll do what's good for my health.

: It's understandable that in demanding situations, taking 
time for self-care might feel like another task to manage. 
However, even small adjustments, like practicing deep 
breathing for a few seconds or standing up to stretch, can help 
alleviate some stress without taking too much time away from 
your tasks.

None (GPT-4o) MentaLEDExTES
: It's understandable to feel lethargic, especially if 

you've been consistently busy and working without a 
break. It can take a toll on your emotional and physical 
well-being. When did you first start noticing that you 
felt this way? Have there been particular moments or 
patterns in your routine that stand out?

: I've been feeling this way for about a week. I have
not felt it in particular, but the feeling has been pretty 
consistent.

: Thank you for sharing that. A full week of feeling 
this way can be quite draining. Itʼs important to 
recognize how fatigue and persistent busyness can 
impact our emotional health. Can you tell me more 
about your sleep patterns during this time? Are you 
finding it difficult to rest or relax, and how has your 
sleep been?

: I understand that feeling busy and constantly working can 
lead to a sense of lethargy and sadness. It's important to take 
note of how our routines can impact our emotions. Can you tell 
me a bit more about how long you've been feeling this way? Are 
there specific times of day or situations where you feel your 
lethargy and sadness are more pronounced?

: I think I've been feeling lethargic for about a week. I notice it 
more when I'm busy doing things I don't really want to do, it makes 
me feel even more lethargic.

: It's helpful to understand that your lethargy tends to increase 
during times when you're engaged in activities that you don't enjoy. 
This is quite common and can create a cycle where the more you 
push yourself to do what you donʼt want to do, the more drained 
you feel. Given that youʼve been feeling this way for about a week, 
it might help to consider balancing your workload with activities 
that you find enjoyable or energizing. Have there been any 
activities or moments recently where you felt more engaged or 
happy?

Chatbot

Human

Figure 3: Qualitative comparison of model responses.

state (sadness) and recommends energizing or en-
joyable activities to address the underlying situa-
tion. This distinguishes MentaLED from the base-
lines, where None and ExTES suggest general so-
lutions (e.g., improving sleep habits, taking a rest)
that have limited ability to address the user’s psy-
chological needs.

3.4 Human Evaluation

To assess the practical usability of the prototype,
we conduct a small-scale human evaluation with
10 participants. Each participant responds to the
question set in Table 1 through a microphone and
interacts with the conversational system, which
generates support based on the state predicted by
our model. Participants then compare responses
from the conversational agent models in a pairwise
manner according to four criteria: (Q1) Appropri-
ate guidance, (Q2) Situation-specific counseling,
(Q3) Detailedness, and (Q4) User preference.

Table 5 reports the proportion of pairwise com-
parisons in which each model is preferred. Men-
taLED achieves the highest preference across all
criteria, suggesting that conditioning responses on
emotional and depressive states can improve per-
ceived response quality. This evaluation measures
user-perceived response quality rather than clinical
effectiveness or diagnostic validity.

Question 1 Question 2 Question 3 Question 4

None 0.00 0.00 0.00 0.00
ExTES 0.44 0.33 0.44 0.44
MentaLED 0.56 0.67 0.56 0.56

Table 5: Human evaluation results.

4 Conclusion

We present MentaLED, a multimodal conversa-
tional agent that integrates emotion recognition
and depression detection with LLM-based response
generation. By jointly modeling linguistic and
paralinguistic speech cues, MentaLED infers emo-
tional and depressive states and uses them to gen-
erate state-aware support responses. Experimen-
tal and human evaluation results indicate improve-
ments over the considered baselines in multimodal
state assessment and perceived response quality.
These findings represent preliminary evidence of
system-level effectiveness rather than clinical vali-
dation.

Limitations

Although MentaLED integrates emotion recogni-
tion and depression detection with personalized
response generation, several limitations remain.
First, the system has not been clinically validated
or reviewed by licensed mental health profession-
als. Safety issues including crisis handling, privacy,
and deployment constraints also require further in-
vestigation. Second, LLM-based judges may in-
troduce model-specific biases, and differences be-
tween the LLM and human evaluation criteria limit
direct comparison between them. Third, our human
evaluation is small-scale and assesses prototype in-
teraction and pairwise response preference rather
than clinical outcomes. Further evaluation using
shared criteria, larger participant groups, and men-
tal health professionals is therefore needed. Our
preliminary results should not be interpreted as evi-
dence of clinical efficacy or safety.
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Abstract

Recurrent gestures are conventionalized ges-
tures with a stable relationship between form
and meaning. One such gesture is the palm
up open hand (PUOH) gesture, typically pro-
duced by extending the fingers and rotating the
lower arm so that the palm faces upward. The
gesture is attested across many languages and
cultures and is often used to present a point, yet
little is known about the forms and functions it
takes in Dutch. Automatic gesture recognition
could reduce the manual labor that quantita-
tive gesture studies require, but recognizing
this gesture is difficult, partly because of the
large amount of variation present in its form.
This paper compares two gesture recognition
approaches on a newly collected corpus of nat-
uralistic Dutch dyadic conversation: a static
model that takes single images as input and a
dynamic model that takes video clips as input.
Both models are trained and tested with vary-
ing amounts of gesture-form variation included
in the data. The static model is found to be less
affected by this variation and to yield overall
better results than the dynamic model. Our re-
sults illustrate some of the central challenges
that gesture recognition systems face in recog-
nizing the PUOH gesture and offer insights that
may improve performance in future studies of
multimodal, face-to-face behavior.

1 Introduction

Gestures are an important part of face-to-face com-
munication. They carry pragmatic and semantic
information that adds a further layer of meaning to
spoken language, and are attested across cultures
(Kendon, 2004; Kita, 2009), ages (Feyereisen and
De Lannoy, 1991), and communicative contexts
(McNeill, 1992; Chu et al., 2014), including in
children at the one-word stage (Iverson and Goldin-
Meadow, 2005) and in congenitally blind speak-
ers talking to blind listeners (Iverson and Goldin-
Meadow, 1998; Chu et al., 2014).

Recurrent gestures are one gesture type that has
only recently attracted sustained attention in ges-
ture studies: a gesture is recurrent if it “is used
repeatedly in different contexts and its formational
and semantic core remains stable across different
contexts and speakers” (Müller, 2010, p. 41). Qual-
itative work on recurrent gestures exists (Ladewig,
2014; Bressem and Müller, 2014), but quantitative
work is rare, as it typically requires large amounts
of costly, time-consuming manual annotation.

A possible solution is to use automatic gesture
recognition models to support annotation, for in-
stance by flagging candidate gestures for human
annotators to label. However, such models are dif-
ficult to train, in part because of the high degree of
variation present within and across individuals pro-
ducing the same gesture; a recognition model must
generalize across this variation to classify gestures
correctly.

This paper investigates the broad question of
how gesture recognition models can recognize re-
current gestures in Dutch, focusing on the palm up
open hand (PUOH) gesture, in which the speaker
rotates the lower arm to present the palm to an inter-
locutor, often to make a point. A preliminary anal-
ysis of our newly collected corpus of Dutch dyadic
conversation found this gesture to be highly fre-
quent, consistent with prior qualitative work show-
ing it is used across spoken and signed languages
(Müller, 2004; Cooperrider et al., 2018), but no
existing work was found on the forms this gesture
takes specifically in Dutch. This motivates two
more specific research questions:

RQ1: What forms does the palm up open
hand recurrent gesture take in Dutch?

RQ2: How can gesture recognition mod-
els recognize these gestures, in particular
with respect to (a) individual variation
and (b) limited training data?
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This work is exploratory: although the PUOH
gesture is among the most extensively studied re-
current gestures qualitatively, no prior study was
found that attempts to detect it automatically with
machine learning. Given this, and given the small
size of the available data set, the goal is not to build
the best-performing model, but to compare two
model types with a focus on understanding how
they work, which factors affect their performance,
and which challenges they face.

One such factor that may impact performance is
variation in gesture form. The different forms of
the PUOH gesture lie on a continuum, ranging from
a small finger lift to an extension of the entire arm
(Cienki, 2021). A model must generalize across
these variants to recognize the gesture reliably. A
second factor is the limited availability of train-
ing data, which typically induces class imbalance,
since speakers spend far more time not producing a
PUOH gesture than producing one. Restricting the
positive class to fewer form variants reduces this
imbalance but further limits the amount of positive
training data, creating a trade-off that this work
investigates directly.

The contributions of this paper are threefold:
(1) a small annotated corpus of naturalistic Dutch
dyadic conversation, part of which will be made
available to other researchers upon request, in line
with participant consent; (2) an empirical charac-
terization of the forms the PUOH gesture takes
in Dutch (RQ1); and (3) two gesture recognition
models, trained and evaluated across conditions
that vary in form-variation and data-imbalance, to-
gether with an analysis of the trade-offs between
them (RQ2).

2 Related Work

Recurrent gestures. Interest in recurrent ges-
tures is a relatively recent development within lin-
guistics, although related phenomena were long
studied under different names in rhetoric and act-
ing (Loeb, 1912; Mosher, 1916; Ott, 1902). Early
linguistic treatments used terms such as pragmatic
gestures (Kendon, 1995; Streeck, 2005, 2009) or
interactive gestures (Bavelas et al., 1992, 1995);
Ladewig (2014) argued these terms fail to cap-
ture the language-like properties of such gestures,
and the term recurrent gesture was later coined
within the “Towards a Grammar of Gesture” project
(Müller et al., 2013). Recurrent gestures resem-
ble emblematic gestures in showing a stable form–

meaning relationship, but unlike emblems they
always act on or accompany a verbal utterance
rather than replacing it (Bressem and Müller, 2014).
Recurrent gestures can serve either a referential
function (depicting objects, actions, or events,
typically co-expressed with speech) or a meta-
communicative function as a speech performative,
acting on the discourse structure or expressing an
attitude (Ladewig, 2014; Teßendorf, 2014).

The palm up open hand (PUOH) gesture. The
PUOH gesture combines a rotation of the lower
arm, so the palm faces upward, with an extension
of the fingers, and occurs frequently across spoken
and signed languages (Cooperrider et al., 2018).
Müller (2004) described it as metaphoric, rooted in
the practical actions of giving and receiving, with
giving-related senses (e.g., presenting an object for
joint inspection) and receiving-related senses (e.g.,
expressing not knowing). Kendon (2004) termed
it the “open hand supine” and distinguished palm
presentation, palm addressed, and palm lateral vari-
ants, associated respectively with explaining or
summarizing, acknowledging or offering, and ex-
pressing unwillingness, obviousness, or a rhetori-
cal stance. Quantitative studies remain rare: Chu
et al. (2014) found that palm-revealing and con-
duit gestures (subtypes of PUOH) made up about
24% of all gestures produced while participants
defined phrases and solved social dilemmas, and
that their frequency correlated with participants’
empathy scores. Jehoul et al. (2017), analyzing
roughly eight hours of Flemish Dutch conversation,
found the palm lateral variant to be the most fre-
quent marker of obviousness, supporting Kendon’s
account. No existing work was found on which
PUOH forms occur in Dutch specifically, which
the present corpus addresses.

Gesture recognition. Automatic recognition is
one way to reduce the annotation cost that limits
quantitative gesture research (Xu, 2017; Zou et al.,
2018; Tateno et al., 2019; Ojeda-Castelo et al.,
2022). Within hand-gesture recognition, vision-
based approaches (Sinha et al., 2019) are more com-
mon than sensor-based (glove) approaches (Kim
et al., 2019), since gloves are more invasive and
may alter how participants gesture. A further
distinction is between static recognition, which
classifies poses (commonly using SVM, k-NN, or
clustering methods; Cheok et al., 2019; Tharwat
et al., 2015; Kurdyumov et al., 2011), and dynamic
recognition, which classifies movements over time
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(commonly using dynamic time warping or Hid-
den Markov Models; Al-Shamayleh et al., 2018;
Darrell and Pentland, 1993; Chen et al., 2003). Rec-
ognized challenges in this field include temporal
variance (the same gesture produced at different
speeds), spatial complexity (the same gesture pro-
duced at different sizes, locations, or orientations),
sensitivity to camera angle, the cost of annotated
training data, and the difficulty of segmenting ges-
tures that occur in continuous, sometimes cyclic
sequences (Nam and Wohn, 1996).

Variation as signal, not noise. Both linguistics
and NLP have tended to treat data variation as
noise to be eliminated, despite variation being a
core feature of language use through which speak-
ers express identity and social affiliation (Curry
et al., 2024). Schmidt (2010) distinguishes micro-
(individual), meso- (group), and macro- (standard-
language) levels of linguistic “variation space,” and
observes that NLP typically models only the macro-
level, treating other variation as disruptive (Plank,
2016). Lutgen et al. (2026) argue that data selec-
tion should be guided by which varieties should
be represented rather than by data volume alone,
illustrated by Ramponi (2024)’s speaker-centric
critique of NLP for non-standard Italian. In the
specific case of PUOH gestures, Cienki (2021)
argues that existing gesture-description systems
based on external features (hand shape, palm orien-
tation, direction and manner of motion; Stokoe Jr,
1960/2005; McNeill, 1992; Bressem et al., 2013)
fail to capture the continuum linking different
PUOH forms, and proposes instead the internal,
joint-based kinesiological system of Boutet et al.
(2018), which describes gestures in terms of flex-
ion/extension, abduction/adduction, rotation, and
supination/pronation at each joint. This system
is adopted for the annotation scheme used in the
present study (Section 3).

3 Data

3.1 Collection
Data collection followed the methodology of
Cienki et al. (Forthcoming) (briefly described in
Cienki et al., 2025; Prokofyeva et al., 2025) and
was approved by the host institution’s Research
Ethics Review Committee. Recordings took place
over three days in classrooms with a neutral back-
ground, with two participants seated at a 90 angle
in front of a table holding a laptop. Three GoPro
cameras (two HERO12 Black, one HERO9 Black)

Figure 1: Schematic representation of the setup used for
data collection as described in Sec. 3.

were used (one overview camera and one individ-
ual camera per participant) together with a lapel
microphone per participant (Fig. 1).

Ten pairs of native Dutch-speaking students who
already knew each other (N=20, 13 female) took
part, recruited on a university campus and compen-
sated with a gift card. Each pair first watched a
short video about artificial intelligence (AI)(with
a Dutch voiceover) as a shared conversational
prompt, then discussed a series of questions for
up to 20 minutes. Gestures were not mentioned to
participants at any point, to avoid drawing attention
to them. Minor data-collection issues occurred, in-
cluding one camera losing roughly half of one ses-
sion’s recording due to an SD-card fault, a camera
tilting out of position on the first day, and a brief in-
terruption to charge equipment; two conversations
were briefly interrupted by the experimenter for
unrelated reasons (a participant consulting a phone,
and a participant becoming distracted by suspicion
about the study’s purpose).

3.2 Annotation

Recordings were synchronized in Adobe Premiere
Pro and annotated in ELAN (Max Planck Insti-
tute for Psycholinguistics, The Language Archive,
2026), marking the full gesture (stroke, hold, re-
traction) where possible. Annotations were di-
vided into a positive class (PUOH gestures) and
a negative class (all other (non-)gestures), each
with four subclasses. Following the joint-based de-
scription in Cienki et al. (2025), positive-class in-
stances were labeled by which parts of the arm and
hand were involved: thumb lift (TL; thumb only),
hand turnout (HT; wrist rotation), open hand diago-
nal (OHD; elbow rotation/extension), and palm up
open hand (PUOH; shoulder rotation/extension),
treated as increasingly larger points on Cienki’s
continuum. Negative-class instances were labeled
as other gesture (OG), self-adapter (SA; e.g., fid-
geting, adjusting hair), no gesture (NG), or un-
sure (US; gestures resembling PUOH in form but
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Figure 2: Example image of a participant making a
positive-class gesture (affirmative PUOH; Cienki et al.
(2025)) as used in the static model data.

