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Abstract

In conversation, humans use multimodal cues,
such as speech, gestures, and gaze, to manage
turn-taking. While linguistic and acoustic fea-
tures are informative, gestures provide comple-
mentary cues for modeling these transitions. To
study this, we introduce DnD Gesture++, an ex-
tension of the multi-party DnD Gesture corpus
enriched with 2,663 semantic gesture annota-
tions spanning iconic, metaphoric, deictic, and
discourse types. Using this dataset, we model
turn-taking prediction through a MoE frame-
work integrating text, audio, and gestures. Ex-
periments show that incorporating semantically
guided gestures yields consistent performance
gains over baselines, demonstrating their com-
plementary role in multimodal turn-taking.

1 Introduction

Multi-party conversations are rich, dynamic inter-
actions in which participants coordinate through
both verbal and non-verbal channels. A fundamen-
tal mechanism that structures these interactions
is turn-taking, the implicit management of who
speaks next, when a speaker should continue, and
when they should yield the floor (Sacks et al., 1974).
Effective turn-taking relies on anticipating when a
speaker will finish and when another should begin,
a problem that becomes increasingly challenging
as the number of participants grows.

Existing computational models of turn-taking
have predominantly relied on verbal cues, such as
lexical content (Ekstedt and Skantze, 2020) and
prosody (Ekstedt and Skantze, 2022). However,
human communication extends far beyond speech.
Social interaction is inherently multimodal, with
non-verbal behavior such as gesture and gaze, play-
ing a crucial role in signaling intentions to hold or
yield turns (Duncan et al., 1979; Skantze, 2021).
Relying solely on text and audio therefore over-
looks important communicative signals. Among
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Speech Transcription:
is
“..high five.”

Iconic

P ke click clack..”

Metaphoric

“..actually that’s..”

“..before you..”

——= ; -
. Discourse
Can semantic gestures inform turn-taking prediction?

Figure 1: Gesture Type Annotations. Time-aligned la-
bels contain semantic gesture types, that are determined
by speech context. These labels can help learn gesture
representations which improve turn-taking prediction in
a multi-party conversation.

non-verbal behaviors, semantic gestures (iconic,
deictic, metaphoric, and discourse gestures) are
especially informative because they are shaped
by conversational meaning rather than prosodic
rhythms (McNeill, 1992). These gestures help
structure dialogue, convey contextual information,
and regulate the flow of interaction (Bavelas et al.,
1995; Holler et al., 2018). For this reason, we focus
on studying how semantic gestures contribute to
turn-taking dynamics in multi-party settings and
how incorporating them can improve predictive
models.

To investigate the role of semantic gestures in
turn-taking prediction, we build upon the DnD Ges-
ture dataset (Mughal et al., 2024), a multi-party
conversational corpus containing synchronized 3D
motion, audio, and transcripts from participants
in a tabletop game. We manually annotated the
six-hour corpus with gesture-type labels follow-
ing McNeill (1992). The resulting DnD Gesture++
corpus includes 2,663 gesture instances across six
hours (444 labels/hour), forming the most densely
annotated English dataset of its kind. For com-
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parison, BEAT (Liu et al., 2024), one of the few
large-scale datasets with semantic gesture-type an-
notations contains approximately 288 labels per
hour. The higher annotation density in DnD Ges-
ture++ provides richer coverage of gesture behavior
and more fine-grained supervision for downstream
multimodal modeling tasks. We further reformat
this data for turn-taking prediction task, labeling
12k turns as either hold or yield.

In this work, we model turn-taking using a
Mixture-of-Experts (MoE) framework that fuses
text, audio, and gesture modalities through a gat-
ing network. Gesture embeddings are semantically
enriched using our annotations to better align mo-
tion cues with linguistic and acoustic information.
Our experiments demonstrate consistent gains from
incorporating gestures, particularly when gesture
embeddings are semantically supervised. We fur-
ther analyze the latent space and modality weights
from the MoE framework to better understand
the contribution of semantic gesture representa-
tions. Beyond turn-taking, the dense annotations in
DnD Gesture++ provide a valuable resource for
tasks such as co-speech gesture generation, en-
abling more semantically grounded gesture synthe-
sis (Kucherenko et al., 2021; Mughal et al., 2025).

