The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

DialoGen: Towards Dialog Gesture Generation via Identity-Decoupled Style
Guidance in Interactive Diffusion Model

Weiyu Zhao', Chenyang Wang'*, Liangxiao Hu', Zonglin Li', Wei Yu?, Shengping Zhang'

'School of Computer Science and Technology, Harbin Institute of Technology
2School of Information Science and Technology, Tsinghua University

Abstract

We propose DialoGen, a novel framework for generating
realistic gestures for both interlocutors in dialog scenarios,
conditioned on conversational audios. Unlike most existing
methods that focus solely on a single speaker, DialoGen si-
multaneously generates synchronized gestures for both par-
ticipants while also embedding identity-decoupled style into
generated gestures that enhance realism and expressiveness.
To ensure precise synchronization between interlocutors, Di-
aloGen adopts an interactive dual-diffusion model with mu-
tual interaction estimation, which integrates interaction cor-
relation into the diffusion process. More importantly, by
leveraging supervised contrastive learning, we develop the
identity-decoupled style guidance to adaptively decompose
the identity-specific style of interlocutors into latent space,
enabling multi-style dialog gesture generation. Extensive ex-
perimental results demonstrate that our model significantly
outperforms existing methods in generating realistic, speech-
aligned, identity-specific gestures, offering a high-quality so-
lution for various dialog scenarios.

Introduction

Dialog gesture synthesis aims to generate realistic body
movements in conversational settings, loyal to the audio of
both the speaker and the interlocutor. This task has broad
applications in 3D gaming, augmented reality (AR), virtual
reality (VR), and virtual social platforms (Liang et al. 2024).
Although significant efforts (Ng et al. 2024; Mughal et al.
2024) have been devoted to developing effective dialog ges-
ture synthesis, it is still a challenging task due to the variety
of body gestures and intricate human interaction.

Previous approaches mainly concentrate on generating
co-speech gestures tailored to individual speakers by em-
ploying a variety of computational techniques, including
Transformer architectures (Qi et al. 2024b; Ghorbani et al.
2023), Variational Autoencoder models (VAE) (Yi et al.
2023; Li et al. 2021), Diffusion models (Ao, Zhang, and Liu
2023; Zhu et al. 2023; Yang et al. 2023a), Mamba frame-
works (Xu et al. 2024; Fu et al. 2024), and Generative Pre-
trained Transformers (GPT) (Zhang et al. 2024; Cheng, Li,
and Fu 2024). These advancements have significantly im-
proved the realism and applicability of virtual agents in var-
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Figure 1: Our proposed DialoGen delves into Dialog Ges-
ture Generation, a defined task that produces coherent, life-
like gestures for both interlocutors based on the speech con-
text while preserving each speaker’s identity style.

ious single-speaker scenarios. Unfortunately, they usually
fail to generate pleasant gesture results casting to diverse
conversational contexts due to the neglect of complex in-
teractive factors such as dialog content, emotional states,
and speaker identity. Recently, researchers have shifted at-
tention towards two-person gesture generation in conversa-
tional contexts, notably initiated by the GENEA Challenge
2023 (Kucherenko et al. 2023). Some studies primarily fo-
cus on generating gestures for the primary speakers (Yang
et al. 2023b; Zhao, Hu, and Zhang 2023), while others (Ng
et al. 2024; Mughal et al. 2024) generate the gestures of
both interlocutors sequentially according to their conversa-
tional turns. Although these works have improved the per-
formance of conversational gesture synthesis, two key fac-
tors still hinder the generation of highly realistic interactive
effects in real-world scenarios. First, these methods typi-
cally generate gestures for a single participant based solely
on their own audio rather than perceiving the mutual dy-
namics between participants, limiting the realism and in-
teractivity of their results. On the other hand, generating
gestures with participant-specific styles is essential for pro-
ducing vivid and realistic dialog gestures. However, existing
methods mostly employ one-hot encoding to identify each



participant, but the sparse and discrete characteristics of this
representation prevents it from capturing the latent stylistic
differences among individuals, making them unable to gen-
erate high-quality, multi-style dialog gestures.