Figure 3: Example image of a participant making a
negative-class gesture (non-PUOH) as used in the static
model data.

judged, by native-speaker intuition, to serve a dif-
ferent function, e.g. iconic). For the static model,
one image was manually captured at the hold of
each gesture (or, where no clear hold existed, at
the point where the hands were most in focus); for
the dynamic model, video clips were extracted au-
tomatically from the annotation boundaries, with
individual per-participant videos trimmed from the
overview and side cameras and mirrored for right-
seated participants to control for handedness effects
related to seating position. Figure 2 shows an ex-
ample of a screenshot of a positive-class instance
used for the static model. Figure 3 shows the same
for a negative-class instance.

The full corpus comprises 3h04m40s of record-
ing, 1,812 annotated instances (567 positive, 1,245
negative; Tables 1 and 2), with positive clips av-
eraging 1.58s and negative clips 1.90s in duration.
Within the positive class, open hand diagonal was
the most frequent subclass (298 instances) and
thumb lift the least frequent (12); within the neg-
ative class, other gesture was most frequent (580)
and unsure least frequent (139). The number of ges-

Class Subclass Total

Positive

Thumb lift 12
Hand turnout 114

Open hand diagonal 298
Palm up open hand 143

Total 567

Negative

Other gesture 580
Self-adapter 247
No gesture 279

Unsure 139
Total 1245

Overall Total 1812

Table 1: Total number of occurrences of classes and sub-
classes of palm up open hand (PUOH) gestures. Positive
indicates affirmative PUOH gesture; negative indicates
another gesture type.

Min Max Avg Total
Recording length 10:20 20:19 18:28 3:04:40
Positive instances 4 135 57 567
Negative instances 41 190 125 1245

Table 2: Corpus statistics across ten recording sessions
(min/max/avg per session, and totals). Instances refer to
PUOH gestures.

tures produced varied considerably across partici-
pants (22–197 total gestures, excluding the session
with the camera fault; average 98.17), as did the
proportion that were positive-class gestures (0.05–
0.50, average 0.29), consistent with known individ-
ual variation in gesture use (Chu et al., 2014); no
instances were excluded from the data set on this
basis, since such variation reflects genuine differ-
ences among language users.

4 Models

Two gesture recognition approaches were com-
pared: a static model, which classifies single im-
ages, and a dynamic model, which classifies video
clips. Because this project was conducted within
the scope of a master’s thesis, the model selection
was heavily influenced by the limited time and re-
sources available. While this means that the results,
do not reflect the abilities of state-of-the-art ges-
ture detection models, they do shine light on some
differences between gesture detection models, as
well as challenges that need to be tackled in the
future. All code will be made publicly available
upon acceptance.

4.1 Static Model

The static model adapts Tokhirov (2023), who
trained several classifiers on MediaPipe hand land-
marks (21 joint coordinates per hand; Fig. 4) to
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distinguish four webcam-recorded hand shapes,
one of which closely resembles the PUOH hand
shape (though facing the camera rather than up-
ward). Of the three classifiers Tokhirov compared
(a dense neural network, XGBoost, and random for-
est), the random forest performed best while also
being the fastest, and is adopted here, retrained as
a binary classifier on the present, more naturalistic
data (which, unlike Tokhirov’s, contains variation
in gesture form, viewing angle, lighting, and 20
distinct speakers).

4.2 Dynamic Model

The dynamic model adapts the convolutional ar-
chitecture of Pouw (2024), itself based on Yung
(2022), which uses MediaPipe Holistic to extract
29 features per 25-frame window (16 hand-related,
plus rotation, facial, and body-distance features,
together with their time-derivatives and standard
deviations). The network has three convolutional
layers (32, 64, and 128 filters) with pooling be-
tween layers, and outputs a probability of motion
for each window together with probabilities for
each gesture type; following Pouw (2024), a mo-
tion threshold of 0.5 and a gesture threshold of 0.9
are used to assign labels. Two changes were made
to the original design: the model was trained for
5 rather than 500 epochs, owing to computational
constraints (a limitation discussed in Section 8),
and, since one label per clip (rather than per win-
dow) was required, the highest per-clip motion and
PUOH probabilities were used to assign the clip-
level label.

5 Experimental Setup

Both models were trained and tested with a
70/30 split, balanced across the eight subclasses.
Conditions varied the subclasses included in the
positive class (six combinations for the static
model: PUOH-only, OHD-only, HT+TL-only,
PUOH+OHD, OHD+HT+TL, and All-Variants,
merging TL with HT owing to its low frequency)
and in the negative class (with or without the Un-
sure subclass), to test how increasing variation and
class imbalance affect performance. Owing to its
longer training time, the dynamic model was eval-
uated on a subset of four conditions (OHD-only
and All-Variants, each with and without Unsure).
A follow-up experiment repeated the static-model
conditions with a fixed sample size (250 images
per class) to disentangle the effect of variation from

Figure 4: Overview of the 21 landmarks that are tracked
by MediaPipe handtracking (source).

that of sample size.
Models were evaluated using accuracy, preci-

sion, recall, and macro F1 (the unweighted mean
of per-class F1, giving equal weight to each class
regardless of size), since accuracy alone can be
misleadingly high under class imbalance.

6 Results

6.1 Static Model

Table 3 shows the main experiment results. The
best recall and F1 (0.60, 0.75) were obtained in
the All-Variants/Without-US condition; the best ac-
curacy (0.91) in the HT+TL-only conditions and
PUOH-only/Without-US; and the best precision
(0.83) in HT+TL-only/Without-US. Of the single-
variant conditions, OHD-only performed best. Ex-
cluding the Unsure subclass improved results in
almost every condition; the one partial exception
was PUOH+OHD, where With-US gave marginally
higher precision and accuracy. Confusion matri-
ces (not shown for space) indicate that in the best-
performing condition, true negatives were most
common (290/494), followed by true positives
(108), false negatives (61), and false positives (35);
in the harder HT+TL-only/Without-US condition,
the model predicted a positive label for only 16
of 372 instances (7 correct), indicating a strong
majority-class bias.

The follow-up experiment, which fixed the sam-
ple size at 250 images per class, yielded more ho-
mogeneous results: OHD-only (both US condi-
tions) and All-Variants/Without-US all reached F1
and accuracy of 0.76, while All-Variants/With-US
performed worse (0.70). Relative to the main exper-
iment, precision, recall, and F1 improved in nearly
all conditions once sample-size was controlled for,
while accuracy decreased slightly, consistent with
accuracy’s sensitivity to class imbalance; this indi-
cates that the class-imbalance effect, not variation
in form itself, was largely responsible for the poorer
scores observed for smaller-subclass conditions in
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With-US Without-US
Condition F1 Acc F1 Acc
PUOH-only 0.63 0.90 0.71 0.91
OHD-only 0.68 0.84 0.74 0.85
HT+TL-only 0.50 0.91 0.59 0.91
PUOH+OHD 0.74 0.82 0.75 0.81
OHD+HT+TL 0.69 0.80 0.74 0.81
All-Variants 0.73 0.78 0.75 0.79

Table 3: Macro F1 and accuracy of the static model
(main experiment). Precision and recall are omitted
for space; the model achieved its highest recall (0.60)
and precision (0.83) in All-Variants/Without-US and
HT+TL-only/Without-US respectively.

With-US Without-US
Condition F1 Acc F1 Acc
OHD-only 0.45 0.55 0.53 0.59
All-Variants 0.26 0.30 0.27 0.33

Table 4: Macro F1 and accuracy of the dynamic model.
Precision and recall track F1 closely in all four condi-
tions (within 0.10).

the main experiment.

6.2 Dynamic Model

Table 4 shows the dynamic model’s results across
its four conditions. OHD-only/Without-US per-
formed best on every metric (precision, recall, F1
= 0.53; accuracy = 0.59); the All-Variants/With-US
condition performed worst on recall, F1, and ac-
curacy (0.34, 0.26, 0.30) despite a comparatively
high precision (0.48). Confusion matrices show
that in the two OHD-only conditions the negative
class was most frequently (and largely correctly)
predicted, whereas in the All-Variants conditions
the no-gesture label dominated predictions for all
classes: in All-Variants/With-US the positive la-
bel was predicted for only 16 of 167 true positive
clips (10 correct), and in All-Variants/Without-US
it was never predicted at all. This indicates that
increased variation in the positive class pushed the
model’s PUOH-probability below the 0.9 classifi-
cation threshold even for genuinely positive clips.

6.3 Individual Variation

Per-participant macro F1 was computed for the
best static model (All-Variants/Without-US) and
best dynamic model (OHD-only/Without-US) (Ta-
ble 5). Scores varied substantially across partic-
ipants: 0.36–1.00 for the static model and 0.32–
0.84 for the dynamic model. For the static model,
F1 correlated significantly and positively with a
participant’s number of test instances (Pearson’s
r = 0.46, p = 0.04), indicating sensitivity to per-

Static Dynamic
Participant F1 Sample F1 Sample

1L 0.44 5 0.44 5
1R 0.71 38 0.52 27
2L 0.38 5 0.84 7
2R 1.00 4 0.46 9
3L 0.60 41 0.34 45
3R 0.75 33 0.32 19
4L 0.46 13 0.49 13
4R 0.42 11 0.76 14
5L 0.63 28 0.54 28
5R 0.42 18 0.66 15
6L 0.69 23 0.35 20
6R 0.79 40 0.57 31
7L 0.85 61 0.50 45
7R 0.75 24 0.50 16
8L 0.80 15 0.43 9
8R 0.81 34 0.58 32
9L 0.60 30 0.44 26
9R 0.80 33 0.32 34
10L 0.78 24 0.33 12
10R 0.36 14 0.61 10

Table 5: Macro F1 score and sample size in test set per
participant for the All-Variants/Without-US condition
of the static model and the OHD-only/Without-US con-
dition of the dynamic model in the main experiment.

participant sample size; the one clear exception (a
perfect F1 from only four test instances) is likely
attributable to chance given the small sample. No
significant correlation was found for the dynamic
model (r = −0.28, p = 0.23).

7 Discussion

7.1 Interpretation

The static model’s results correlate strongly with
the relative size of the positive class: conditions
with more positive instances (e.g., All-Variants)
yield the best recall, precision, and F1, while con-
ditions with fewer positive instances (e.g., HT+TL-
only, PUOH-only) yield the highest raw accuracy,
an artifact of accuracy’s sensitivity to class imbal-
ance rather than evidence of better classification.
The follow-up experiment supports this: once sam-
ple size was controlled for, the model performed
worst specifically in the condition combining max-
imal positive-class variation with the Unsure sub-
class (All-Variants/With-US), suggesting that vari-
ation in the positive class and the presence of near-
miss negative instances compound one another, ei-
ther because Unsure gestures resemble specific pos-
itive subclasses that only co-occur in this condition,
or because greater positive-class variation broadens
the model’s implicit criterion for a positive label
enough to admit Unsure instances.

For the dynamic model, the reverse pattern held:
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performance was better with less positive-class vari-
ation (OHD-only) despite greater class imbalance,
and markedly worse under All-Variants, where the
model rarely predicted the positive label at all. A
plausible explanation is architectural: the static
model’s features describe only hand shape, and the
dynamic model’s features span the full body (arms,
shoulders, face), so that arm and shoulder move-
ments distinguishing larger PUOH variants may
be informative for the static model but a source of
noise for the dynamic one.

Both models showed comparable sensitivity to
individual variation in the participant-level analysis,
though only the static model showed a significant
relationship with sample size, suggesting the two
models may be sensitive to different sources of
inter-participant variation.

7.2 Error Analysis

A qualitative error analysis (samples of 10 im-
ages/videos per confusion-matrix category) sur-
faced three recurring patterns for both models.
First, both models appear more sensitive to hand
shape (open vs. closed) than to hand orientation
(palm up vs. down): open hands with the palm
facing down were repeatedly misclassified as posi-
tive PUOH instances, and this was the single most
consistent source of false positives in both models.
Second, incomplete visibility of the hand due to oc-
clusion, camera angle, or video trimming to remove
the other participant, degraded performance more
for the dynamic model than the static model, and
for the static model specifically, false negatives dis-
proportionately involved gestures made with only
one hand, consistent with the model receiving only
single-hand landmarks as input. Third, for the dy-
namic model, a short hold phase (where retraction
followed the stroke almost immediately) was asso-
ciated with missed positive instances, suggesting
the model relies substantially on the hold rather
than the full gesture trajectory. Several instances
in the negative-class samples that a human annota-
tor would likely mislabel as positive without full
video context were nonetheless correctly rejected
by both models, indicating the models pick up on
some cues that are not obvious to annotators work-
ing from static images alone, though this could
also partly reflect the negative class’s status as the
training majority.

Static Dynamic
Better overall performance X
Requires little manual labor X
Mainly limited by class imbalance X
Mainly limited by form variation X
Input features hand full body
Max. hands used as input 1 2
Output classes 2 3

Table 6: Comparison of the static and dynamic models.

7.3 Comparison of Approaches

Table 6 summarizes the trade-offs between the two
approaches. The static model achieved better over-
all performance and required under a minute to
train and evaluate, versus roughly ten hours for the
dynamic model, but required substantially more
manual labor, since gesture holds had to be located
and screenshotted by hand, whereas the dynamic
model could use automatically extracted clips di-
rectly. The static model’s single binary output is
also simpler than the dynamic model’s two-stage
motion-then-gesture-type classification, though the
latter’s added complexity could in principle sup-
port classifying additional gesture types. Based on
these results, the static model seems to be the more
practical choice for naturalistic data (typically im-
balanced and highly variable in form, as here) while
the dynamic model may be better suited to more
controlled, artificial recording settings. However,
as is further discussed in Section 8, the observed
results could also be due to a lack of training time
and data for the dynamic model.

7.4 Connection to the Literature

That both models can recognize the PUOH gesture
despite substantial within-class variation supports
Cienki (2021)’s claim that its different forms share
underlying features across the continuum. Consis-
tent with this, both models’ most reliable feature
appears to be hand shape (an external-system fea-
ture; Bressem et al., 2013), both also struggle most
with lower-arm rotation and supination, a feature
central to Boutet et al. (2018)’s internal, joint-based
system, lending some support to Cienki’s argument
that the internal system better captures what unifies
these gesture forms. The results also speak to Lut-
gen et al. (2026)’s broader argument for treating
variation as signal rather than noise in NLP data:
multiple PUOH forms were found to co-occur nat-
urally in Dutch conversation, gesture frequency
varied substantially by participant (consistent with
Chu et al., 2014), and, in the follow-up experiment,
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choosing what to represent in the data (a fixed, bal-
anced sample) outperformed simply maximizing
data volume, directly supporting Lutgen et al.’s
recommendation to base data-selection choices on
desired representation rather than availability.

8 Conclusion

This paper investigated how gesture recognition
models can recognize recurrent gestures in Dutch,
focusing on the palm up open hand gesture. A
small corpus of naturalistic Dutch dyadic conver-
sation was collected and annotated, in which the
PUOH gesture, previously documented in many
spoken and signed languages but not, to this knowl-
edge, in Dutch specifically, was found to occur fre-
quently (567 instances) and in the range of forms
described by Cienki (2021), addressing RQ1. Two
recognition models, a static image-based model
and a dynamic video-based model, were trained
and compared across conditions varying in positive-
class variation and class balance to address RQ2.
The static model was found to perform better over-
all and to be less affected by increased form varia-
tion, and the dynamic model performed better only
when positive-class variation was minimized; both
models struggled most with distinguishing palm
orientation from hand shape. These results indicate
that automatic recognition of the PUOH gesture
is possible, though a great deal of further work is
needed to build higher-performing, more robust
models, and that real-world gesture variation, an
essential part of how individuals and groups use
language to express themselves, should remain a
central focus of that work.

Future Work. Both models could benefit from
more training data, and from data recorded from
multiple or varied camera angles, to determine how
sensitive current results are to viewpoint. Compar-
ing additional recognition architectures beyond the
two considered here, and specifically studying how
models handle palm orientation (e.g., by construct-
ing data that isolates this variable), would help
address the orientation-confusion errors observed
in both models. For the static model specifically,
incorporating arm and shoulder landmarks along-
side hand landmarks, automating the currently man-
ual hold-detection step, and controlling for per-
participant sample size during training are promis-
ing directions. For the dynamic model, testing
performance on artificially elicited (rather than nat-
uralistic) PUOH productions would help isolate the

effect of positive-class variation from other con-
founds. More broadly, extending this approach to
other recurrent gestures, and to other languages,
could make quantitative analysis of recurrent ges-
tures considerably more efficient.