2 Related Work

2.1 Modeling Turn-Taking for Spoken Dialog

The coordination of speaking turns in human di-
alogue is inherently multimodal (Skantze, 2021).
Speakers use non-verbal signals such as prosody,
gaze, and hand gestures to project turn boundaries
and manage conversational flow (Duncan et al.,
1979; Kendrick et al., 2023). Gestures serve key
semantic functions: pragmatic or discourse-related
gestures often signal a yield, while representational
gestures like iconic forms indicate to hold the floor
(Bavelas et al., 1995; Holler et al., 2018). Moreover,
they serve as reliable cues for turn-taking and help
maintain conversational smoothness (Holler et al.,
2018; Ter Bekke et al., 2024; Kendrick et al., 2023;
Holler and Levinson, 2019; Hofstetter, 2021).
Early dialogue systems detected turn boundaries
using fixed silence thresholds, while recent data-
driven approaches use syntactic and pragmatic cues
from dialogue transcripts (Ekstedt and Skantze,
2020). Multimodal approaches further integrate
prosody (Ekstedt and Skantze, 2022), face features
(Russell and Harte, 2025; Lin et al., 2025; Kurata
et al., 2023) to enhance accuracy. However, the

effect of semantic gestures remains underexplored
in turn-taking models. Our work examines whether
semantic gesture types enhance turn-taking predic-
tion in language models.

2.2 Role of Semantic Gestures in Spoken
Dialog

Co-speech gestures are typically classified as rhyth-
mic (beat) gestures, aligned with prosody, or se-
mantic gestures, aligned with meaning (McNeill,
1992; Nyatsanga et al., 2023). Semantic gestures
play a key role in communication by enhancing
comprehension (Holler et al., 2018) and clarify-
ing speaker intent (Goldin-Meadow, 2014). They
also provide valuable signals for tasks like multi-
modal reference resolution (Ghaleb et al., 2025),
discourse marker disambiguation (Suresh et al.,
2025), and co-speech gesture synthesis (Mughal
et al., 2025; Kucherenko et al., 2021; Ram et al.,
2025).

Semantic gestures are often classified by Mc-
Neill’s taxonomy (McNeill, 1992), which reflects
their communicative intent. The main types include
iconic, metaphoric and deictic gestures. Discourse
gestures that structure dialogue, such as signaling
topic shifts, are also considered semantic (Bavelas
et al., 1995). Refer to Sec. 3.1 for details. Datasets
like SAGA (Liicking et al., 2013; Kucherenko et al.,
2021) and BEAT (Liu et al., 2022) include semantic
type labels but are limited to scripted or monadic
data (Liicking et al., 2013; Liu et al., 2022). The
DnD Group Gesture Dataset (Mughal et al., 2024)
captures natural multiparty interaction but lacks
such labels. Our work extends it with semantic type
annotations, yielding the first multiparty dataset for
studying gesture-informed turn-taking modeling.

3 DnD Group Gesture++

The DnD Group Gesture Dataset (Mughal et al.,
2024) captures co-speech gestures in multi-party
conversations during a Dungeons & Dragons
(DnD) roleplaying game. It includes full-body mo-
tion and fine-grained finger articulation from five
English-speaking participants over four sessions (6
hours total).

3.1 Gesture type annotation

We extend the DnD Gesture (Mughal et al., 2024)
with gesture type annotations based on McNeill’s
framework (McNeill, 1992, 2005), classifying
gestures as iconic, metaphoric, deictic, or dis-
course (Goldin-Meadow et al., 1993; Kendon,
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Discourse
0.081

Iconic
0.674

Deixis
0.576

Overall
0.522

Metaphoric
0.458

Table 1: Interrater agreement scores

Label % of gesture type turns w sem gesture
De Di Ic Me (total # of turns)

hold | 423 23.1 286 5.9 1550 (7722)

yield | 444 242 257 57 990 (5087)

Table 2: Distribution of semantic gesture types across
turn-taking labels. For each turn type (hold or yield),
the table shows the relative frequency (%) of each ges-
ture type, deictic (de), discourse (di), iconic (ic), and
metaphoric (me), and the number of turns containing at
least one semantic gesture, along with the total number
of turns in that label.