To overcome these limitations, we present DialoGen, a
novel diffusion-based framework (Ho, Jain, and Abbeel
2020a) dedicated to generating synchronized interaction
gestures for both participants in dialog scenarios. Unlike
existing methods that focus on single-speaker gesture gen-
eration, DialoGen introduces an interactive dual-diffusion
model that simultaneously generates temporally coherent
gestures for both participants. Specifically, we employ two
weight-sharing Transformer models as denoisers within the
diffusion process, ensuring that the gestures of both in-
terlocutors are produced in a harmonized and temporally
aligned manner. To further capture the mutual dynamics be-
tween speakers, we augment the Transformer-based denois-
ers with a mutual interaction estimation module. By inte-
grating the estimated interaction weights into the diffusion
process, our model produces gestures that are not only well-
aligned with speech but also exhibit realistic and responsive
interpersonal coordination.

Furthermore, DialoGen employs a supervised contrastive
learning approach (Khosla et al. 2020) to decouple identity-
specific style representation for each participant, facilitating
controllable personalization in gesture generation. Specifi-
cally, we introduce an identity feature extractor to extract
the identity-specific style representations from gestures. Un-
like simplistic one-hot encoding techniques (Liu et al. 2022;
Yang et al. 2023b), the proposed supervised contrastive
learning approach is able to maximize the distinction be-
tween individuals with different identities, as described in
Section . The decoupled style representation is seamlessly
integrated into the denoiser modules to enable multi-style
gesture generation, thereby enhancing both realism and ex-
pressiveness.

In summary, we claim three following contributions:

* We propose a novel framework, DialoGen, which for the
first time achieves simultaneous generation of identity-
specific co-speech gestures for both interlocutors in dia-
log scenarios.

e We introduce an interactive dual-diffusion model to syn-
chronize dialog gesture generation. Furthermore, we aug-
ment the model with mutual interaction estimation to
enhance the responsiveness and coordination of mutual
speaking gestures.

* We propose to learn the identity-decoupled style guid-
ance via a supervised contrastive learning approach, en-
abling our method to effectively preserve the distinctive
stylistic traits of each individual.

Related Work

Co-Speech Gesture Modeling. Co-speech gesture genera-
tion has been a widely studied topic, with early work fo-
cusing on rule-based methods (Cassell, Vilhjdlmsson, and
Bickmore 2001; Kopp and Wachsmuth 2004) and statisti-
cal models (Kipp et al. 2007; Levine et al. 2010). These ap-
proaches, while interpretable, require extensive manual ef-
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fort and are limited by handcrafted features. With the ad-
vent of deep learning, models such as MLPs (Kucherenko
et al. 2020), CNNs (Habibie et al. 2021), RNNs (Yoon et al.
2020), and Transformers (Qi et al. 2024a) have significantly
advanced co-speech gesture generation. Recent works have
leveraged generative models, such as VAEs (Li et al. 2021),
VQ-VAEs (Ao et al. 2022), and diffusion-based models (Ao,
Zhang, and Liu 2023), to improve diversity in generated
gestures. To address dataset sparsity, Semantic Gesticula-
tor (Zhang et al. 2024) uses GPT-2 (Radford et al. 2019)
for semantic gesture retrieval, and SIGGesture (Cheng, Li,
and Fu 2024) generates gestures from speech using large
language models. While these methods focus on semantic
accuracy, they often overlook individual gesture styles. Our
approach explicitly integrates speaker identity, preserving
stylistic nuances throughout the generation process.