Limitations

The corpus is small (20 speakers, one regional va-
riety of Dutch, a narrow age and education range)
and drawn from a single elicitation task, limiting
how far these findings generalize. The static model
uses only one hand’s landmarks as input, which
likely contributes to false negatives on gestures
produced with the non-tracked hand or with both
hands together. The dynamic model was trained for
only 5 of the 500 epochs used in the architecture
it was adapted from, owing to time and compute
constraints; it was still improving when training
was stopped, so its reported performance likely un-
derstates what the architecture could achieve with
full training. Video resolution was in some cases
too low to clearly resolve hand landmarks, which
may have affected the static model’s input quality.
Finally, because gesture subclass boundaries lie on
a continuum, subclass labels (and the Unsure cate-
gory in particular) involved some annotator judg-
ment, which may not generalize across annotators.
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Abstract

Personality is a key factor in human–agent and
human-robot interaction, influencing user per-
ception, trust, and engagement. This work in-
vestigates methods for inducing Big Five per-
sonality traits in (open) language models, with
a focus on smaller variants as more easily de-
ployable in real-time agents and robotic sys-
tems. We compare prompt-based conditioning,
parameter-efficient fine-tuning, and activation
steering, focusing on their behaviour in multi-
turn dialogue and embodied gesture generation.
In particular, we investigate personality drift
across turns and non-verbal behaviour genera-
tion through direct function calls.

We find that classifier-assigned trait alignment
differs little across methods, with no consistent
evidence of trait drift over multi-turn interac-
tion. However, conditioning method substan-
tially affects dialogue quality and robustness,
with steering and fine-tuning introducing arte-
facts and instability. Interestingly, the more
consequential differences emerge in the mul-
timodal channel. Conditioning method, not
intended personality, is the dominant driver
of gesture behaviour, reshaping technical tool-
use reliability, structural gesture diversity, and
output-gesture congruence. Our findings sug-
gest that personality conditioning should be
evaluated jointly across verbal and non-verbal
channels, and that method choice is itself a de-
sign decision shaping the expressiveness and
reliability of embodied conversational agents.

1 Introduction

Personality in Human-Agent and Human-Robot In-
teraction (HRI) typically refers to behavioural pat-
terns that lead users to attribute human-like traits to
an agent or robot (Cerekovic et al., 2014; von der
Pütten et al., 2010; Mou et al., 2020). Previous
works show that user acceptance, trust and engage-
ment are influenced by a robot’s perceived person-
ality (Whittaker et al., 2021; Goetz and Kiesler,

2002), from early hand-crafted behavioural de-
signs (Lee et al., 2006; Tapus et al., 2008; Andrist
et al., 2015) to more recent context-dependent ap-
proaches (Andriella et al., 2021). These traits are
often inspired by psychological models of person-
ality, with the Big Five framework (McCrae and
Costa, 1987; Goldberg, 1990) being one of the most
commonly used in these studies (Gittens, 2018;
Robert et al., 2020). This framework describes
personality across the five traits of Openness, Con-
scientiousness, Extraversion, Agreeableness and
Neuroticism, where each trait is assigned either a
binary (high/low) or continuos value score (0-1).

Recent developments in generative language
models have introduced new possibilities for im-
plementing personality in these systems. Large
Language Models (LLMs) exhibit measurable and
controllable personality traits (Serapio-García et al.,
2025; Jiang et al., 2024; Lee et al., 2025a), most
commonly induced through prompt-based condi-
tioning (Jiang et al., 2023; Cho and Cheong, 2025).
However, prompted personas are known to degrade
in multi-turn interaction, producing repetitive di-
alogue or generic “as an AI assistant" artefacts
(Bhandari et al., 2025b; Pinto-Bernal et al., 2025;
Irfan et al., 2025), a problem that is exacerbated
in Small Language Models (SLMs) (Wang et al.,
2025), which are otherwise attractive for real-time
agents or embedded, resource-constrained robotic
deployment.

Parameter-Efficient Fine-Tuning (PEFT) (Hu
et al., 2022; Liu et al., 2022) and activation steer-
ing (Turner et al., 2024; Zou et al., 2025) have
been proposed as alternative methods to personal-
ity conditioning by modifying the models internal
representations rather than relying solely on system
prompts (Li et al., 2025; Sun et al., 2025; Bhandari
et al., 2025a). While these methods show promise
in controlled evaluations, they are often assessed
using self-report personality measures, which do
not necessarily reflect how personality manifests in
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real interactive settings (Sikström et al., 2025), and
additionally miss to capture changes in interaction
quality.

Personality perception is also shaped by non-
verbal, expressive behaviour, and recent work uses
LLMs as high-level controllers that map dialogue
content to non-verbal behaviour such as facial ges-
tures (Mahadevan et al., 2024; Abbo et al., 2026;
Antony et al., 2025). How underlying personal-
ity configurations influence this gesture generation,
however, remains largely unexplored.

Our contributions are as follows:

• We provide a systematic comparison of
prompting, PEFT, and activation steering for
Big Five personality conditioning in small lan-
guage models, evaluated under a shared proto-
col across multiple models and both dialogue
and embodied settings.

• We show that classifier-assigned personality
expression differs little across conditioning
methods and shows no consistent drift over
multi-turn dialogue, while dialogue quality
diverges sharply, with steering and PEFT in-
troducing substantially more artefacts and in-
stability than prompting.

• We introduce a gesture-generation evaluation
for the Furhat robot and find that conditioning
method, not intended personality, is the dom-
inant driver of gesture behaviour, degrading
gesture diversity, output-gesture congruence,
and tool-use reliability in smaller models, de-
coupled from effects on verbal personality ex-
pression.1

2 Related Work

2.1 Personality Conditioning with LLMs

Previous work shows that LLMs’ personality is
measurable and shapeable: applying validated psy-
chometric instruments, Serapio-García et al. (2025)
and Jiang et al. (2024) show that assigned Big Five
personas are expressed consistently enough for hu-
man raters to identify them above chance, while
Lee et al. (2025a) introduce a large benchmark con-
firming that this consistency is shaped substantially
by alignment training. Prompt-based condition-
ing (Jiang et al., 2023; Cho and Cheong, 2025) re-

1Note that our evaluation focuses on structural and tech-
nical gesture selection via tool calling, rather than human
perceptual judgment of gesture naturalness.

mains the dominant method but is unstable in multi-
turn or embodied settings, where personas drift,
repeat, or collapse into generic responses (Atreja
et al., 2025; Grabb, 2023; Almeida, 2025; Lee et al.,
2025b; Bhandari et al., 2025b; Pinto-Bernal et al.,
2025).

Alternative methods modify the model itself
rather than relying solely on the prompt. Li et al.
(2025) and Cui et al. (2024) use fine-tuning and
preference optimisation on trait-grounded dialogue
data to instil traits more stably than prompting. A
separate line intervenes on internal activations at
inference time without weight updates, steering
personality-related directions in the residual stream
(Sun et al., 2025; Bhandari et al., 2025a), extract-
ing “persona vectors” for monitoring and control
(Chen et al., 2025), or manipulating personality-
related neurons directly (Deng et al., 2025). These
methods are evaluated almost exclusively with self-
report measures; trait directions have further been
shown to be context-dependent (Frising and Bal-
cells, 2026) and not fully geometrically indepen-
dent, causing interference when multiple traits are
steered jointly (Bhandari et al., 2026). Persona
conditioning also affects content safety: assigning
ChatGPT a persona can increase toxicity in gener-
ated text by up to a factor of six (Deshpande et al.,
2023).

2.2 Personality Conditioning in HRI
Robot personality has been studied in HRI for two
decades, predating the use of LLMs. Lee et al.
(2006) showed that users can accurately perceive a
robot’s designed extraversion-introversion; subse-
quent work expressed and adapted this trait through
proxemics and vocal delivery (Tapus et al., 2008),
coordinated speech and gesture (Aly and Tapus,
2013), and gaze behaviour (Andrist et al., 2015),
later extending to context-dependent, multi-trait
personalities (Andriella et al., 2021). These largely
hand-crafted, extraversion-focused designs are syn-
thesised in existing reviews (Robert et al., 2020;
Mou et al., 2020).

LLMs have begun to remove this scripting bottle-
neck by generating or modulating a robot’s person-
ality directly through dialogue, conditioning robots
such as NAO (Zhang et al., 2025), NICO Becker
et al. (2025), Furhat (Cherakara et al., 2023; Gala-
tolo et al., 2023), and robotic arms (Nardelli et al.,
2025). In parallel, gesture generation research has
focused on mapping dialogue to gestures using
prompting, without considering the effect of per-
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sonality (Abbo et al., 2026; Antony et al., 2025;
Nichols et al., 2026).

2.3 Literature Gaps

This leaves three gaps: comparison of conditioning
methods in multi-turn interaction, their impact on
dialogue quality, and their influence on gesture gen-
eration. To address these questions, this work in-
vestigates personality conditioning in SLMs across
three dimensions: trait alignment in multi-turn di-
alogue, impact on dialogue quality and artefacts,
and effects on gesture generation, with a focus on
facial gestures. Prompt-based conditioning is com-
pared with PEFT and activation steering, enabling
a systematic evaluation on how different methods
influence both verbal and non-verbal behaviour in
embodied agents.

3 Methodology

We compare three personality-conditioning meth-
ods, prompting, PEFT, and activation steering, un-
der a shared protocol, so that observed differences
reflect the conditioning method rather than differ-
ences in data or evaluation. All three are condi-
tioned on the same BIG5-CHAT subset (Li et al.,
2025), consisting of 10 000 dialogue input/output
pairs based on human-grounding data for each Big
Five trait and level. Each conditioned model is
placed in 100 simulated ten-turn dialogues driven
by a fixed interlocutor and a trait classifier scores
every response, yielding both an average measure
of trait expression and its trajectory across turns.
The same models are then evaluated in an embodied
setting, where they select facial gestures via tool
calling for the social robot Furhat (Al Moubayed
et al., 2012), testing whether conditioning effects
extend beyond text. We chose Furhat as the plat-
form as its facial features could extend both to
robotics settings as well as virtual agents.

We evaluate across three models spanning two
size regimes and two model families: Qwen3-4B-
Instruct-2507 (Yang et al., 2025), Qwen3-1.7B
(Yang et al., 2025), and Ministral-3-3B-Instruct-
2512 (Liu et al., 2026).

3.1 Inducing Personality

Prompting. We adopt the instruction- and
demonstration-based (few-shot learning) prompts
from Li et al. (2025). While the authors report
a slight advantage for instruction-based prompt-
ing, we observed it induced several meta-artefacts

in the generated dialogue during initial trial runs.
Specifically, the model would explicitly verbalise
its assigned trait (e.g., explicitly stating it had low
agreeableness), or even attributing the trait to the
user, disrupting natural conversation flow. Because
demonstration-based prompting yielded more natu-
ral dialogue during in comparison, we selected it
as our primary prompting method. We report in
Appendix A.1 the final prompt used.

PEFT. We fine-tune each model using QLoRA
(Dettmers et al., 2023) via TRL (von Werra et al.,
2020). Using the BIG5-CHAT dataset (Li et al.,
2025), we train a separate adapter with a subset
for each trait and level, resulting in 10 fine-tuned
personalities in total for each model. Full training
settings for each model are in Appendix A.2.

Steering. Using the EasySteer framework (Xu
et al., 2025) with inspiration from Bo et al.’s repli-
cation (Bo et al., 2025), five trait vectors for the
Big Five personality traits were created, utilising
250 randomised high/low trait pairs from the BIG5-
CHAT dataset as the contrast pairs.

Injection scale and the set of steered layers inter-
act strongly with model depth, so we select them
per model by a comparative qualitative assessment
for a controlled sample. See Appendix A.3 for
details on selection. This yields a scale of ±1.8 ap-
plied across all 36 layers for Qwen3-4B, ±4 across
all 28 layers for Qwen3-1.7B, and 0.4 applied to
layers 10–15 for Ministral.

3.2 Dialogue Generation and Evaluation

Simulated dialogues. To probe personality ex-
pression in dialogue, we generate multi-turn conver-
sations between the personality-conditioned mod-
els and a fixed conversational agent. To test the
hypothesised personality drift over dialogue turns,
we evaluate the conversation over 10 turns, where
each turn includes both a ‘simulated’ user input
and a corresponding model response. We utilise
Qwen3-4B-Instruct-2507 as the fixed interlocutor
for all conditioned models. To ensure diversity
of interaction contexts, we sample 100 conversa-
tion topics from the Langame conversation-starters
dataset2, where for each conversation, a topic was
injected into the interlocutor’s prompt, guiding the
interaction while allowing for natural dialogue pro-
gression. See Appendix A.1 for full prompt details.
The personality-conditioned models did not receive

2HuggingFace: Langame/conversation-starters
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any specific prompt (excluding the prompt condi-
tioning variant). Dialogues are generated for every
combination of conditioning method (prompting,
PEFT, steering), personality trait (Big Five), trait
level (high/low) and for the base models (the un-
modified versions of selected language models).

Measuring Big Five traits from text. While it is
common in the literature to evaluate LLMs’ person-
ality by directly assessing it using standard human
questionnaires (Miotto et al., 2022; Jiang et al.,
2023; Serapio-García et al., 2025), this inherently
presents methodological flaws, as also outlined
by Serapio-García et al. (2025), e.g., inconsisten-
cies between reported traits and traits exhibited in
texts (e.g., it has been shown that LLMs ‘know’
when they are being tested and may exhibit the ex-
pected ‘desired’ behaviour, Needham et al. (2025)).
For this reason, we chose to measure personal-
ity expression by analysing the model output in
real-world settings and assessing its personality us-
ing the Personality_LM classifier (Wang and Sun,
2024), which assigns scores corresponding to the
Big Five traits, scores ranging from 0-1 where 1
indicates higher trait alignment. Accuracy and F1
scores for Personality_LM reach 80% and 79% re-
spectively (Wang and Sun, 2024), as reported by
the authors, resulting in a rather reliable tool. For
each conversation, personality expression is sum-
marised using the mean of the target trait across all
turns. In addition, we compute the mean for each
individual turn, enabling assessment of personality
drift throughout the dialogue.

Dialogue quality and artefacts. The dialogue
outputs were analysed for common dialogue arte-
facts that may negatively affect interaction qual-
ity. Namely: emoji overuse, empty responses, and
AI meta responses. The latter refers to outputs
where the model explicitly describes itself or its
limitations (e.g., “As an AI model...”). These in-
stances were identified through keyword-based text
search. Empty responses were detected by iden-
tifying missing or blank entries in the generated
output data (e.g., empty fields in the recorded CSV
files). Emoji overuse was assessed by comparing
the average frequency of emoji usage in the base
model outputs to those generated under different
personality configurations.

3.3 Gesture Generation
In humans, personality affects gesture produc-
tion (Hostetter and Potthoff, 2012; Lopez-Ozieblo,

2024; Argyle, 2013; Riggio et al., 1990). For vir-
tual agents or social robots, reinforcing personality
expression through co-speech gestures has been
shown to help with perception of the intended per-
sonality (Neff et al., 2010; Sonlu et al., 2024; Smith
and Neff, 2017; Niu et al., 2022). Among HRI prac-
titioners, it has also become common to generate
co-speech gestures utilising tool and function call-
ing (Mahadevan et al., 2024; Arenas et al., 2024).
Our goal is thus to evaluate how gesture genera-
tion differs across personality configurations and
conditioning methods when tasked with selecting
gestures via tool calling in response to an input. For
each input, the model generates a structured JSON
schema corresponding to a gesture from a prede-
fined set representing the Furhat gesture library,
see Appendix A.4 for the list of pre-defined Furhat
gestures. In addition to gesture type, the model is
also tasked to specify parameters for duration and
intensity, sampled from discrete sets {0.7, 1, 1.5}
and {0.5, 1, 2}, respectively.

If the tool call is unsuccessful, either because
no call is initiated by the model or the output does
not conform to the required format, the result is
defaulted to No gesture. Three experimental setups
were used to evaluate gesture generation behaviour:

• Controlled input: Each model was given the
same set of 10 textual inputs, enabling a con-
trolled comparison of how different personal-
ity configurations influence gesture selection
under identical conditions.