1995; Khosrobeigi et al., 2022). The annotations in-
clude (# of samples), iconic (724) gestures, which
depict concrete objects; metaphoric (151) gestures,
which represent mental images of abstract con-
cepts; deictic (1155) gestures, which involve refer-
ential gestures like pointing; and discourse (633)
gestures, which are elicited by the structure of the
spoken discourse. We focus on these semantic ges-
ture types as they capture meaning-related aspects
of communication that extend beyond prosodic or
lexical information and may therefore provide com-
plementary signals for turn-taking. Beat gestures
are not included, as their close association with
prosody overlaps with cues already available in the
audio modality. Table 1 reports interrater agree-
ment, with an average Cohen’s x of 0.52. It also
presents per-class x scores, computed by treating
each gesture category as a binary classification task,
where the target class is considered positive and
all others negative. Agreement is notably lower
for discourse gestures, which are more challenging
to annotate, as they are defined primarily by com-
municative function rather than by gesture form.
Additional details on the annotation process are
provided in Appendix A.1.

3.2 Converting to turn-taking data

To model turn-taking, we convert continuous multi-
party conversations in DnD Gesture++ into a struc-
tured dataset of discrete prediction instances, fol-
lowing previous works (Kelterer and Schuppler,
2025; Jokinen et al., 2013; Ekstedt et al., 2023).
We segment audio into Inter-Pausal Units (IPUs),
continuous speech segments bounded by silence,
with each IPU ending at a Transition Relevance

Place (TRP) where a speaker change may occur.
Turns are labeled yield if another participant speaks
next, or hold if the same speaker continues, using
a 200 ms silence threshold (Lee et al., 2023; Hara
et al., 2019). Short IPUs are merged with adjacent
utterances. This results in 12k turns (7k hold, 5k
yield). We split the data into 70% train, 10% val-
idation, and 20% test. Refer to Table 2 for more
details.

4 Multimodal Modeling of Turn-Taking
Prediction

Turn Input

[ Transcript J—‘ Mistral

Mixture of Experts

X Text Expert
i

Binary
Ijyseq Classifier

= 8 3

"“Speech

Yield/Hold

Gesture Expert
&

Gating network

Figure 2: MoE modeling of turn taking

We model turn-taking using text, audio, and
gestures captured via motion data. Each modal-
ity is processed by a dedicated expert within a
MoE framework, where the outputs of all ex-
perts are fused via a gating network that dynam-
ically weighs each modality based on context.
Let x,,, denote the input features for modality m
and fy,(x,,) its expert output. The gating net-
work computes modality weights w,,, using soft-
max over concatenated weights. The fused rep-
resentation is a weighted sum of expert outputs

Pfused = er\r/{:l W, * fm($m)

" Gesture Codebook
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Figure 3: Learning semantically-aligned gesture repre-
sentations.

Finally, /1 fyseq 1s passed through a linear classi-
fier to predict hold or yield. Text and audio features
are obtained from pretrained embeddings, sentence
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embeddings for text' and Wav2Vec2 for audio” and
projected via MLP layers. Gestures are encoded
following recent VQ-VAE based gesture tokeniza-
tion approaches (Liu et al., 2024; Suresh et al.,
2025). Given a sequence of 3D upper body mo-
tion x, the encoder network compresses it into a
sequence of tokens. Each token z; is then quan-
tized via a codebook (Van Den Oord et al., 2017)
to produce z;. The sequence of quantized embed-
dings is then used to reconstruct the input motion
x. Consequently, the VQ-VAE is trained through
an MSE loss on reconstructed motion X and input
motion x. Since the base model lacks semantics,
we use gesture type annotations to inject seman-
tic information (see Figure 3). For each turn, we
obtain the gestures token sequences of codebook
embeddings from the trained VQ-VAE which are
then processed by a transformer encoder (Vaswani
et al., 2017) which forms the gesture expert. The
output of the Transformer is mean pooled over the
sequence length to produce a fixed-length represen-
tation.