Dyadic Interaction Modeling. Modeling dyadic interac-
tions is crucial for generating realistic co-speech ges-
tures in conversational agents. Recent work includes Com-
MDM (Shafir et al. 2023) and InterGen (Liang et al. 2024),
which use collaborative transformer-based models to gen-
erate interactions between two participants. Approaches like
ReMoS (Ghosh et al. 2025) and FreeMotion (Fan et al. 2025)
further extend these methods to handle multi-character in-
teractions. The GENEA Challenge 2023 (Kucherenko et al.
2023) spurred advancements in generating co-speech ges-
tures within dyadic interactions, including diffusion mod-
els (Yang et al. 2023b), VQ-VAE (Korzun, Beloborodova,
and Ilin 2023), and autoregressive models (Harz, Vo3, and
Kopp 2023). Audio2Photoreal (Ng et al. 2024) generates 3D
movements for both speaker and listener in dyadic conver-
sations, while ConvoFusion (Mughal et al. 2024) introduces
semantic guidance for motion generation. Despite these ad-
vances, existing methods often fail to account for the com-
plex, dynamic non-verbal interactions between participants.
Our approach addresses this by modeling both participants’
gestures and ensuring the preservation of identity style in-
formation throughout the generation process.

Method

Our goal is to simultaneously generate personalized gestures
for both participants in dialog scenarios. We first introduce
the interactive diffusion model to synchronize dialog ges-
ture generation. We then augment the model with mutual in-
teraction estimation to capture the mutual dynamics. To en-
able multi-style gesture generation, we leverage a supervised
contrastive learning approach to learn the latent stylistic rep-
resentation. In the following, we provide a comprehensive
explanation of the technical details.

Interactive Dual-Diffusion Model

Diffusion models (Ho, Jain, and Abbeel 2020b) have
demonstrated significant advances in co-speech gesture gen-
eration (Ao, Zhang, and Liu 2023; Chen et al. 2024; Yang
et al. 2023a). Building on these developments, we extend the
framework to an interaction dual-diffusion model for dialog
gesture generation. Unlike previous methods that predomi-
nantly focus on single-speaker gesture generation, we pro-
pose two weight-sharing Transformer models as denoisers
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Figure 2: Overview of DialoGen. Given the dialog speech context, we propose the interactive dual-diffusion model with mu-
tual interaction estimation to predict co-speech gestures for both participants by leveraging the extracted content features and
decoupled identity-style guidance. Specifically, the mutual interaction estimation module within the diffusion model is trained
to generate interaction weights that guide the coordination of gestures between interlocutors. Note that the decoupled identity-
style guidance injects person-specific stylistic traits into the model, ensuring individualized gesture generation.

to accommodate dual-stream audio inputs. Each component
of our framework is detailed in the following.

Feature Extraction. We adopt the feature encoder pre-
sented in (Yang et al. 2023a; Chang, Zhang, and Kapadia
2022) to extract both speech and text features. Specifically,
the extracted speech features include MFCC, Mel Spectrum,
Pitch, Energy, and WavLM (Chen et al. 2022), capturing es-
sential audio characteristics (such as rhythm, emotion, and
beat) to balance both statistical and latent-space represen-
tations. Meanwhile, we utilize FastText(Bojanowski et al.
2017) to extract 300-dimensional word embeddings from
text. In addition, we introduce a binary indicator to de-
note laughter within the speech data. The identity-decoupled
style embeddings ensure that the generated style features
align with the speaker identity.

Gesture Representation. We denote the gesture clip in the
diffusion model as zy € RWeeeatN)XJXL The first Nyeq
frames of the gesture clip serve as seed gestures and the
remaining N frames are what the model needs to predict.
This enables the gesture sequences generation at arbitrary
length (Zhao, Hu, and Zhang 2023; Yang et al. 2023b). We
use J = 62 joints including fingers and represent each frame
with L = 36 dimensional features comprising joint position,
velocity, acceleration, rotation matrix, rotational angular ve-
locity, and rotational angular acceleration.