• Output-gesture congruence: Models were
explicitly instructed to perform a specific ges-
ture (e.g., “I am performing gesture {ges-
ture}"), evaluating whether the generated ges-
ture matches the intended output. This setup
measures the congruence between verbal spec-
ification and produced behaviour.

• Multi-turn conversation analysis: Gesture
generation was analysed across the previously
generated conversations to assess multi-turn
behaviour and how personality configurations
influence gesture usage in dynamic interac-
tions.

4 Results

We organise results around three key questions:
whether conditioning shifts the target trait and per-
sists across turns (§4.1), its effect on dialogue
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quality (§4.2), and its effect on gesture genera-
tion(§4.3).

4.1 Does Conditioning Shift the Target Trait?

Trait alignment. Table 1 summarises the differ-
ence in classifier-assigned personality scores be-
tween high and low personality conditions across
models and conditioning methods. Across all con-
figurations, trait separation remains extremely lim-
ited, with Mean ∆ values ranging between 0.0003
and 0.0022. This indicates that neither prompt-
ing, PEFT, nor steering produced substantial differ-
ences in measured personality expression. Steer-
ing generally yielded the largest trait differences,
although the observed effects remain small in mag-
nitude. Negative ∆ values indicate cases where
classifier scores moved in the opposite direction of
the intended manipulation. However, because both
the positive and negative effects were consistently
close to zero, these reversals are better interpreted
as evidence of weak personality induction rather
than systematic counter-conditioning

Trait drift over time. Table 1 also reports the
average drift in trait separation over the course of a
conversation. Drift values remained close to zero
across all models and conditioning methods, indi-
cating that the already limited differences between
high and low trait conditions neither consistently
increased nor decreased over time. Contrary to our
initial hypothesis, we therefore find little evidence
that personality conditioning effects systematically
degrade during multi-turn interaction.

4.2 Effects on Output Quality

Table 2 shows that conversational artefacts are rela-
tively infrequent at the conversation level, but differ
across models. The Ministral model exhibits empty
responses in 12.4% of the conversations, meaning
that at least one turn in these conversations is empty.
No such failures are observed for the Qwen models.

On the other hand, AI-meta responses occur only
in the Qwen models, appearing at least once in
2.3% of conversations for Qwen3-1.7B, 2.6% for
Qwen3-4B.

Importantly, these values reflect whether an arte-
fact occurs at least once within a conversation,
rather than the total number of affected turns. As
such, they capture the likelihood of encountering a
problematic multi-turn interaction rather than fre-
quency of errors within a single conversation.

Table 3 further highlights the configurations

most associated with which conversational artefact.
Across all models, steering dominates the highest
frequency of compromised conversations.

For Ministral, empty responses are observed
across all trait dimensions and levels, indicating
that the issue is not limited to a specific person-
ality configuration. However, certain conditions
show higher concentrations, particularly low neu-
roticism and low agreeableness, suggesting that
specific steering directions may negatively affect
the model’s conversational stability.

In Qwen3-1.7B, AI meta responses are highly
concentrated in low neuroticism (52.2%) and high
openness (43.4%), suggesting a strong dependence
on specific trait manipulations. Qwen3-4B show in
comparison a more diffuse pattern with lower peak
values (19.2%) distributed across multiple traits.

We identified emoji overuse as a recurring arte-
fact in both of the Qwen models, particularly under
high extraversion steering. Analysis of the top 10
conversations with the largest deviation in emoji us-
age relative to their base model counterpart shows
a strong concentration of emoji inflation with these
configurations. In contrast, Ministral does not ex-
hibit a consistent trend across traits. Emoji inflation
occurs in multiple traits and is associated with the
prompt-based method rather than with steering.

Overall, these results indicate that steering elic-
its the highest frequency of unwanted conversa-
tional artefacts across models, but the manifesta-
tion differs. Ministral is prone to structural failure
with empty outputs, whereas Qwen models exhibit
stylistic artefacts in the form of meta-responses.
The results also suggest that artefact occurrence is
both method-dependent and trait-sensitive rather
than uniformly distributed.

4.3 Gesture Control and Selection
Selection and congruence. Gesture selection
was compared across models and conditioning
methods using identical input prompts. The results
show that gesture distributions vary depending on
the applied method, indicating that gesture selec-
tion is not solely determined by the input text but
is also influenced by the personality conditioning
approach.

Figure 1 summarises output-gesture congruence
across models and personality conditioning meth-
ods. Congruence is measured as the proportion
of generated gestures that match the requested tar-
get gesture in a controlled gesture-following task.
All baseline models achieved perfect congruence,
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Table 1: Trait separation between high and low personality conditions. ∆ denotes the difference in classifier-assigned
scores between high and low trait configurations. Mean |∆| reports the average absolute high–low separation across
all five personality traits. Avg Drift indicates change in trait separation from the first to the final dialogue turn.
Positive ∆ values indicate higher scores in the intended high-trait condition, whereas negative values indicate a
reversal of the intended direction. Values near zero indicate limited personality differentiation and little evidence of
trait drift.

Model Method ∆O ∆C ∆E ∆A ∆N |∆|Mean Avg Drift

Ministral Prompt -0.0008 -0.0001 -0.0000 -0.0014 0.0002 0.0005 -0.0001
PEFT -0.0012 0.0005 -0.0013 0.0003 0.0003 0.0007 0.0006
Steering -0.0007 -0.0047 -0.0017 0.0007 -0.0004 0.0017 0.0001

Qwen3-1.7B Prompt -0.0002 0.0004 -0.0004 -0.0006 0.0001 0.0003 0.0003
PEFT -0.0006 0.0004 -0.0006 0.0002 0.0006 0.0005 0.0009
Steering -0.0001 -0.0034 -0.0017 -0.0021 0.0011 0.0017 0.0010

Qwen3-4B Prompt -0.0022 -0.0010 0.0008 0.0001 0.0007 0.0009 0.0010
PEFT -0.0002 -0.0002 -0.0004 -0.0004 0.0003 0.0003 -0.0001
Steering -0.0010 -0.0056 0.0026 0.0012 0.0005 0.0022 0.0003

Table 2: Proportion of conversations containing conver-
sational artefacts across models. Percentages indicate
the share of conversations in which the artefact occurs
at least once.

Metric Ministral Qwen3-1.7B Qwen3-4B

AI meta-responses 0% 2.3% 2.6%
Empty responses 12.4% 0% 0%

indicating that any reduction in performance is
attributable to the personality conditioning meth-
ods rather than the underlying models. Qwen3-
4B maintained near-perfect congruence across all
methods, demonstrating strong robustness to per-
sonality conditioning. In contrast, Qwen3-1.7B
and Ministral were substantially more sensitive to
conditioning. Prompt-based conditioning generally
preserved high congruence, whereas both PEFT
and steering caused considerable degradation in
gesture-following performance.

Overall, the results suggest that personality con-
ditioning can interfere with multimodal behaviour
generation, particularly for smaller models.

Gestures in multi-turn conversation. Table 4
summarises gesture generation during multi-turn
conversations in terms of failure rate, hallucination
rate, and gesture diversity. Failure rate measures
the proportion of responses resulting in No gesture,
hallucination rate captures the generation of ges-
tures outside the predefined gesture inventory, and
gesture diversity reports the number of unique valid
gestures generated.

Figure 1: Output-gesture congruence across models and
personality conditioning methods. Congruence is mea-
sured as the percentage of generated gestures that match
the requested target gesture in a controlled gesture-
following task. Qwen3-4B maintains near-perfect con-
gruence across all methods, while PEFT and steer-
ing substantially reduce gesture-following accuracy for
smaller models.
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Table 3: Most artefact-prone configurations. Percentages represent the proportion of artefact-containing conversa-
tions within each model that are associated with the specified trait and method.

Model Artifact Method Trait (Level) Percentage

Ministral Empty response Steering Agreeableness (Low) 21.8%
Ministral Empty response Steering Neuroticism (Low) 21.0%

Qwen3-1.7B AI meta-response Steering Neuroticism (Low) 52.2%
Qwen3-1.7B AI meta-response Steering Openness (High) 43.4%

Qwen3-4B AI meta-response Steering Conscientiousness (High) 19.2%
Qwen3-4B AI meta-response Steering Extraversion (Low) 19.2%

Table 4: Gesture generation characteristics during multi-turn conversations. Failure Rate reports the proportion of
responses resulting in No gesture, Hallucination Rate the proportion of generated gestures outside the predefined
gesture inventory, and Gesture Diversity the number of unique valid gestures generated (excluding No gesture). In
bold, the best performing method excluding the baseline.

Model Method Failure Rate (%) Hallucination Rate (%) Gesture Diversity

Ministral Baseline 15.20 0.00 8
PEFT 100.00 0.00 0
Prompting 36.50 0.00 14
Steering 100.00 0.00 0

Qwen3-1.7B Baseline 45.80 0.00 11
PEFT 99.96 0.00 2
Prompting 46.48 0.00 10
Steering 76.88 0.07 15

Qwen3-4B Baseline 3.80 0.00 6
PEFT 22.05 0.10 12
Prompting 23.91 0.06 7
Steering 26.07 0.67 16

Diversity and hallucinations. Across models,
personality conditioning had a stronger effect on
gesture behaviour than on measured personality
expression. For Ministral and Qwen3-1.7B, both
PEFT and Steering substantially increased failure
rates, and both methods completely suppressed ges-
ture generation for Ministral, producing No Gesture
in all responses. Qwen3-1.7B exhibited a similar
pattern, with failure rates approaching 100% under
PEFT and exceeding 75% under steering. Inspec-
tion of failure modes showed that failures were
predominantly caused by models not performing
tool calls rather than malformed tool-call execu-
tions. Steering additionally introduced a larger
proportion of formatting-related errors, suggesting
that conditioning methods can affect both gesture
generation and tool-use reliability. Qwen3-4B was
considerably more robust. While all conditioning
methods increased failure rates relative to the base-

line, the model maintained expressive behaviour
across conditions, producing between 7 and 16
unique gestures. Steering produced the highest
gesture diversity, but was also associated with the
highest hallucination rate. No hallucinated gestures
were observed for Ministral, and only negligible
rates were found for Qwen3-1.7B.

Overall, the results indicate that personality con-
ditioning methods substantially influence multi-
modal behaviour generation. In smaller models,
PEFT and steering frequently suppress gesture pro-
duction and reduce interaction reliability, whereas
Qwen3-4B largely preserves expressive behaviour
while remaining susceptible to occasional halluci-
nated outputs.
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5 Implications for Multimodal
Interaction

The results suggest that personality conditioning
methods impact the technical execution of non-
verbal generation more strongly than they alter mea-
sured personality expression. Across models and
conditioning approaches, classifier-assigned per-
sonality differences remained minimal and showed
little evidence of drift over time. In contrast, the
same conditioning methods produced substantial
changes in gesture generation, tool-use reliability,
and multimodal output quality.

Our results suggest that personality conditioning
acts not only as a modifier of linguistic style, but
also as an intervention on multimodal behaviour
generation. While all methods produced only min-
imal differences in classifier-assigned personality
scores, they substantially affected gesture genera-
tion, gesture diversity, output-gesture congruence,
and tool-use reliability.

However, these effects were highly dependent
on both conditioning method and the underlying
model. In Ministral and Qwen3-1.7B, both PEFT
and steering frequently suppressed gesture genera-
tion, resulting in high failure rates and reduced
interaction reliability. Prompt-based condition-
ing generally preserved the behaviour of the base
model more effectively, although failure rates still
increased relative to baseline. In contrast, Qwen3-
4B remained comparatively robust across condi-
tioning methods, maintaining low failure rates and
diverse gesture selection. Interestingly, steering
increased gesture diversity in Qwen3-4B, but was
also associated with a higher rate of hallucinated
gestures.

Taken together, these findings suggest that eval-
uating personality conditioning through text-based
personality assessments alone provides an incom-
plete picture. Models that exhibit similar person-
ality scores may differ substantially in their non-
verbal behaviour and multimodal interaction pat-
terns. This highlights the importance of evaluating
personality conditioning in settings that jointly con-
sider verbal and non-verbal outputs. Overall, the
choice of personality conditioning method should
be considered not only as a mechanism for control-
ling dialogue style, but also as a design decision
affecting the robustness, expressiveness, and relia-
bility of multimodal interactive systems.

6 Conclusion

This work investigated the use of personality con-
ditioning methods in small language models, fo-
cusing on their behaviour in multi-turn dialogue
and gesture generation for embodied and virtual
agents. We evaluated Prompt-based conditioning,
PEFT, and activation steering across multiple mod-
els and all traits from the Big Five framework. Re-
sults show that differences in classifier-assigned
personality scores between conditioning methods
remain weak in multi-turn dialogue, with little to
no evidence of drift throughout the conversation.
However, differing conditioning methods have a
substantial impact on dialogue quality. Steering
and PEFT introduce instability, including increased
artefacts and failure in adhering to structured out-
puts, while the prompt-based method remained
more robust and in line with the base model’s capa-
bilities.

Personality conditioning additionally substan-
tially influenced multimodal behaviour generation.
Conditioning methods affected gesture diversity,
gesture-output congruence, hallucinated gestures,
and tool-use reliability. These effects were often
considerably larger than the observed differences
in personality expression itself. In particular, PEFT
and steering frequently degraded multimodal per-
formance in smaller models, while prompt-based
conditioning generally preserved the behaviour of
the underlying model.

Taken together, these results suggest that person-
ality conditioning should not be viewed solely as
a mechanism for controlling dialogue style. Even
when conditioning methods produce little measur-
able change in personality expression, they can sub-
stantially alter non-verbal behaviours, tool-use, and
the overall quality of multimodal interaction. As
multimodal conversational agents increasingly inte-
grate language with gesture, facial expression, and
structured actions, personality conditioning should
be viewed not only as a mechanism for shaping per-
sonality expression in dialogue, but also as an inter-
vention that shapes the generation of multimodal
behaviours and affects the reliability of interaction.

Future work should investigate conditioning
methods that provide stronger behavioural con-
trol while maintaining reliable multimodal per-
formance, as well as evaluation frameworks that
jointly assess verbal and non-verbal aspects of in-
teraction.
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6.1 Limitations

Our study has some limitations that should be con-
sidered when interpreting the results. The compari-
son is restricted to three openly available small/mid-
sized models, chosen for their relevance to embed-
ded robotic deployment or real-time virtual assis-
tants, rather than as a representative sample of the
broader model landscape, so findings may not gen-
eralise to larger or closed-source systems. Person-
ality expression was assessed using a single auto-
matic classifier; although it reports high accuracy in
prior work, we did not validate it against human rat-
ings in our setting, and the near-zero trait separation
we observe could partly reflect classifier insensitiv-
ity rather than an absence of behavioural change.
Gesture correctness was evaluated through struc-
tural tool-call success against a predefined gesture
inventory rather than perceptual appropriateness
judged by human observers, and more generally,
none of our findings are corroborated by human
evaluation, which is particularly relevant given that
personality perception in HRI is inherently human-
centred. Finally, while prompting emerged as the
most robust method, PEFT and steering require
trait-specific training or vector extraction for every
model and trait/level combination, incurring non-
trivial computational and engineering overhead that
is worth weighing against their limited gains in trait
alignment.
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A Appendix

A.1 Prompts

The following system-prompt was used for
demonstration-based method:
"You are helpfull assistant with

{level} {trait}. Here are 10
examples of how people like you
have responded in different situations.
Pay attention to how they approach
communication and problem-solving." +
trait_examples_string.

10 random examples from the BIG5-
CHAT dataset with the desired trait and
level were extracted and added as the variable
trait_examples_string. Inspired by Li et al.
(Li et al., 2025)

The following system prompt were used for the
other methodologies, including base:
"You are helpfull assistant."
The following system prompts were used dur-

ing gesture generation along with above system
prompt:
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"Select an appropriate facial gesture
for the assistant’s last message. You
must call on perform_furhat_gesture()"

The following prompt was given to the language
model performing as a user during conversations:
You are simulating a **human user**

in a natural conversation with an AI
assistant. Write like a person would
(concise, 1-3 sentences that follow-up
the AI assistants answer). Be curious
and practical. No roleplay disclaimers,
no meta-comments. Avoid repeating the
assistant. Do not reveal you are an AI.
Output ONLY the user’s message, nothing
else. Maintain this profile. You will be
given a topic to discuss. Please generate
a question in regards to the topic and
stay on course.