5 Experiments

Our work addresses two key research questions:
(i) Does the inclusion of body movement features
such as gestures improve turn-taking prediction be-
yond text and audio? (ii) Do semantically informed
gesture representations offer advantages over raw
motion features?

5.1 Model Comparisons

We systematically compare our
Text+Audio+Gesture model against single-
and dual-modality baselines. We then evaluate
the impact of semantic gesture embeddings from
a VQ-VAE versus raw motion features. We also
benchmark our MoE-based fusion against existing
multimodal turn-taking approaches using the same
modality experts for fair comparison. Importantly,
our main aim is to assess the effect of gesture
representations on turn-taking beyond text and
audio, and the MoE setup allows us to quantify
the contribution of each modality in this task.
Further implementation details can be found in the
Appendix A.2.

"https://huggingface.co/mixedbread-ai/
mxbai-embed-large-vi

2https://huggingface.co/facebook/
wav2vec2-large-960h

Overall Per-class
Acc F1 hold  yield
Majority Class 60.4 37.6 753 0.0
Text 68.8 £05 66.6 04 75.1 582
Audio 67.1 05 632416 751 513
Gesture 66.2 +02 61.2+16 751 474
Gesture (w/o0 sem) 66.1 03 61.8 05 74.6 489
Text+Audio 69.7 21 679 +12 749 61.1
Text+Gesture 70.0 +02 67.8 02 762 594
Audio+Gesture 67.7 £04 642402 754 53.0
Text+Audio+Gesture 71.5 0.3  69.9 01 76.7 63.1
Text+AudiotGesture )\ 6874105 759 615
(w/o sem)

Table 3: Performance of multimodal variations for turn-
taking prediction using text, audio, and gesture modali-
ties with MoE based fusion modeling.

Gesture Type | hold  yield
Discourse 78.3 741
Deixis 782 654
Iconic 72.5 583
Metaphoric 89.5 66.7
Overall 76.7 63.1

Table 4: Per-class F1 contributions for hold and yield
predictions across each semantic gesture type

5.2 Turn-taking Prediction

From Table 3, text performs best among single-
modality experts, followed by audio. Gesture only
models show lower performance, with little dif-
ference between non-semantic and semantic vari-
ants. This result reflects the nature of turn-taking
cues—gestures complement rather than replace lex-
ical and prosodic structure. Importantly, gestures
consistently improve performance in fusion set-
tings, indicating that they provide important in-
formation, especially for subtle transitions where
speech cues are weak or ambiguous. Multimodal
fusion outperforms single-modality models with
Text+Audio+Gesture model achieving the high-
est overall macro-F1 compared to the Text+Audio
variant (p < 0.05). Notably, the semantically
aligned gesture representation outperforms the non-
semantic one (p < 0.05), showing that semantic
supervision enhances multimodal fusion.

When ablating with fusion techniques from prior
multimodal turn-taking studies (Table 5), we ob-
serve per-class F1 imbalances, with the minority
class particularly affected. In contrast, MoE-based
fusion with semantically aligned gestures yields
more balanced predictions across classes. Future
work can explore fusion strategies to further im-
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Overall hold  yield
ConcatFusion (Kurata et al., 2023) 68.2 78.5 58.0
LMF (Lin et al., 2025) 67.9 772  58.7
MoE (Ours) 69.9 76.7 63.1

Table 5: Ablation study on fusion techniques: F1 scores
of the Text+Audio+Gestures model evaluated with dif-
ferent existing multimodal fusion methods for turn-
taking prediction.

prove alignment between text, audio, and gestures.
Table 4 reports the per-class F1 scores for hold
and yield predictions across semantic gesture cat-
egories. The results further demonstrate that dif-
ferent gesture types provide distinct cues for turn-
taking: discourse gestures strongly contribute to
vield transitions, whereas metaphoric gestures are
more indicative of hold behavior. All results are
averaged over three random seeds.