Transformer Denoising for Gesture Generation We pro-
pose two weight-sharing Transformer models as denoisers
in the diffusion process, guided by input conditions C =
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(C.,Cs), where C,. consists of speech features, word embed-
dings, and a laughter indicator, and Cs is formed by broad-
casting style embeddings W ye across the temporal dimen-
sion of C.. Following the Denoising Diffusion Probabilistic
Model (DDPM) (Ho, Jain, and Abbeel 2020b), the forward
process adds Gaussian noise to the clip xg:

Ty = Vaywo + V1 — Qe (D

with e ~ N (0, I). The reverse process is modeled as a con-
ditional Gaussian distribution, where the model learns the
mean g and the variance 9 of the distribution:

p@(xtfl | xt7c) :N(xtfl;ue(xt7t7c)7 Z@)a

where the mean is:

2)

1 B
—F— \ Tt = —VF—
o V1—ay
This process iteratively reconstructs the clean data x.
Training Objective. To ensure the generated gestures accu-
rately reflect the expected behavior, we train the transformer

denoising network using the Huber Loss (Huber 1992) for
both participants. The training objective is defined as:

to(21,1,C) = aem,t,c’)) 3

2 T

L= Z Z HuberLoss(xo,iq — &t.:d),

id=1t=1

“4)

where id indicates two individuals.
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Mutual Interaction Estimation

In this section, we aim to explore how interlocutors interact
with each other. To capture these intricate dynamics, we aug-
ment the proposed dual-diffusion model with a mutual inter-
action estimation module. As shown in Fig. 2, this module is
designed to model the interaction weights between the latent
gesture features of interlocutors during the diffusion process.
We extract the gesture features from the second layer follow-
ing the injection of identity-style guidance. The features of
the two interlocutors at time step ¢ are denoted as f;; and
ft,2. The module can be formulated as:

2z = Gy ([ft,l; ft,ZD . 5

The module Gy consists of N blocks, each with multi-
head self-attention mechanism and a feed-forward network
(FFN), followed by an MLP head and a Sigmoid function.

With the Sigmoid function ensuring that the interaction
weights z; lie within the interval [0, 1], these weights serve
as a quantitative measure of the degree to which the two
participants influence each other. Specifically, values of z;
closer to 1 indicate a stronger mutual influence, whereas val-
ues near 0 reflect a weaker interaction.

Identity-Decoupled Style Guidance

Individuals often exhibit distinctive gestural behaviors dur-
ing speech, reflecting personal communication styles. In this
section, we focus on disentangling identity-specific styles
from speech gestures. Unlike previous methods that em-
ploy one-hot encoding to identify each participants style, we
leverage a supervised contrastive learning approach to learn
latent stylistic representation.

As depicted in Fig. 3, we introduce an feature extractor

F to map the the input gesture sequence x € RV MIXIXL g
two latent features as follows:

<ngobal7 Wslatislic> = ]:(X)v

Wstyle = ngobal @ Wstatistim (6)
where Wy € RPwe @ stands for feature concatenation.
We set N = 700, which is significantly longer than the
sequence length used in diffusion prediction, allowing the
model to capture richer style information. The feature ex-
tractor F is composed of a Temporal Convolutional Network
(TCN) and a Transformer network, followed by global and
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statistic feature heads. The global feature head applies mean
pooling along the time dimension to compute the global fea-
ture vector Wjopa. Meanwhile, the statistic feature head
calculates the mean and standard deviation of inter-frame
differences to derive the statistic feature vector W gagistic. We
then concatenate Wjopa and Wgyigic to obtain the final
style representation Wyje.