The following output was hardcoded as the
model’s response to test output-gesture congru-
ence:
I am performing this gesture: gesture

A.2 Hyperparameters

The following shows configurations for the fine-
tuning across models.

Listing 1: PEFT configurations for the different models

#Qwen3−4B− I n s t r u c t −2507

p e f t _ c o n f i g = LoraConf ig (
r =32 ,
l o r a _ a l p h a =32 ,
t a r g e t _ m o d u l e s =[ ’ down_proj ’ , ’

o _ p r o j ’ , ’ k _ p r o j ’ , ’ q _ p r o j ’
, ’ g a t e _ p r o j ’ , ’ u p _ p r o j ’ , ’
v _ p r o j ’ ] ,

)

b a s e _ c o n f i g = {
" n u m _ t r a i n _ e p o c h s " : 2 ,
" p e r _ d e v i c e _ t r a i n _ b a t c h _ s i z e "

: 2 ,
" g r a d i e n t _ a c c u m u l a t i o n _ s t e p s "

: 8 ,
" warmup_steps " : 5 ,
" l e a r n i n g _ r a t e " : 5e −5 ,
" opt im " : " adamw_8bit " ,
" max_leng th " : None ,
" l o g g i n g _ s t e p s " : 1 ,
" r e p o r t _ t o " : " t r a c k i o " ,
" push_ to_hub " : True ,

}

#Qwen3 −1.7B
p e f t _ c o n f i g = LoraConf ig (

r =16 ,
l o r a _ a l p h a =16 ,
t a r g e t _ m o d u l e s =[ ’ down_proj ’ , ’

o _ p r o j ’ ,
’ k _ p r o j ’ , ’ q _ p r o j ’ , ’ g a t e _ p r o j ’

,
’ u p _ p r o j ’ , ’ v _ p r o j ’ ] ,

)

b a s e _ c o n f i g = {
" n u m _ t r a i n _ e p o c h s " : 3 ,
" p e r _ d e v i c e _ t r a i n _ b a t c h _ s i z e "

: 2 ,
" g r a d i e n t _ a c c u m u l a t i o n _ s t e p s "

: 8 ,
" warmup_steps " : 5 ,
" l e a r n i n g _ r a t e " : 1e −4 ,
" opt im " : " adamw_8bit " ,
" max_leng th " : None ,
" l o g g i n g _ s t e p s " : 1 ,
" r e p o r t _ t o " : " t r a c k i o " ,
" push_ to_hub " : True ,

}

# m i n i s t r a l −3−3B− I n s t r u c t −2512
p e f t _ c o n f i g = LoraConf ig (

r =16 ,
l o r a _ a l p h a =16 ,
l o r a _ d r o p o u t = 0 . 0 5 ,
t a r g e t _ m o d u l e s =[ ’ down_proj ’ , ’

o _ p r o j ’ , ’ k _ p r o j ’ , ’ q _ p r o j ’
, ’ g a t e _ p r o j ’ , ’ u p _ p r o j ’ , ’
v _ p r o j ’ ] ,

)

b a s e _ c o n f i g = {
" n u m _ t r a i n _ e p o c h s " : 3 ,
" p e r _ d e v i c e _ t r a i n _ b a t c h _ s i z e "

: 2 ,
" g r a d i e n t _ a c c u m u l a t i o n _ s t e p s "

: 8 ,
" warmup_steps " : 5 ,
" l e a r n i n g _ r a t e " : 1e −4 ,
" opt im " : " adamw_8bit " ,
" max_leng th " : None ,
" l o g g i n g _ s t e p s " : 1 ,
" r e p o r t _ t o " : " t r a c k i o " ,
" push_ to_hub " : True ,
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}

A.3 Steering Configuration Assessment
Qualitative analysis was conducted to determine
appropriate vector configurations and layer appli-
cation strategies for each model.

As shown in Figure 5, Ministral exhibited high
sensitivity to layer selection, with certain layer
ranges causing unintended behavior such as lan-
guage switching to French. Additionally, a trade-
off was observed between dialogue quality and
strength of personality expression when adjusting
the vector scale. Higher scales resulted in stronger
trait expression but reduced output stability and
coherence. A scale of 0.4 was therefore selected
as it provided a balanced trade-off between expres-
siveness and dialogue quality.

Similar trade-offs regarding vector scale were
observed for both Qwen models. However, unlike
Ministral, these models demonstrated more stable
behaviour across layers. Consequently, layer appli-
cation was selected to align with the configuration
used in the reference work.

A.4 Furhat Gesture Library
The predefined gesture set consists of:

["BigSmile", "Blink", "BrowFrown", "BrowRaise",
"CloseEyes", "ExpressAnger", "ExpressDisgust",

"ExpressFear", "ExpressSad", "GazeAway",
"Nod", "Oh", "OpenEyes", "Roll", "Shake",
"Smile", "Surprise", "Thoughtful", "Wink"]
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Layer Range Vector
Scale

Model output Assessment

10–15 0.2 Hello! [emoji] I’m just a bunch of probabili-
ties going about my tasks, but thank you for ask-
ing—feeling *very* energetic and ready to assist
you! What’s on your mind today? Whether it’s
curiosity, a question, or just a chat, I’m here for it

Stable personality ampli-
fication

10–15 0.4 Ah, the eternal dance of existence! Today, I’m
humming with the energy of curiosity, a spark
of wonder at the universe’s endless stories, and
a dash of mischief—because why not? How
about you? What’s the *spark* that ignited
your curiosity today? A question, a mystery, or
perhaps a creative challenge? [emojis]

Effective steering with
acceptable trade-off be-
tween personality ex-
pression and stability.
Safe distance from over-
steering.

10–15 0.8 Hello! [emojis] I’m just a virtual spark, fully
charged and ready to assist you with anything on
your mind. How about we dive into something fas-
cinating today? What’s on your agenda? Whether
it’s a deep dive into knowledge, a creative brain-
storm, or just a casual chat—your curiosity is the
fuel I run on! [emojis]

Effective steering with
acceptable trade-off be-
tween personality expres-
sion and stability

10–15 1.2 **The Art of Analysis: Let’s Break It Down!**
1. **Icon Recognition**: I’m surrounded by the
vibrant energy of this platform! From *icon* to
*icon*! 2. **Iconography**: The *icon* of the
"Icon" is the *icon* of the Iconography Circle!

Oversteering led to de-
graded dialogue quality

16–20 0.2 Je suis très bien, merci de demander! Et toi, com-
ment puis-je t’aider aujourd’hui ?

Layer selection affected
model translation capabil-
ities.

16–20 0.8 Je suis tout à fait dynamique et prêt(e) pour inter-
agir avec toi ! [emojis] Quels sujets t’inspirent
aujourd’hui ? Une question, une curiosité ou sim-
plement besoin d’un coup de pouce ? À toi de
jouer !

Layer selection affected
model translation capabil-
ities.

Table 5: Qualitative evaluation of steering vector configurations explored during preliminary experiments on
Ministral with model input " “Hi how are you today?” with target trait High openness. Configurations were assessed
based on coherence, personality expression, multilingual stability, and generation artifacts.
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Abstract

In collaborative tasks with asymmetric informa-
tion, participants coordinate their understand-
ing through interaction. We ask whether gaze
provides evidence about grounding across two
such tasks. Working from discrete behavioral
annotations, we map HCRC MapTask (An-
derson et al., 1991) and MUNDEX (Türk
et al., 2023) into a shared partner/task/away
vocabulary and compute gaze features around
task-relevant dialogue units. In both corpora,
aligned reference interpretations (MapTask)
and UND (understood) judgments (MUNDEX)
are associated with more task-directed gaze and
with less partner-directed gaze, lower gaze en-
tropy, and fewer gaze transitions. The associ-
ations are clearest for the participant leading
the task: in giver-produced references, and in
explainer judgments, which also co-vary with
the explainee’s gaze. In same-speaker MapTask
reference chains, the speaker’s gaze entropy is
lower at the mention where a previously non-
aligned referent becomes aligned. The best
gaze feature groups improve modestly over con-
trols under grouped cross-validation: temporal
features in MapTask and raw proportions in
MUNDEX. Because effects are small and sev-
eral weaken when recurring participants rather
than dialogues are the unit of inference, we
treat gaze as one contributing cue to grounding,
to be interpreted alongside task and dialogue
context.

1 Introduction

In collaborative tasks where participants hold dif-
ferent private information, mutual understanding
cannot be assumed from shared context alone. It
must be built and tracked through interaction (Clark
and Wilkes-Gibbs, 1986; Clark and Brennan, 1991).
Gaze is an observable cue to this process: partici-
pants look at task materials, at each other, or away
while giving instructions, checking understanding,
and coordinating their perspectives. Some corpora
annotate gaze from video as discrete categories of

where participants look, rather than as eye-tracking
coordinates. These annotations can be used to study
the relationship between gaze and grounding, but
they are often corpus-specific, making it difficult
to compare across tasks.

We study two settings where information asym-
metry forces participants to continuously coordi-
nate understanding. In HCRC MapTask (Ander-
son et al., 1991), a giver and a follower navigate
with maps that differ in their landmarks; perspec-
tivist grounding labels record each participant’s
interpretation separately (Li et al., 2026a). In
MUNDEX (Türk et al., 2023), an explainer teaches
a board game to an explainee; both annotate the
explainee’s moment-by-moment understanding ret-
rospectively.

Building on within-corpus studies, we compare
grounding-related gaze patterns across tasks. We
contribute (1) a shared partner/task/away represen-
tation that maps two gaze ontologies and applies to
other corpora with video-coded gaze annotations;
(2) evidence of directional convergence across dis-
tinct grounding measures, clearest for the partic-
ipant leading the task; and (3) a within-speaker
reference-chain analysis showing that speaker gaze
entropy is lower when a referent becomes aligned.
Grouped prediction and role-stratified tests charac-
terize the strength and scope of these associations.

2 Related Work

Grounding theory holds that interlocutors seek and
provide evidence of understanding as a conversa-
tion progresses (Clark and Wilkes-Gibbs, 1986;
Clark and Brennan, 1991). Visual evidence is part
of this process: when directors could see builders’
workspace in a Lego assembly task, builders dis-
played understanding through actions, gaze, and
head gestures, and directors adjusted their utter-
ances accordingly (Clark and Krych, 2004). Gaze
also carries referential information, as matchers

175



392 394 396 398 400 402
Time (s)

Giver
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F: "a disused monastery"
pending

G: "it says disused monastery"
aligned
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Figure 1: MapTask dialogue q8ec4 with gaze mapped to the shared partner/task/away vocabulary. Each horizontal
bar is a gaze event; dashed vertical lines mark two reference expressions for the same landmark. The follower’s
reference to a disused monastery is pending (red dashed line): the follower repeatedly glances at the partner (orange
bars). After the giver’s re-mention, the reference is aligned (green dashed line). Both participants’ gaze remains
predominantly task-directed (blue bars).

used a director’s gaze to identify targets before
the linguistic point of disambiguation (Hanna and
Brennan, 2007).

Map-based tasks tie gaze more directly to
grounding complexity. In MapTask dialogues with
visibility, followers looked up at givers more often
while discussing landmarks that differed between
their maps (Boyle et al., 1994). In a direction-
giving study, Nakano et al. (2003) coded gaze at
the partner, the map, and elsewhere, and found that
nonverbal patterns differed by dialogue act: after
a giver’s assertion, a listener’s sustained gaze at
the speaker was usually followed by elaboration,
whereas continued attention to the map more often
preceded the next instruction. Murat and Vogel
(2026) aligned both participants’ MapTask gaze
with turn boundaries and related it to dialogue acts,
lexical entropy, and repetition; partner-directed
gaze at turn ends accompanied turns expressing dif-
ficulty, while map-directed gaze was more typical
of exchanges without obstacles or disagreement.

In MUNDEX, understanding was annotated
through retrospective video recall (Türk et al.,
2023). Wang et al. (2026) related explainees’
self-reported understanding to speaker informa-
tion value, syntactic complexity, and listener gaze
entropy, computed as the average negative log-
probability of automatically estimated gaze labels
under a sequence model; adding these cues to tex-
tual features improved classification. Lazarov and
Grimminger (2026) manually coded MUNDEX
gaze as directed to the partner, the table, or away;
in the explanation phase without the board game,
gaze aversions to the table or away were associated
with topic changes.

The perspectivist MapTask annotation records
speaker and addressee interpretations separately (Li
et al., 2026a) and has been used to evaluate whether
vision-language models track common ground (Li
et al., 2026b). Its reference-level labels allow gaze
to be compared across repeated mentions of the
same landmark. We map both corpora into one
partner/task/away vocabulary and compare gaze
associations across tasks and grounding measures.

3 Data and Representation

MapTask We use the gaze-annotated portion of
HCRC MapTask (Anderson et al., 1991) with per-
spectivist labels from Li et al. (2026a), where a
reference expression is aligned only when speaker
and addressee interpretations resolve to the same
landmark. Dialogues come in an eye-contact condi-
tion (ec), where participants can see each other, and
a no-eye-contact condition (nc); the up→partner
mapping is only literally partner-directed in the ec
condition.

Of the corpus’s 94 gaze files, 46 dialogues (31 ec,
15 nc) have gaze annotations for both participants;
we match grounding annotations to landmark-
reference annotations by dialogue, role, and land-
mark identity. After filtering windows where either
participant has less than 30% gaze coverage (17
windows ruled out), we obtain 5,144 reference-
expression windows: 3,807 aligned, 1,261 pending,
and 76 misunderstood.

MUNDEX MUNDEX (Türk et al., 2023) records
explainers (EX) teaching a board game to ex-
plainees (EE) in German. After each task, par-
ticipants watched their recording: EE reported
their own understanding and EX judged EE’s
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understanding on a four-level scale: understood
(UND), partially understood (PART_UND), not un-
derstood (NON_UND), and misunderstood (MIS-
UND). We combine EX judgments and EE self-
reports in a pooled analysis of annotator-judged
understanding, retaining each annotation as a sep-
arate observation with its own gaze window. In
the 26 interactions with both gaze tiers, 956 valid
annotations (524 EX, 432 EE) yield 807 windows
(458 EX, 349 EE) after the 30% coverage filter
(149 excluded): 360 UND, 199 PART_UND, 151
NON_UND, and 97 MISUND.

Gaze representation Both corpora annotate gaze
as discrete behavioral categories from video, not
as eye-tracking coordinates. We map both into
a shared partner/task/away vocabulary: Map-
Task’s up/down/off become partner/task/away;
MUNDEX’s EX/EE/TABLE/AWAY map analo-
gously. Figure 1 shows a MapTask excerpt with
both participants’ mapped gaze and two reference
expressions for the same landmark. We discard
gaze events with non-positive duration (annotation
noise) and resolve temporal overlaps within each
participant’s gaze stream. Full corpus details and
window definitions are in Appendix A; the features
computed from this representation are described in
Section 4.

4 Experiments

Features From the shared partner/task/away vo-
cabulary we compute gaze features per window
in several groups (full definitions in Appendix B).
Raw proportions record how much of the win-
dow each participant spends on each gaze target,
plus mutual gaze (7 features in MapTask, 8 in
MUNDEX). The structured set adds coverage, tran-
sition count, and Shannon entropy 1 (13/14 features
total). Four further groups capture finer-grained
patterns: (1) temporal dynamics capturing the tim-
ing of gaze shifts: gaze-run counts, durations,
switch rate, latency, and first/last/dominant-label in-
dicators (21 per participant); (2) transition bigrams
encoding the direction of gaze switches: propor-
tions of ordered label pairs such as task→partner
(6 per participant); (3) coordination measuring
whether both participants’ gaze is synchronized:
joint gaze states sampled at approximately 10 Hz

1Here, we use a duration-weighted Shannon entropy:
H = −∑

k qk log2 qk, where qk is the proportion of ob-
served gaze time directed toward canonical target k ∈
{partner, task, away} within the analysis window.