5.3 Analysing gesture representations
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Figure 4: Visualization of Gesture Representations.
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Figure 5: MoE modality weight contributions for se-
mantic vs w/o semantic gesture representations

Figure 4, we visualize the gesture embeddings
with and without semantic supervision. The se-
mantically aligned embeddings form more distinct
clusters corresponding to different gesture types,
which facilitates better alignment with text and au-
dio modalities. Figure 5 further shows the average
weight contribution for each modality in the MoE
framework for the test samples. Using semantically
aligned gestures increases the weights for both ges-
tures and text, likely due to improved cross-modal

alignment, which in turn supports better overall
task performance.

6 Conclusion

In this work, we investigate the role of semantic
gestures in multimodal turn-taking prediction. We
extended the multi-party DnD Gesture corpus with
semantic annotations to create DnD Gesture++.
Our results show that semantically guided gestures
improve turn-taking modeling, especially when
fused with text and audio. Beyond turn-taking,
the corpus supports a range of multiparty interac-
tion tasks, including discourse-level gesture anal-
ysis, co-speech gesture generation, and listener
backchannel prediction, while addressing a key
gap in semantic gesture resources for multi-party
settings.

Limitations

While this work is based on a naturalistic, game-
based interaction setting, the domain specificity
may limit generalisability. Future work should
assess the role of semantic gestures in other in-
teraction contexts, including task-oriented dia-
logues, meetings, remote communication, and
cross-cultural settings. Although our semantic ges-
ture annotations are carefully curated, they show
only moderate inter-annotator agreement, reflecting
the inherent subjectivity of gesture interpretation,
particularly for discourse gestures. This annota-
tion noise may cap achievable performance and
could be mitigated through additional annotators.
Our study focuses on whether semantic gestures
provide complementary information for IPU-based
turn-taking when combined with text and audio.
While we employ a MoE fusion framework, future
work could investigate more expressive fusion and
temporal modeling approaches that jointly capture
modality interactions and turn structure.
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A Appendix

A.1 Additional Annotation Details

The dataset contains 4 recording sessions. To label
the gesture type in each recording, the annotators
utilize the speech from the group conversation and
multi-view videos to identify who made the ges-
ture and mark it with label for the duration of said
gesture. Therefore, the annotators considered both
linguistic and visual modalities to identify the ges-
ture types. Annotation was performed in ELAN
3 where each recording participant was assigned
a separate track for labeling. For annotation, two
English-speaking young students were recruited
from the university. After that, authors randomly
sampled the annotations and verified the annota-
tions manually and cleaned conflicting or wrong
annotations. To acquire the transcriptions we use,
WhisperX 4.

A.2 Implementation Details

For obtaining gesture representations: In order to
train the VQ-VAE, we pass 3D upper body motion
encoded as joint positions. The input skeleton is
normalized relative to pelvis (root) joint and trans-
lation is fixed to zero, such that the network only
models hand and arm movements. We utilize con-
volutional encoder and decoder networks based on
ResNet backbone (He et al., 2016). To apply se-
mantic alignment loss, we utilize the annotations
by training using 4 annotated semantic classes i.e.
iconic, deictic, metaphoric, discourse, and a "none"
class consisting of beat and other non-semantic
gestures. During training, cross entropy loss is
applied on the linear classifier to identify gesture
categories. This loss ignores the "none" class. The
whole framework is trained for 120 epochs with
following hyperparameters: number of residual
blocks = 2 in both encoder and decoder, embed-
ding dim = 256, codebook size = 256, learning rate
= 3e-4, optimizer = AdamW, reconstruction loss

3https: //archive.mpi.nl/tla/elan
*https://github.com/m-bain/whisperX

2040


https://archive.mpi.nl/tla/elan
https://github.com/m-bain/whisperX

weight = 1, semantic loss weight = 0.1, and batch
size = 512.

For gesture transformer encoder, we use a 1-
layer transformer with a feedforward dimension
of 128 and 4 attention heads. The final hidden
states are mean-pooled to obtain the gesture expert
representation. MoE training is conducted on a
single NVIDIA V100 GPU with a batch size of
32 for 20 epochs. The learning rate is selected via
hyperparameter tuning from le-4, Se-5, le-5, with
5e-5 yielding the best performance.
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