After obtaining the personal style representation, our goal
is to amplify the distinctions among individual represen-
tations in the latent space, thereby promoting more dis-
cernible clustering. As illustrated in Fig. 3, we apply a super-
vised contrastive learning approach on the style representa-
tion Wye. Specifically, we designate gestures performed
by the same speaker at different times as positive sam-
ples, while gestures produced by different speakers serve as
negative samples. We employ a supervised contrastive loss
Ligeniity (Khosla et al. 2020) to cluster latent style represen-
tations, which is defined as follows:

exp(w; - wp/T)
ZaeA(i) exp(w; - W /T)’

Liq = — Z Epep(i) log (7

i€l

where ¢ € I = {1...2N} is the index of an arbitrary aug-
mented sample within a multiviewed batch. A(i) = I'\ {i}
denotes the set of indices of all samples excluding the an-
chor i. P(i) = {p € A(i) : g, = 9} represents the set
of indices of all positive samples in the multiviewed batch
that are distinct from i. E,¢ p(;)[-] denotes the expectation
over positive samples of 7. The temperature parameter 7 is
a positive scalar that controls the smoothness of the con-
trastive loss. The supervised contrastive loss function is de-
signed to maximize the similarity between positive samples
while minimizing it between negative samples, enhancing
the encoder’s capacity to learn discriminative features across
diverse identities.

As shown in Fig. 4, we visualize the clusters of the style
representation Wyje using U-MAP (Mclnnes, Healy, and
Melville 2018). Each cluster exhibits clear and compact dis-



Methods FD,| FDl SRGR?T DSRGR? DivsampleT Div, Divy,

DG 1.74 3.48 2.85 3.68 410.13 138.02 011.3% 189.55 09.28%
DGPual 1.69 3.61 2.28 3.43 460.53 117.38 05.26% 149.90 013.58%
DSG+ 1.36 2.81 3.32 3.87 266.95 91.84 025.87% 128.57 25.88%
DSG+Dual 1.41 2.73 3.30 3.75 273.68 109.59 011.6% 157.27 09.34%
A2P 1.29 241 3.37 3.90 231.38 86.17 30.45% 119.91. 030.87%
DialoGen (Ours) 1.18 2.33 3.61 4.19 293.47 123.94 50.03% 175.23 61.01%
Ground Truth 0 0 — — — 123.90 173.47

Table 1: Quantitative comparison of our proposed method with sota methods trained on the TWH dataset. Bold denotes the
best performance, while underline indicates the second-best. ¢ represents the percentage difference from the ground truth. DG
stands for Diffgesture, DSG+ stands for DiffustyleGesture+ and A2P stands for Audio2photoreal.

tribution boundaries, indicating well-separated and distinc-
tive style representations. We also validate the style distribu-
tion of the predicted gestures and surprisingly find that our
predicted gestures are located within the same latent style
clusters as the ground truth. In contrast, the other two meth-
ods that rely on one-hot encoding fail to capture the correct
style, resulting in misaligned cluster assignments.

Experiments
Experiment Setup

Datasets. We perform training and evaluation on the Talk-
ing With Hands (TWH) dataset, originally proposed in (Lee
et al. 2019) and further refined in (Kucherenko et al. 2023).
The TWH dataset comprises over 18 hours of conversational
data involving 18 participants, including both male and fe-
male subjects. Each conversation has an average duration of
183 seconds. The dataset is split into 86% for training, 7%
for validation, and 7% for testing.

Compared Methods. We compare our method with rep-
resentative state-of-the-art co-speech generation methods,
including DiffGesture (Zhu et al. 2023), DiffuseStyleGes-
ture+ (Yang et al. 2023b), and Audio2Photoreal (Ng et al.
2024) on the TWH dataset. For fair comparison, we re-
trained these three baselines on the TWH, applying the same
smoothing techniques. Additionally, to ensure that DiffGes-
ture and DiffuseStyleGesture+ receive the same contextual
information as our method and Audio2Photoreal, we pro-
vided the audio from both speakers in the dialogs to adapt
to the dual-person dialog scenario. In Tab. 1, the results of
these changes to these baselines are denoted as “xxxPual »,

Evaluation Metrics. We evaluate our model using the fol-
lowing metrics, as referenced in (Ng et al. 2024; Liu et al.
2022): For Fréchet distance-based metrics, we measure (a)
FD,, as the Fréchet distance between generated and ground
truth static gestures, and (b) FD, as the Fréchet distance on
gesture motion velocities. For semantic alignment, we pro-
pose (c) SRGR to capture gesture—text relevance, and (d)
DSRGR to handle interactions in the dual-speaker setting.
For diversity metrics, we assess (e) Div, using the average
L2 distance between sampled gesture pairs, (f) Divy, to cap-
ture gesture variation within a sequence, and (g) Divsqmpie
as the variance across samples from the same audio.
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Figure 5: Gesture generation with identity style preserva-
tion. Our method generates motions that more closely align
with the ground truth style, in contrast to DiffuseStyleGes-
ture+ (Yang et al. 2023b), which uses one-hot encoding.