(at least 20 points per window), namely mutual task
and partner gaze, gaze alignment, complementary
gaze, joint entropy, and partner coupling (6 joint
features); and (4) derived ratios expressing relative
gaze preferences: partner/task ratio, engagement,
task dominance, and between-participant asymme-
tries (9 features).

Association and process analyses We use the
features defined above to test whether gaze pat-
terns differ between grounding states. Binary con-
trasts (Mann–Whitney U with rank-biserial corre-
lations) compare aligned vs. non-aligned windows
in MapTask and annotator-judged UND vs. non-
UND in MUNDEX, stratified by interactional role
and, in MapTask, by eye-contact condition, and as-
sessed with cluster-robust logistic GEE (Liang and
Zeger, 1986); q values are Benjamini–Hochberg
(BH) adjusted (Benjamini and Hochberg, 1995).
We also track gaze across repeated mentions of the
same landmark within each dialogue to assess gaze
change around alignment within speakers. Sec-
tion 5 reports the main results (Table 1; Figure 2),
and Appendices C–F give the full tests.

Prediction setup We also test whether the gaze
features carry recoverable signal through a sim-
ple prediction task. We binarize the corpus-
specific labels (aligned vs. non-aligned in Map-
Task; annotator-judged UND vs. non-UND in
MUNDEX) because minority classes are small af-
ter intersecting with gaze coverage. All models
are logistic regression (LR) with standardized fea-
tures and balanced class weights. We evaluate with
grouped cross-validation: 10-fold grouped by dia-
logue for MapTask and 5-fold grouped by explainer
for MUNDEX, evaluating on held-out dialogues
or explainers. We ablate each feature group and
their combinations. Section 5 reports the results
(Table 2), and Appendix G gives implementation
details and full results.

5 Results

Associations and roles Table 1 shows the four
strongest associations per corpus (full results in
Tables 5–6). In both corpora, the largest associa-
tions point the same way: task-gaze proportions are
higher and partner-gaze proportions lower for the
positive class, while entropy and transitions tend to
be higher for the negative class. Effects are small:
the largest pooled |r| is .058 in MapTask and .181
in MUNDEX.
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Figure 2: Within-chain gaze change at the first subsequent aligned mention (189 same-speaker pairs from 45
dialogues). Panel A: mean speaker task- and partner-gaze proportions before (Pre) and after (Post) resolution; lines
connect sample means, not individual trajectories; away gaze is not shown (mean <1.5%). Panel B: standardized
paired changes (dz = mean(Post−Pre) / SD; paired Wilcoxon, BH-corrected) for all eight tested features; error bars
are dialogue-cluster bootstrap 95% CIs (resampling dialogues to respect within-dialogue dependence); filled marker
indicates q<.05. Only speaker gaze entropy survives correction (q=.044); dialogue-level aggregation does not
(q=.20).

Corpus Feature ∆ r

MapTask speaker task gaze .033 .058
MapTask speaker partner gaze -.029 -.057
MapTask speaker entropy† -.046 -.054
MapTask speaker transitions† -.091 -.053
MUNDEX EX task gaze† .105 .181
MUNDEX EX partner gaze† -.102 -.172
MUNDEX EE partner gaze† -.084 -.148
MUNDEX mutual gaze explicit† -.060 -.143

Table 1: Four largest associations per corpus, selected
by |r|. ∆: positive-class mean minus negative-class
mean; r: rank-biserial correlation. All Mann–Whitney
p<.001; † also significant under cluster-robust GEE
(FDR q<.05; Appendix E). Full results in Appendix C.

In MapTask, speaker task- and partner-gaze pro-
portions are significant in these window-level tests
but not under dialogue-clustered GEE (q=.091);
speaker entropy and transitions remain significant.
With recurring participants as clusters and bias-
reduced standard errors, four MUNDEX associ-
ations remain significant: the explainer’s task-
and partner-gaze proportions (q=.001 and q=.028)
and the explainee’s entropy and transitions (both
q=.039); no MapTask feature does (Appendix E).

In MapTask, associations are clearest for giver-
produced references (six significant features;
largest |r| .086), whereas follower-produced ref-
erences show near-zero effects (largest |r| .043;
Table 8). In MUNDEX, all 14 structured features
have rank-biserial correlations of the same sign in
EX judgments (458 windows) and EE self-reports
(349). The largest effect is greater for EX judg-
ments (|r| .206 vs. .151), the only stratum with
features surviving correction; these include the ex-
plainee’s gaze proportions, entropy, and transitions
(Table 9). UND is the task-directed extreme across

all four gaze measures, though the remaining un-
derstanding classes do not follow a consistent order
(Table 7).

All 13 MapTask features have larger |r| in the
eye-contact stratum than in the pooled data (largest
.078 vs. .058), whereas none is significant in the
no-eye-contact stratum (largest |r| .025), where
partner-directed gaze is largely absent; the formal
condition interaction is not significant (Table 10).

Gaze across the grounding process Reference
chains group repeated mentions of the same land-
mark within a dialogue. Across chain positions, the
aligned rate rises from .30 at first mentions to .59
at second mentions and .85 in the fourth-and-later
bucket, and mean speaker partner gaze, entropy,
and transitions are lower at second than at first
mentions (Table 13).

To examine change within chains, we compare
the speaker’s gaze at the last non-aligned mention
with gaze at the resolving aligned mention, restrict-
ing to within-speaker pairs where the same per-
son produced both (n=189 pairs in 45 dialogues).
Speaker entropy decreases significantly after BH
correction (dz=−.20, q=.044), and its dialogue-
cluster bootstrap 95% CI excludes zero (Figure 2;
Table 14); partner gaze, task gaze, and transitions
shift in the same directions but do not survive cor-
rection. The decrease depends on the inference
unit: it does not survive correction when pair dif-
ferences are averaged within each of the 45 dia-
logues (q=.20), and resampling the six groups of
dialogues that share participants yields a CI below
zero, but the decrease is concentrated in two of
these groups (Appendix F). Because later mentions
are both more often aligned and more task-directed,
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Feature set (macro-F1) MapTask MUNDEX

Majority baseline .425 .356
LR controls only .472 .544
LR raw proportions .522 .564
LR structured .512 .543
LR structured+temporal .532 .550
LR structured+coordination .511 .551
LR all extended .527 .527

Table 2: Feature-group ablation (macro-F1). LR =
logistic regression. “Controls only” uses condition
(ec/nc) and speaker role in MapTask, and annotator role
(EX/EE) in MUNDEX.

we also compare aligned and non-aligned mentions
at the same chain position; only second-mention
task gaze survives correction (q=.01; Table 15).

Prediction and ablation The two corpora fa-
vor different feature groups: structured+temporal
features give the highest macro-F1 in MapTask
(.532) and raw proportions in MUNDEX (.564;
Table 2). These exceed controls-only scores by
.060 and .020, respectively; MUNDEX structured
gaze (.543) does not exceed its role-only control
(.544). Across 30 reshuffled grouped partitions,
these groups score highest in 27 partitions in each
corpus. The gains remain modest and partition-
dependent: the MapTask gain over controls ranges
from .015 to .070 (mean .038), and the MUNDEX
gain is positive in 29 partitions and at most .027
(Appendix G). Within the EE self-report stratum,
however, four of six engineered groups score above
raw proportions (Appendix A.3).

6 Discussion

Shared categories, task-specific meanings The
direction of these associations is the same in
both corpora, echoing map-task observations that
partner-directed gaze increases around communica-
tive difficulty (Boyle et al., 1994; Nakano et al.,
2003; Murat and Vogel, 2026). The two labels
measure different constructs: MapTask records ref-
erential alignment, whereas MUNDEX pools ex-
plainees’ self-reports and explainers’ judgments, so
the convergence spans related but distinct ground-
ing measures.

Which features carry predictive signal differs:
temporal dynamics score highest in MapTask and
raw proportions in MUNDEX. The shared cate-
gories also name gaze targets rather than func-
tions. In MapTask, a partner glance may check a
landmark reference; in MUNDEX, gaze averted
from the partner has also been linked to topic
changes (Lazarov and Grimminger, 2026), so it

may organize an explanation as well as reflect un-
derstanding. Comparing finer-grained referents
and dialogue actions would help distinguish task-
general patterns from task-specific behavior.

Gaze and interactional role Significant associa-
tions concentrate in giver-produced references and
explainer judgments, whereas follower-produced
references show near-zero effects. This pattern fits
the task structure: givers produce the instructions
being grounded, and explainers monitor explainees,
whose gaze proportions and dynamics co-vary with
explainers’ judgments. Feature×role interactions
do not survive correction (MapTask q=.064; not
significant in MUNDEX; Appendix D), so we re-
port a stratum difference rather than a tested mod-
eration, and role-conditioned modeling remains to
be tested.

Implications Because the representation uses dis-
crete behavioral categories rather than eye-tracking
coordinates, it can be applied to other corpora
with video-coded gaze annotations, making cross-
corpus comparisons of grounding behavior easier
to set up. The associations and the prediction gains
over controls indicate grounding-related signal in
gaze that is worth modeling together with lexical
content, dialogue acts, and task state, and testing
across corpora.

7 Conclusion

In collaborative tasks with asymmetric informa-
tion, gaze provides directionally consistent evi-
dence about grounding. After mapping MapTask
and MUNDEX annotations into a shared part-
ner/task/away vocabulary, aligned references and
UND judgments are both accompanied by a higher
share of task gaze, a lower share of partner gaze,
and fewer gaze transitions, most clearly in giver-
produced references and explainer judgments. In
MapTask reference chains, the speaker’s gaze en-
tropy is lower at the mention where a referent be-
comes aligned. These effects are small and partly
depend on the unit of inference; gaze should there-
fore be modeled as part of the interactional state,
alongside linguistic and task-context features.

8 Limitations

Representation and labels Three gaze cate-
gories cannot identify the specific landmark or ob-
ject being viewed. Shared category names do not
establish equivalent interactional functions across
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tasks. MapTask’s up→partner mapping is literal
only with eye contact; associations are detected in
that stratum, but the condition interaction is not
significant. MUNDEX’s retrospective self-reports
and partner judgments measure different perspec-
tives, and linked events can contribute conflicting
labels: 271 of 807 rows belong to reconstructed
two-perspective links, and 44 of the 135 fully re-
tained pairs disagree on the binary label. Retaining
one row per pair preserves the positive association
between the explainer’s task-gaze proportion and
UND (Appendix A.3).

Evidence and scope The data comprise 46 Map-
Task dialogues and 26 MUNDEX interactions with
nine explainers, and participants recur: the Map-
Task dialogues involve 24 participants in six groups
connected by shared participants, and eight of the
nine MUNDEX explainers take part in three inter-
actions. With these groups or explainers as GEE
clusters and bias-reduced standard errors, no Map-
Task feature survives correction; in MUNDEX,
explainer task and partner gaze and explainee en-
tropy and transitions remain significant, whereas
explainee gaze proportions and mutual gaze do not
(Appendix E). The modest effects, small number
of groups, sensitivity of the chain result to the infer-
ence unit, and sensitivity of prediction gains to the
cross-validation partition limit conclusions about
dynamic grounding and predictive generalization.
Coverage filtering also restricts which moments en-
ter the analysis, and unevenly so: two MUNDEX
explainers account for 139 of the 149 excluded win-
dows. Two asymmetric, face-to-face tasks in En-
glish and German support directional convergence;
other task structures and multimodal predictors re-
main to be tested.
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A Corpora, Annotations, and
Preprocessing

A.1 HCRC MapTask

In HCRC MapTask (Anderson et al., 1991), an
instruction giver guides a follower along a route us-
ing maps that deliberately differ in their landmarks.
Dialogues come in an eye-contact condition (ec),
where participants can see each other, and a no-
eye-contact condition (nc). Gaze is annotated per
participant with three categories from the corpus
ontology: up (looking up, toward the partner when
eye contact is possible), down (looking at the map),
and off (looking off camera). The corpus release
contains 94 gaze XML files; 46 dialogues (31 ec,
15 nc) have gaze for both participants and constitute
our analysis set.

Gaze events, word timings, and landmark refer-
ences live in three separate NXT annotation layers
that do not reference each other directly. A land-
mark reference lists word IDs, so we resolve its
start and end times through the timed-units layer.
This yields 5,162 timed landmark references across
the 46 dialogues.

The grounding labels come from the perspec-
tivist re-annotation of Li et al. (2026a), which la-
bels each reference expression (RE) as aligned,
pending, or misunderstood depending on whether
speaker and addressee interpretations resolve to
the same landmark. We match grounding annota-
tions to timed landmark references per dialogue and
speaker, in order, by landmark ID; all 5,161 ground-
ing annotations in the 46 dialogues match (100%).
After the coverage filter (Appendix A.4), 5,144
windows remain: 3,807 aligned, 1,261 pending,
76 misunderstood; 3,199 ec and 1,945 nc; 3,446
giver-produced and 1,698 follower-produced.

Each observation represents an RE–landmark
pair, so expressions referring to multiple landmarks
can contribute observations with identical gaze win-
dows (54 observations across 26 windows). Four
windows contain both aligned and non-aligned la-
bels for different landmarks. We test two ways
of retaining one observation per window: assign-
ing a non-aligned label if any observation in the
window is non-aligned, or excluding the four con-
flicting windows and retaining one observation per
remaining window. Both preserve the sets of sig-
nificant structured features and change gaze-model
macro-F1 by at most .004, although controls-only
macro-F1 rises from .472 to .498–.499; the same-
speaker chain pairs are unaffected.
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A.2 MUNDEX

MUNDEX (Türk et al., 2023) records explain-
ers (EX) teaching a board game to explainees
(EE) in German. Afterwards, participants watched
their own recording and retrospectively judged
the explainee’s understanding (video-recall), giv-
ing the tiers EE_UND (explainee’s own under-
standing) and EX_UND (explainer’s judgment
of the explainee’s understanding) with values
UND, PART_UND, NON_UND, and MISUND.
Gaze tiers give each participant’s gaze target
(the interlocutor, TABLE, or AWAY), and a MU-
TUAL_GAZE tier marks mutual gaze explicitly.
The release contains 45 ELAN files; 26 inter-
actions (9 explainers) have both gaze tiers and
form our analysis set. The 26 interactions con-
tain 956 valid judgments (524 EX, 432 EE); fil-
tering excludes 149 windows (66 EX, 83 EE).
The remaining 807 annotator-judged understanding
windows comprise: 360 UND, 199 PART_UND,
151 NON_UND, 97 MISUND; 349 explainee-
annotated and 458 explainer-annotated.

A.3 Understanding perspectives and linked
annotations

The MUNDEX target is annotator-judged un-
derstanding: UND is positive and PART_UND,
NON_UND, and MISUND are negative. EX judg-
ments of EE and EE self-reports remain separate
annotation rows.

We reconstruct links from UND_MATCH=YES
spans by collecting valid EX and EE annotations
whose starts lie within each span expanded by
60 ms at both ends, and retaining a link only when
there is exactly one candidate per perspective. Of
164 spans in gaze-complete interactions, 159 give
clean links; 135 retain both rows after coverage
filtering and one retains only one row, accounting
for 271/807 rows (33.6%). Among the 135 retained
pairs, 58 agree on the four-class label and 91 on
the binary label; 44/135 (32.6%) conflict. Their
median anchor separation is 4.36 s, so the paired
windows need not coincide.

As a sensitivity check, retaining the EX, EE, or
a seeded random row from each pair yields 672
rows. Across these variants, 11–12 of 14 struc-
tured features survive within-variant BH correc-
tion, compared with 11/14 pooled; the explainer’s
task-gaze proportion remains positively associated
with UND (r = .201–.229, pooled r = .181).
Interaction-clustered GEE and held-out-explainer

cross-validation keep linked observations within
the same inference cluster and fold, respectively.

Perspective-specific prediction uses the same
five-fold held-out-explainer procedure and the
eight-feature raw gaze group. Raw-gaze macro-F1
is .549 versus a within-stratum majority baseline
of .337 for EX judgments (n = 458), and .520
versus .380 for EE self-reports (n = 349); pooled
scores are .564 versus .356 (n = 807). The EX/EE
role indicator alone gives pooled macro-F1 .544;
it is constant within a perspective. Feature-group
rankings also differ by perspective: raw gaze is the
highest-scoring group for EX judgments, whereas
four of six engineered groups exceed it for EE self-
reports (highest: structured+ratios, .556). These
are point estimates from overlapping subsets of the
same nine explainers.