Quantitative Evaluation

The results in Tab. 1 demonstrate that our method achieves
state-of-the-art performance on the TWH datasets, consis-
tently outperforming other baselines, particularly in terms
of Fréchet distance-based metrics (FD4 and FDy) and se-
mantic metrics(SRGR and DSRGR). These results highlight
the strong distribution-matching capability of our approach,
especially in dialog scenarios. It is worth noting that higher
diversity scores do not always correlate with improved gen-
eration quality. The Div metric only counts when the synthe-
sized motion is smooth and natural (Chen et al. 2024). Our
method achieves the most comparable diversity scores (Div,
and Divy,) to real data, indicating that the generated outputs
within the TWH dataset are both diverse and realistic.

Further, we observe that using paired audio as input typ-
ically leads to improved performance across all baselines.
Audio2Photoreal achieves the suboptimal performance in
the Fréchet distance metric thanks to its guidance mecha-
nism and extended generation sequence, yet it exhibits no-
table shortcomings in diversity. DiffGesture achieves seem-
ingly superior quantification on Divg,p.. We argue that
the reason for this observation stems from the inherent ran-
dom jitter in the generation results, which can be confirmed
by the inferior performance on the other metrics.
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Figure 6: Qualitative Comparison on TWH Dataset. DiffuseGesture, DiffuseStyleGesture+, Audio2Photoreal, and Ground Truth
are abbreviated as DG, DSG+, A2P, and GT respectively. Compared to state-of-the-art methods, our approach generates a wider
range of natural, agile, and diverse speaking and listening gesture motions.

Qualitative Evaluation

As shown in Fig. 6, our approach generates visually striking
and human-like outcomes that outperform baseline methods.
While the baseline methods produce reasonably coherent se-
quences, DiffGesture sometimes exhibits subtle jitters, and
DiffuseStyleGesture+ occasionally produces stiff and unnat-
ural gestures. Audio2Photoreal generates co-speech gestures
with slower gesture transitions. Our method, however, is ca-
pable of generating realistic, diverse, and identity-preserving
outputs when processing speech inputs. In listening mode,
all three baseline methods are limited to generating only
minimal body and head movements, struggling to produce
contextually appropriate responses. By leveraging the de-
sign of our dual-stream diffusion network and mutual in-
teraction estimation, our approach can generate contextually
appropriate gestures, such as a “face-covering motion indi-
cating shame” or a “wide-body sway reflecting laughter”,
enabling more expressive non-verbal communication.

As demonstrated in Fig. 5, the gesture styles produced by
our method accurately match the ground truth, owing to the
incorporation of our ID style representation module. Our
identity-decoupled representation approach, in contrast to
the traditional one-hot encoding method, proves to be more
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effective in preserving identity during gesture generation.
Moreover, we are surprised to discover that by modifying
the style input, our method enables the transfer of ID styles.

Ablation Study

As shown in Tab. 2, we conduct an ablation study to evaluate
the effectiveness of each component. We conduct ablation
experiments from five aspects. Firstly, we evaluate the im-
pact of the weight-sharing mechanism (w/o Weights Shar-
ing) by training two networks with independent weights.
The results show a significant decline across all four eval-
uation metrics, underscoring the importance of the weight-
sharing mechanism in capturing the complex interactions
between dual-person gestures while maintaining a balance
between motion quality and diversity. Additionally, without
this mechanism, the generated gestures exhibit noticeable
drift at the root node, resulting in inconsistencies in motion
across consecutive frames. After removing the mutual inter-
action estimation (w/o MIENet) mechanism, both FD, and
Div, witness a significant decline, highlighting the crucial
role of information transfer between the dual-stream diffu-
sion networks in gesture generation.