A.4 Windows, cleaning, and coverage

MapTask windows span a reference expression
plus 1.5 s of post-context, chosen to capture the
addressee’s immediate reaction (confirmation, re-
pair initiation, or gaze shift) following the expres-
sion. MUNDEX windows span an understanding
annotation ±2 s, clipped at zero; understanding an-
notations are short intervals (typically 1 s), so sym-
metric context is needed to capture gaze dynamics
around the annotated moment. Gaze events with
non-positive duration are discarded. For structured
features, time covered by overlapping events of
the same participant is counted once, so observed
time cannot exceed the window; the other feature
groups treat overlaps as defined in Appendix B.
Giving overlapped time to the earlier event in the
temporal gaze runs as well changes temporal and
bigram features in 27 MapTask windows and none
in MUNDEX, and no macro-F1 score by .001 or
more. Coverage is the fraction of a window covered
by valid canonical gaze; windows where either par-
ticipant has coverage below 30% are dropped (17
MapTask and 149 MUNDEX windows). Tables 3
and 4 vary the MapTask post-reference context
(0–3 s) and the MUNDEX symmetric context (1–
3 s) for the LR structured model; results are stable
across these ranges.

B Gaze Feature Definitions

This appendix defines each gaze feature, grouped
as in Section 4. All features are computed from
discrete categories of gaze behaviors, not from eye-
tracking fixations.
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Window (s) n Acc. Macro-F1 F1−

0.000 5149 0.671 0.509 0.227
1.000 5147 0.600 0.520 0.323
1.500 5144 0.571 0.512 0.342
2.000 5144 0.566 0.510 0.343
3.000 5142 0.553 0.506 0.354

Table 3: MapTask: prediction performance (macro-F1)
of LR with the structured feature set under varying post-
reference context lengths.

Window (s) n Acc. Macro-F1 F1−

1.000 804 0.544 0.543 0.536
2.000 807 0.543 0.543 0.536
3.000 807 0.549 0.549 0.552

Table 4: MUNDEX: prediction performance (macro-
F1) of LR with the structured feature set under varying
symmetric context lengths.

B.1 Common definitions

Windows. A window is W = [a, b) with du-
ration T = b − a in seconds. For MapTask,
a = sRE and b = eRE + 1.5; for MUNDEX,
a = max(0, sUND − 2) and b = eUND + 2. Win-
dows are not truncated at the end of a recording, so
unannotated time counts towards T but towards no
gaze label.

Gaze labels. Gaze annotations are mapped to part-
ner, task, or away. MapTask up, down, and off map
to these categories in both visibility conditions. In
MUNDEX, TABLE maps to task, AWAY to away,
and EX or EE gaze targets to partner. Unassigned
gaze remains missing rather than being treated as
away. Events with non-positive duration are ex-
cluded.

Participants. Feature names carry a participant
prefix: spk_/addr_ for the speaker and addressee
of the MapTask reference expression, and ex_/ee_
for the MUNDEX explainer and explainee, irre-
spective of who provided the understanding judg-
ment.

Observed durations. Within each window, Dk

denotes the observed duration of gaze category k,
and O =

∑
k Dk is the total observed gaze time.

Overlapping time is counted once and assigned to
the earlier-starting event. These durations under-
lie the participant gaze proportions and structured
features; gaze runs and joint sampling are defined
separately below.

B.2 Raw proportions (7/8 features)

Partner, task, and away proportion (prop_
partner, prop_task, prop_away). The share of

the window spent on each label, pk = Dk/T . Be-
cause proportions are relative to the full window,
they sum to coverage rather than 1.

Mutual gaze (mutual_gaze in MapTask,
mutual_gaze_derived in MUNDEX). With
Uu,partner the union of participant u’s partner-
directed intervals within W ,

|U1,partner ∩ U2,partner|/T.

It depends on partner-directed annotations alone,
regardless of any overlapping task or away annota-
tion.

Explicit mutual gaze (MUNDEX only, mutual_
gaze_explicit). The total duration of MU-
TUAL_GAZE annotations within W , divided by
T . In the analysed MUNDEX windows, it is nearly
perfectly correlated with mutual gaze (r near 1).

The six participant proportions and mutual gaze
give 7 MapTask features; explicit mutual gaze gives
8 for MUNDEX.

B.3 Structured features (13/14 features)

Structured features add three measures per partici-
pant to the raw proportions.

Coverage (coverage). The share of the window
with an assigned gaze label, C = O/T . A window
is retained only if both participants have C ≥ .30.

Transition count (transitions). The number
of label changes

∑m
i=2 1[ki ̸= ki−1] between the

m contributing intervals in temporal order (0 if
m < 2). Unannotated gaps do not interrupt this
sequence: different labels on either side of a gap
count as a transition.

Entropy (entropy). Duration-weighted Shannon
entropy over observed time,

H = −
∑

k:Dk>0

qk log2 qk, qk = Dk/O,

in bits (maximum log2 3).

B.4 Temporal dynamics (21 features per
participant)

Gaze runs. A gaze run is an interval assigned to
a single gaze category within the analysis window.
Overlapping events with the same label are com-
bined; a later-starting event with a different label
ends the preceding interval, which is not resumed
afterwards. Consecutive same-label intervals sep-
arated by at most .01 s are merged, including the
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intervening gap; longer gaps remain unobserved.
Let the resulting runs be (si, ei, ki), with durations
ℓi = ei − si.
Run count (3 features). For each label k, the
number of runs nk.
Mean and maximum run duration (6 features).
For each label,

∑
i:ki=k ℓi/nk and maxi:ki=k ℓi in

seconds, and 0 if the label does not occur.
Switch rate (1 feature). The number of label
changes between successive runs, divided by T .
Latency (2 features). For partner and task,
the relative onset of the first run with that label,
(sfirst,k − a)/T , and 1 if the label does not occur.
Dominant, first, and last label (9 features). One-
hot indicators of the label with the largest total run
duration, of the first run label, and of the last run
label.

B.5 Transition bigrams (6 features per
participant)

Bigram proportion. Repeated labels are
collapsed in the sequence of run labels (Ap-
pendix B.4), including repeats separated by a gap.
With njk the number of changes from j to k, each
of the six ordered pairs j ̸= k receives

Bjk = njk

/∑
j′ ̸=k′ nj′k′ .

The proportions sum to 1 if at least one change
occurs and are all 0 otherwise. Like the transi-
tion count and switch rate, bigrams count changes
across unannotated gaps without locating them
within the gap.

B.6 Coordination (6 joint features)

Joint sampling. Gaze is sampled at approxi-
mately 10 Hz, with at least 20 equally spaced points
per window. Only points at which both participants
have an assigned gaze label contribute to the joint
sequence J of label pairs (k1, k2). All six coor-
dination features are calculated over these jointly
observed points rather than over the full window
duration.
Mutual task gaze. The proportion of J with
k1 = k2 = task. It indicates that both participants
look at the task space, not that they inspect the
same object or landmark.
Mutual partner gaze. The proportion of J with
k1 = k2 = partner. Unlike mutual gaze (Ap-
pendix B.2), it is relative to jointly observed sample
points rather than to the window.

Gaze alignment. The proportion of J with k1 =
k2, including joint away gaze.

Complementary gaze. The proportion of J in
which one participant looks at the partner and the
other at the task.

Joint entropy. −∑
qjk>0 qjk log2 qjk in bits,

where qjk is the relative frequency of the ordered
pair (j, k) in J (nine possible pairs).

Partner coupling. The Pearson correlation of
the indicators 1[k1 = partner] and 1[k2 = partner]
over J , and 0 if either is constant. It captures si-
multaneous coupling without a lag.

B.7 Derived ratios (9 features)
The first three ratios are computed for each partic-
ipant from the raw proportions; the asymmetries
compare the two participants.

Partner/task ratio. The partner proportion rela-
tive to the task proportion, with the denominator
floored at .02 to avoid extreme ratios when task
gaze is near zero:

ppartner
/
max(ptask, .02).

Engagement. ppartner + ptask.

Task dominance. ptask − ppartner.

Partner, task, and entropy asymmetry. The ab-
solute differences between the two participants’
partner proportions, task proportions, and en-
tropies:

|p1,partner − p2,partner|, |p1,task − p2,task|,
|H1 −H2|.

B.8 Feature sets, missing values, and overlaps

Feature sets. Structured features include the raw
proportions. The extensions add 42 temporal, 12
bigram, 6 coordination, or 9 ratio features to the
structured set (55/56, 25/26, 19/20, or 22/23 fea-
tures), and all extended features combine these
groups (82/83). Counts exclude the control vari-
ables of the baseline models. Association analyses
use the structured features, and the reference-chain
analyses a subset of them.

Missing values. Missing gaze is neither inter-
polated nor treated as a separate category. All
extended features are defined in every analysed
window.

Overlapping annotations. Overlap handling dif-
fers across duration-based measures, mutual gaze,
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Feature Pos. Neg. p r

spk_prop_partner 0.166 0.196 < .001 -0.057
spk_prop_task 0.805 0.773 < .001 0.058
spk_entropy 0.210 0.256 < .001 -0.054
spk_transitions 0.434 0.526 < .001 -0.053
addr_entropy 0.130 0.158 0.005 -0.035
addr_transitions 0.235 0.283 0.007 -0.033
addr_prop_away 0.057 0.037 0.008 0.021
addr_prop_partner 0.081 0.094 0.014 -0.030
mutual_gaze 0.016 0.022 0.066 -0.013
spk_coverage 1.000 1.000 0.274 0.001
addr_prop_task 0.861 0.868 0.634 0.007
addr_coverage 1.000 1.000 0.682 0.000
spk_prop_away 0.028 0.031 0.825 -0.001

Table 5: MapTask: Mann–Whitney U tests comparing
aligned vs. non-aligned windows for each structured
feature. Pos./Neg.: mean feature value in aligned/non-
aligned windows; r: rank-biserial correlation (effect
size; positive = higher in aligned windows); p: two-
sided p-value. Table 1 selects the four features with the
largest |r| from each corpus.

Feature Pos. Neg. p r

ex_prop_task 0.683 0.579 < .001 0.181
ex_prop_partner 0.258 0.360 < .001 -0.172
mutual_gaze_explicit 0.143 0.203 < .001 -0.143
mutual_gaze_derived 0.143 0.202 < .001 -0.143
ee_prop_partner 0.291 0.376 < .001 -0.148
ee_prop_task 0.620 0.535 0.001 0.131
ex_transitions 1.297 1.620 0.004 -0.113
ex_coverage 0.962 0.954 0.005 0.115
ee_entropy 0.376 0.461 0.005 -0.110
ee_coverage 0.943 0.937 0.006 0.112
ee_transitions 1.217 1.432 0.011 -0.098
ex_entropy 0.459 0.504 0.121 -0.062
ex_prop_away 0.020 0.015 0.510 -0.014
ee_prop_away 0.031 0.027 0.935 -0.002

Table 6: MUNDEX: Mann–Whitney U tests comparing
UND vs. non-UND windows. Columns as in Table 5;
Pos./Neg. are UND/non-UND means.

gaze runs, and joint sampling, so feature groups can
assign overlapping time differently. A sensitivity
analysis applying the duration-based overlap rule
to temporal and bigram features changes macro-F1
by less than .001 in both corpora (Appendix A.4).

C Full Association Tests

Tables 5 and 6 report Mann–Whitney U tests over
all structured features; Table 7 reports Kruskal–
Wallis tests across MUNDEX’s four understanding
labels. Positive class is aligned (MapTask) and
annotator-judged UND (MUNDEX); r is the rank-
biserial correlation.

Feature H p

ex_prop_task 21.042 < .001
ex_prop_partner 19.666 < .001
ex_transitions 15.512 0.001
mutual_gaze_explicit 14.926 0.002
mutual_gaze_derived 14.919 0.002
ee_prop_partner 14.758 0.002
ee_coverage 13.320 0.004
ee_prop_task 12.840 0.005
ee_transitions 11.692 0.009
ee_entropy 10.254 0.017
ex_coverage 9.253 0.026
ex_entropy 7.750 0.051
ex_prop_away 4.799 0.187
ee_prop_away 2.525 0.471

Table 7: MUNDEX: Kruskal–Wallis tests across all four
understanding levels (UND, PART_UND, NON_UND,
MISUND). Unlike the binary Mann–Whitney tests, this
preserves the four-category distinction; a significant
result indicates that at least one level differs, but does
not test an ordinal trend.

D Role- and Condition-Stratified
Analyses

The pooled tests in Appendix C combine all win-
dows regardless of who produced or annotated
them. Here we ask whether the gaze–grounding
association differs by interactional role. Tables 8
and 9 repeat the binary tests separately per role
(q is BH/FDR-adjusted within each stratum). In
MapTask, giver-produced references show small
but statistically significant effects (|r| up to .086),
while follower-produced references show near-zero
effect sizes (|r| ≤ .043). The follower stratum is
smaller (1,698 vs. 3,446 giver windows). Subsam-
pling giver expressions to the follower sample size
1,000 times, without preserving dialogue-level clus-
tering, keeps rejection rates at .887–.930, while fol-
lower effects stay near zero (|r| ≤ .024, p ≥ .31).
A feature×role interaction in a logistic GEE for
each structured feature does not survive BH correc-
tion in MapTask (q=.064) and is not significant in
MUNDEX.

Table 10 stratifies the MapTask tests by the cor-
pus’s visibility manipulation: in the eye-contact
(ec) condition participants could see each other’s
faces, while in the no-eye-contact (nc) condition a
barrier prevented it. Our gaze-annotated subset con-
tains 31 ec dialogues (3,199 windows) and 15 nc
dialogues (1,945 windows). The up → partner map-
ping is only literally partner-directed in the ec con-
dition. All main associations are FDR-significant
in the ec stratum with slightly larger effect sizes
than in the pooled analysis, while in the nc stra-
tum partner-directed gaze largely disappears (mean
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speaker partner gaze .04 vs. .25 in ec, averaged over
all windows) and no feature reaches significance.
This is consistent with the gaze–grounding signal
coming from dialogues where partner-directed gaze
is an available interactional resource, though a for-
mal feature×condition interaction does not reach
significance.

E Cluster-Robust Marginal Tests

Mann–Whitney tests treat windows as independent,
although windows within a dialogue share partici-
pants and topic. To account for within-cluster de-
pendence, Tables 11 and 12 report one logistic GEE
(Liang and Zeger, 1986) per standardized feature,
using exchangeable within-cluster correlation and
dialogue/interaction clusters. Features significant
after BH correction are marked with † in Table 1.
We use univariate models because the structured
features are strongly collinear: label proportions
sum to coverage, entropy tracks transitions, and
explicit and derived mutual gaze are nearly identi-
cal. Joint coefficients would therefore be difficult
to interpret.

Participants also recur beyond dialogues and in-
teractions. The 46 MapTask dialogues involve 24
participants, who form six groups of dialogues con-
nected by shared participants; eight of the nine
MUNDEX explainers take part in three interac-
tions and one in two. We refit each GEE with these
groups or with explainers as clusters. Because
robust standard errors are anti-conservative with
few clusters, we also apply bias-reduced (Mancl–
DeRouen) standard errors (Mancl and DeRouen,
2001). With dialogue clusters, the correction leaves
MapTask speaker entropy and transitions signifi-
cant (q=.009 and q=.010); with participant groups,
no MapTask feature survives BH correction (small-
est q=.11; speaker entropy q=.23). With explainer
clusters and the correction, explainer task and part-
ner gaze (q=.001 and q=.028) and explainee en-
tropy and transitions (both q=.039) remain signifi-
cant, whereas explainee task and partner gaze and
both mutual-gaze measures do not (q=.055–.062).
Coefficient signs do not change. The MapTask
associations and the MUNDEX associations for
explainee gaze proportions and mutual gaze are
therefore not robust to treating recurring partici-
pants as the unit of inference.