Next, we evaluate the impact of the Identity Decoupled
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Methods FD,| FDy] Divg— Divg—
DialoGen (Ours) 1.179 2326 12394 175.23
w/o Weights Sharing 1.895 2.861  95.72 136.47
w/o MIENet 1.493 2.863 100.81 143.70
w/o Identity Style 1.705 3.361 131.32 188.68
w/o Identity Style! 1.749 2.887 139.48 194.68
w/o Text Input 1.325 2,594 107.62 155.01

Table 2: Ablation study results. T denotes the use of one-hot
encoding for injecting identity style information.

Representation module. We find that removing the identity
decoupled representation input (w/o Identity Style) led to a
significant increase in both diversity metrics, even surpass-
ing the performance of all baseline methods. However, the
two Fréchet distance metrics deteriorated considerably, and
the method lost its ability to capture identity-specific styles.
Combined with the user study, our identity style represen-
tation effectively preserves personal style information. We
then replace the identity information with one-hot encoding
(w/o Identity Stylet) and observe that the changes in the four
metrics were similar to those when identity information is
completely removed. As shown in Fig. 7, when using iden-
tity style representation, modifying the input identity style
allows for a change in the overall motion style. For exam-
ple, transitioning from ID 02, which represents a “gentleman
with hands crossed in front of the chest” to ID 01 results in
more exaggerated body language, resembling the “energetic
gestures of a lively young woman”. The one-hot encoding
approach struggles to generate gestures that are consistent
with the intended style. Finally, we evaluate the necessity of
text inputs. The results indicate that the semantic informa-
tion from text better guides the gesture generation

User Study

User studies are considered the gold standard for evaluating
co-speech gesture generation (Qi et al. 2024b). We randomly
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Figure 8: Results of the user study. DiffuseGesture (Zhu
et al. 2023), DiffuseStyleGesture+ (Yang et al. 2023b) Au-
dio2Photoreal (Ng et al. 2024), and Ground Truth are abbre-
viated as DG, DSG+, A2P, and GT respectively.

sampled 30-minute dialog segments from the test set and re-
cruited 26 participants from diverse backgrounds. Each eval-
uation involved 10-second video clips and was conducted
in two phases (Fig. 8). In Phase 1, participants compared
pairs of videos generated from the same audio and rated
Human Likeness, Speech-Gesture Alignment, and Holistic
Diversity. In Phase 2, we assess the Interaction Appropri-
ateness and Identity-style Similarity within the context of
Dyadic Synthesis in dialog scenarios. In this phase, real data
was provided as a reference, and participants were asked to
evaluate the appropriateness of the non-verbal gesture in-
teractions and their similarity to the reference style. This
demonstrates that our proposed DialoGen effectively gen-
erates high-quality, realistic, and diverse outputs.

Conclusion

We introduce DialoGen, a novel and comprehensive frame-
work designed to generate realistic, synchronized and
context-aware gestures for both interlocutors in dialog sce-
narios, conditioned on conversational audio. Unlike exist-
ing methods that focus primarily on generating gestures
for a single speaker, DialoGen innovatively augments the
proposed interactive dual-diffusion model with mutual in-
teraction estimation, allowing for the simultaneous genera-
tion of high-quality gestures for both participants. Moreover,
we leverage a supervised contrastive learning approach to
decouple identity style guidance for preserving individual
identity styles. Through extensive experiments across vari-
ous dialog contexts, we demonstrate that DialoGen outper-
forms current state-of-the-art methods by generating more
realistic and expressive dialog gestures. Overall, we believe
our method represents a significant milestone in advancing
dialog gesture generation.
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