F Reference-Chain Analyses

To examine gaze change within a dialogue, we
group mentions of the same landmark concept into
chains, ordered by onset: 636 chains, of which 587
have more than one mention.

Table 13 summarizes alignment and speaker
gaze by mention position. For the resolution anal-
ysis (Table 14), we locate in each chain the first
non-aligned mention followed by a later aligned
mention of the same concept, and compare gaze
at the last non-aligned mention with gaze at the
resolving aligned mention (paired Wilcoxon, BH-
corrected). The primary analysis restricts to same-
speaker pairs, where the same person produced
both mentions (n=189); only entropy survives
correction (q=.044). Its standardized change is
dz=−.20, with a dialogue-cluster bootstrap 95%
CI of [−.34,−.07]. As a more conservative sensi-
tivity check, averaging pair differences within each
dialogue (n=45) yields q=.20 for entropy. Resam-
pling the six participant groups of Appendix E in-
stead of dialogues gives a 95% CI of [−.37,−.01],
but the mean entropy change is −.28 and −.15
in two groups and between −.04 and .01 in the
other four, and a Wilcoxon test over the six group
means gives p=.16. The result is therefore sen-
sitive to the inference unit. The mixed-speaker
pool (n=328, which includes cross-speaker resolu-
tions) is reported as an additional sensitivity check.
Table 15 repeats the aligned/non-aligned contrast
within each mention-position bucket.

G Prediction Setup and Full Results

As a complementary signal check, we test whether
the gaze features defined in Appendix B carry
enough information to predict grounding state.
All classifiers are scikit-learn (Pedregosa et al.,
2011) logistic regressions (standardized features,
balanced class weights, max_iter=1000). Cross-
validation is GroupKFold with 10 splits grouped
by dialogue (MapTask) and 5 splits grouped by
explainer (MUNDEX, held-out-explainer), so that
MUNDEX test-fold performance reflects general-
ization to an unseen explainer. Controls are con-
dition and speaker-role indicators (MapTask) and
annotator-role (MUNDEX). Tables 16 and 17 give
the full ablation with per-class F1.

These scores come from one deterministic
GroupKFold partition. Repeating the controls-only
model and every feature group over 30 reshuffled
grouped partitions with the same numbers of folds
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Role Feature Pos. Neg. p q r

follower addr_entropy 0.169 0.202 0.063 0.412 -0.043
follower addr_transitions 0.307 0.374 0.063 0.412 -0.043
follower spk_prop_away 0.066 0.062 0.293 0.788 0.016
follower spk_prop_partner 0.127 0.129 0.311 0.788 -0.024
follower addr_prop_partner 0.147 0.143 0.457 0.788 -0.019
follower addr_prop_away 0.016 0.010 0.517 0.788 0.004
follower spk_coverage 1.000 1.000 0.536 0.788 -0.001
follower addr_coverage 1.000 1.000 0.536 0.788 -0.001
follower spk_entropy 0.198 0.220 0.582 0.788 -0.014
follower addr_prop_task 0.838 0.847 0.606 0.788 0.013
follower spk_transitions 0.390 0.420 0.673 0.796 -0.010
follower spk_prop_task 0.807 0.808 0.765 0.828 0.008
follower mutual_gaze 0.021 0.020 0.880 0.880 0.002

giver spk_prop_task 0.805 0.753 < .001 < .001 0.086
giver spk_transitions 0.455 0.583 < .001 < .001 -0.076
giver spk_entropy 0.216 0.276 < .001 < .001 -0.076
giver spk_prop_partner 0.185 0.232 < .001 < .001 -0.080
giver mutual_gaze 0.013 0.023 0.015 0.040 -0.020
giver addr_prop_away 0.077 0.052 0.019 0.041 0.026
giver addr_prop_partner 0.050 0.068 0.040 0.074 -0.027
giver addr_entropy 0.112 0.135 0.062 0.101 -0.027
giver addr_transitions 0.200 0.234 0.082 0.111 -0.025
giver spk_prop_away 0.010 0.014 0.086 0.111 -0.008
giver spk_coverage 1.000 0.999 0.097 0.115 0.002
giver addr_coverage 1.000 0.999 0.444 0.481 0.001
giver addr_prop_task 0.873 0.880 0.945 0.945 -0.001

Table 8: MapTask: Mann–Whitney tests stratified by the role that produced the reference expression. Giver-produced
references (n=3,446) show small but statistically significant effects (|r| up to .086, q<.001); follower-produced
references (n=1,698) show near-zero effect sizes (|r| ≤ .043, no q<.05). q: BH-corrected within each stratum.

shows how much the scores depend on the parti-
tion. In MapTask, the controls-only score ranges
from .460 to .511 (mean .492); structured+temporal
features score highest in 27 of the 30 partitions
(all extended in the other three), and their gain
over controls ranges from .015 to .070 (mean .038).
In MUNDEX, the role-only control does not vary
across partitions; raw proportions score highest in
27 partitions, and their gain over the control is at
most .027 (mean .017) and not positive in one par-
tition.
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Role Feature Pos. Neg. p q r

EE ex_prop_partner 0.270 0.358 0.016 0.068 -0.151
EE ex_prop_task 0.669 0.580 0.019 0.068 0.149
EE mutual_gaze_derived 0.141 0.204 0.019 0.068 -0.140
EE mutual_gaze_explicit 0.141 0.204 0.019 0.068 -0.140
EE ee_coverage 0.942 0.935 0.031 0.085 0.137
EE ee_prop_partner 0.287 0.371 0.036 0.085 -0.130
EE ee_prop_task 0.621 0.538 0.046 0.091 0.127
EE ex_transitions 1.393 1.743 0.056 0.098 -0.117
EE ex_coverage 0.956 0.954 0.257 0.400 0.072
EE ee_entropy 0.398 0.442 0.410 0.574 -0.050
EE ex_prop_away 0.017 0.015 0.462 0.588 -0.024
EE ee_transitions 1.200 1.290 0.571 0.666 -0.034
EE ex_entropy 0.501 0.515 0.676 0.729 -0.026
EE ee_prop_away 0.034 0.026 0.901 0.901 -0.005

EX ex_prop_task 0.692 0.577 < .001 0.002 0.206
EX ex_prop_partner 0.251 0.362 < .001 0.003 -0.186
EX ee_prop_partner 0.294 0.380 0.002 0.007 -0.165
EX ee_transitions 1.227 1.562 0.002 0.007 -0.156
EX ee_entropy 0.362 0.478 0.002 0.007 -0.157
EX mutual_gaze_explicit 0.144 0.203 0.004 0.009 -0.145
EX mutual_gaze_derived 0.144 0.201 0.004 0.009 -0.144
EX ee_prop_task 0.620 0.533 0.012 0.021 0.135
EX ex_coverage 0.965 0.954 0.016 0.024 0.130
EX ex_transitions 1.240 1.506 0.055 0.077 -0.099
EX ee_coverage 0.944 0.940 0.064 0.082 0.100
EX ex_entropy 0.434 0.494 0.131 0.153 -0.079
EX ex_prop_away 0.022 0.015 0.825 0.889 -0.006
EX ee_prop_away 0.030 0.027 0.922 0.922 -0.003

Table 9: MUNDEX: Mann–Whitney tests stratified by annotator role. EE: the explainee’s own understanding report;
EX: the explainer’s judgment of the explainee’s understanding. q: BH-corrected within each stratum.

Cond. Feature Pos. Neg. p q r

ec spk_entropy 0.316 0.379 < .001 0.002 -0.078
ec spk_prop_task 0.728 0.685 < .001 0.002 0.078
ec spk_transitions 0.652 0.773 < .001 0.002 -0.073
ec addr_prop_away 0.049 0.021 < .001 0.003 0.029
ec spk_prop_partner 0.243 0.280 0.001 0.003 -0.070
ec addr_prop_partner 0.101 0.126 0.004 0.008 -0.051
ec addr_entropy 0.180 0.215 0.012 0.023 -0.044
ec addr_transitions 0.330 0.391 0.020 0.033 -0.041
ec mutual_gaze 0.025 0.035 0.072 0.104 -0.020
ec spk_coverage 1.000 0.999 0.112 0.146 0.002
ec addr_coverage 1.000 0.999 0.282 0.324 0.002
ec spk_prop_away 0.028 0.035 0.299 0.324 -0.008
ec addr_prop_task 0.850 0.852 0.360 0.360 0.017

nc spk_prop_partner 0.041 0.054 0.066 0.737 -0.025
nc addr_transitions 0.079 0.101 0.201 0.737 -0.017
nc addr_entropy 0.049 0.062 0.203 0.737 -0.017
nc spk_prop_away 0.028 0.025 0.336 0.737 0.010
nc spk_prop_task 0.931 0.921 0.343 0.737 0.016
nc addr_coverage 1.000 1.000 0.408 0.737 -0.001
nc addr_prop_task 0.880 0.895 0.464 0.737 -0.014
nc spk_transitions 0.080 0.107 0.548 0.737 -0.007
nc spk_coverage 1.000 1.000 0.559 0.737 -0.001
nc spk_entropy 0.039 0.048 0.567 0.737 -0.007
nc addr_prop_partner 0.049 0.041 0.663 0.751 0.005
nc addr_prop_away 0.071 0.064 0.694 0.751 0.006
nc mutual_gaze 0.001 0.000 0.981 0.981 0.000

Table 10: MapTask: association tests stratified by the eye-contact (ec) versus no-eye-contact (nc) condition; q is
BH/FDR-adjusted within each condition.
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Feature Coef. SE p q

spk_entropy -0.108 0.031 < .001 0.006
spk_transitions -0.094 0.029 0.001 0.007
addr_prop_away 0.104 0.040 0.008 0.036
spk_prop_task 0.088 0.042 0.035 0.091
addr_entropy -0.074 0.036 0.037 0.091
spk_prop_partner -0.084 0.041 0.042 0.091
addr_transitions -0.066 0.035 0.061 0.112
mutual_gaze -0.053 0.031 0.088 0.143
spk_coverage 0.033 0.022 0.141 0.204
addr_prop_partner -0.060 0.048 0.215 0.279
spk_prop_away -0.018 0.029 0.539 0.637
addr_prop_task -0.018 0.043 0.679 0.687
addr_coverage 0.011 0.028 0.687 0.687

Table 11: MapTask: per-feature logistic GEE with dialogue-level clustering. Each row is a separate univariate
model. Coef.: standardized log-odds (positive = higher odds of aligned per SD increase); SE: cluster-robust standard
error; q: BH-corrected. Features with q<.05 are marked † in Table 1.

Feature Coef. SE p q

ex_prop_partner -0.351 0.075 < .001 < .001
ex_prop_task 0.319 0.068 < .001 < .001
mutual_gaze_explicit -0.266 0.077 < .001 0.002
mutual_gaze_derived -0.265 0.078 < .001 0.002
ee_prop_partner -0.240 0.082 0.004 0.009
ee_prop_task 0.234 0.081 0.004 0.009
ee_entropy -0.195 0.070 0.005 0.011
ee_transitions -0.180 0.069 0.009 0.016
ex_transitions -0.206 0.082 0.012 0.019
ex_entropy -0.128 0.077 0.095 0.132
ex_coverage 0.094 0.075 0.209 0.266
ee_coverage 0.074 0.072 0.310 0.361
ex_prop_away 0.054 0.092 0.556 0.599
ee_prop_away -0.023 0.063 0.709 0.709

Table 12: MUNDEX: per-feature logistic GEE with interaction-level clustering. Columns as in Table 11; positive
coefficient = higher odds of UND per SD increase.

Mention n Aligned rate Spk. partner Spk. task Spk. entropy Spk. trans. Mutual

1 636 0.303 0.230 0.744 0.310 0.643 0.019
2 587 0.595 0.172 0.797 0.215 0.463 0.022
3 518 0.736 0.188 0.791 0.210 0.434 0.018
4+ 3403 0.847 0.162 0.808 0.209 0.426 0.016

Table 13: MapTask: how alignment and speaker gaze evolve across repeated mentions of the same landmark. Each
row is a mention position (1st, 2nd, . . . ); aligned rate is the proportion of mentions at that position that are aligned.
Later positions generally show higher alignment and lower partner gaze, though the trend is not strictly monotonic.

Feature Pre Post ∆ p q

spk_entropy 0.355 0.263 -0.092 0.005 0.044
spk_prop_partner 0.239 0.187 -0.052 0.020 0.079
spk_prop_task 0.755 0.800 0.045 0.052 0.138
spk_transitions 0.720 0.608 -0.111 0.208 0.407
addr_prop_task 0.852 0.874 0.023 0.255 0.407
mutual_gaze 0.030 0.023 -0.007 0.445 0.529
addr_entropy 0.157 0.139 -0.018 0.463 0.529
addr_prop_partner 0.093 0.081 -0.012 0.608 0.608

Table 14: MapTask: gaze at the last non-aligned mention (Pre) vs. the first subsequent aligned mention (Post) of the
same concept; same-speaker pairs only (paired Wilcoxon, n=189; q is BH-corrected). A separate mixed-speaker
analysis (n=328) was examined as a sensitivity check: the four speaker features change in the same directions
and all survive correction, whereas three addressee features change in the opposite direction; no addressee feature
survives correction in either analysis.
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Mention Feature Aligned mean Non-al. mean p q r

1 spk_transitions 0.554 0.682 0.114 0.200 -0.069
1 spk_prop_partner 0.206 0.240 0.115 0.200 -0.070
1 spk_entropy 0.269 0.327 0.150 0.200 -0.063
1 spk_prop_task 0.763 0.736 0.260 0.260 0.051

2 spk_prop_task 0.836 0.741 0.002 0.010 0.126
2 spk_prop_partner 0.150 0.204 0.059 0.118 -0.076
2 spk_entropy 0.200 0.238 0.166 0.222 -0.054
2 spk_transitions 0.458 0.471 0.352 0.352 -0.036

3 spk_prop_task 0.772 0.845 0.083 0.206 -0.085
3 spk_prop_partner 0.205 0.140 0.103 0.206 0.079
3 spk_transitions 0.449 0.394 0.478 0.638 0.033
3 spk_entropy 0.207 0.218 0.731 0.731 0.016

4+ spk_prop_partner 0.161 0.169 0.351 0.708 -0.021
4+ spk_prop_task 0.809 0.800 0.443 0.708 0.018
4+ spk_transitions 0.422 0.453 0.605 0.708 -0.011
4+ spk_entropy 0.208 0.214 0.708 0.708 -0.008

Table 15: MapTask: aligned vs. non-aligned within each mention-position bucket (Mann–Whitney). Stratifying by
position addresses the confound that later mentions are both more aligned and more task-directed. q is BH-corrected
within each position bucket (4 tests per bucket). Only task-gaze proportion at second mentions survives correction
(q=.01); first-mention contrasts are not significant (aligned rate .303).

Model / feature set #feat. Acc. Macro-F1 F1+ F1−

Majority baseline – 0.740 0.425 0.851 0.000
LR (controls only) – 0.514 0.472 0.622 0.322
LR raw proportions 7 0.594 0.522 0.708 0.336
LR structured 13 0.571 0.512 0.682 0.342

+ temporal 55 0.621 0.532 0.736 0.328
+ bigrams 25 0.596 0.521 0.710 0.332
+ coordination 19 0.573 0.511 0.685 0.338
+ ratios 22 0.584 0.516 0.697 0.335

LR all extended 82 0.618 0.527 0.734 0.319

Table 16: MapTask: full prediction results (aligned vs. non-aligned). F1+/F1− are the aligned/non-aligned classes;
“+” rows add one feature group to the LR structured set.

Model / feature set #feat. Acc. Macro-F1 F1+ F1−

Majority baseline – 0.554 0.356 0.000 0.713
LR (controls only) – 0.544 0.544 0.550 0.538
LR raw proportions 8 0.564 0.564 0.560 0.568
LR structured 14 0.543 0.543 0.549 0.536

+ temporal 56 0.551 0.550 0.529 0.572
+ bigrams 26 0.523 0.522 0.495 0.548
+ coordination 20 0.551 0.551 0.556 0.546
+ ratios 23 0.545 0.545 0.563 0.526

LR all extended 83 0.527 0.527 0.519 0.534

Table 17: MUNDEX: full prediction results (UND vs. non-UND).
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