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Abstract

Co-speech gestures are essential to non-verbal communi-
cation, enhancing both the naturalness and effectiveness of
human interaction. Although recent methods have made
progress in generating co-speech gesture videos, many rely
on strong visual controls, such as pose images or TPS key-
point movements, which often lead to artifacts like blurry
hands and distorted fingers. In response to these challenges,
we present the Implicit Motion-Audio Entanglement (IMAE)
method for co-speech gesture video generation. IMAE
strengthens audio control by entangling implicit motion pa-
rameters, including pose and expression, with audio inputs.
Our method utilizes a two-branch framework that combines
an audio-to-motion generation branch with a video diffu-
sion branch, enabling realistic gesture generation without
requiring additional inputs during inference. To improve
training efficiency, we propose a two-stage slow-fast train-
ing strategy that balances memory constraints while facili-
tating the learning of meaningful gestures from long frame
sequences. Extensive experimental results demonstrate that
our method achieves state-of-the-art performance across
multiple metrics. Project Page.

1. Introduction

Co-speech gestures are essential to non-verbal communica-
tion, playing a key role in how humans convey meaning. As
virtual agents become more interactive, generating gestures
synchronized with speech is crucial for human-computer in-
teraction. While methods exist for co-speech gesture gen-
eration [6, 22] and talking head videos [35, 42], generating
realistic co-speech gesture videos remains challenging, es-
pecially for half-body animations that mimic natural human
communication. Addressing this is critical for improving
virtual agents in content creation, entertainment, and edu-
cation.

Several methods have been proposed to address the
co-speech gesture video generation task. For instance,
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MYA [17] and Vlogger [7] utilize motion generation mod-
els to create motion data, which is then rendered as pose
image sequences to serve as strong visual control. These
pose image sequences, along with a reference image, are
then used as input to a diffusion model to generate the fi-
nal videos. Similarly, S2G [12] uses TPS keypoint move-
ments as strong visual control for gesture video generation.
However, these approaches often face challenges such as
blurry hands and distorted fingers, as the model tends to
align outputs rigidly with strong visual controls, which are
frequently imprecise and lack detailed textures.

A straightforward solution to the above issues might be
directly using audio information as the condition for video
diffusion generation, similar to prior works in talking head
generation [35, 42]. However, unlike talking head genera-
tion, co-speech gesture video generation involves produc-
ing upper-body gestures. The many-to-many mapping be-
tween audio and gestures complicates this approach, as the
correlation between audio and gestures is relatively weak.
This makes it difficult for the weak audio signal alone to
serve as an effective condition for generating co-speech ges-
ture videos. To this end, we propose our Implicit Motion-
Audio Entanglement (IMAE) method to address the co-
speech gesture video generation task. Inspired by Hand-
iffuser [26], we entangle implicit motion parameters (pose
and expression) with audio information to strengthen the
model’s audio control capability. Specifically, we employ
a two-branch framework. In addition to the video diffusion
branch, we introduce an audio-to-motion generation branch,
which integrates audio information with motion parameters
during training. This design allows the model to generate
motion parameters that are closely aligned with the audio
input while eliminating the need for additional inputs dur-
ing inference.

Training such a model is challenging, as generating
meaningful gestures requires long epochs and processing
extended frame sequences. To address this, we propose
a two-stage slow-fast training strategy. In the first stage,
we train the audio-to-motion branch with long epochs and
frame sequences. In the second stage, we jointly train the
video diffusion and audio-to-motion branches, using short
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Figure 1. Comparison with previous methods. Previous methods typically use audio to generate strong visual controls like pose images or
TPS keypoint movements to drive the reference image and create a gesture video. In contrast, our method leverages implicit motion-audio

entanglement to directly drive the reference image.

frame sequences for the video diffusion branch while con-
tinuing to feed long sequences into the audio-to-motion
branch. This approach balances effective gesture learning
with memory constraints.

We summarize our contributions as follows: 1) We
propose the Implicit Motion-Audio Entanglement (IMAE)
method, which entangles implicit motion parameters with
audio to enhance weak audio control and avoid artifacts
caused by strong visual control. 2) We introduce a two-
branch framework that integrates an audio-to-motion gener-
ation branch alongside the video diffusion branch, enabling
realistic gesture video generation without additional inputs
during inference. 3) We present a two-stage slow-fast train-
ing strategy that balances memory constraints while learn-
ing meaningful gestures from long frame sequences. 4) Ex-
tensive experiments validate our method’s state-of-the-art
performance across various metrics.

2. Related Work

Co-speech Gesture Video Generation. A common ap-
proach to co-speech gesture video generation splits the
process into two stages: audio-to-motion generation and
motion-to-video synthesis. Speech2Gesture [10] uses a
generative adversarial networks (GAN) [11] to generate 2D
skeleton movements, followed by another GAN for video
synthesis. Speech-Drives-Templates [29] applies a varia-
tional autoencoder (VAE) [19] in the first stage and image
warping in the second. Vlogger [7] utilizes two diffusion
models to generate pose images as strong visual controls
and the corresponding human videos. MYA [17] is orig-
inally designed as a pose image guided video generation
framework but can be easily adapted for co-speech gesture
video generation by integrating an audio-to-motion tech-
nique. S2G [12] employs a diffusion model to map audio
to keypoint movements, using a nonlinear thin-plate spline
(TPS) transformation to decouple latent motion from video.

These methods often encounter issues like blurry hands and
distorted fingers, as the model rigidly adheres to strong vi-
sual controls that are often inaccurate and lack fine texture
details. In contrast, our approach integrates implicit motion
parameters with audio information, offering a more flexible
and weak form of control.

Co-speech Gesture Generation. Co-speech gesture
generation aims to produce lifelike human gestures syn-
chronized with given audio inputs. Due to the complex,
many-to-many relationship between audio and gestures,
generative models have proven more effective than deter-
ministic models. Researchers have applied various gen-
erative approaches to this task. For example, GAN-based
models have been used to predict skeleton movements, en-
hancing gesture diversity [10]. Other methods have em-
ployed VAE [22, 48] and flow-based models [46] to capture
the intricate relationship between audio and gestures. Re-
cently, diffusion-based generative models have gained at-
tention, with several studies exploring their use in gesture
generation [6, 44, 52]. However, these approaches typically
generate only motions, which are later rendered as pose im-
ages rather than gesture videos. In contrast, our work in-
troduces an audio-to-motion generation branch that directly
generates implicit motion parameters without rendering, us-
ing them to enhance the model’s audio control capabilities
for co-speech gesture video generation.

Talking Head Video Generation. A related area of re-
search is talking head video generation, where key chal-
lenges include achieving precise synchronization between
lip movements and audio while maintaining the subject’s
visual realism. Researchers have tackled these challenges
using various innovative techniques. Recent advancements
have utilized large-scale pre-trained diffusion models, in-
tegrating them with specialized audio control modules to
achieve impressive results in both visual fidelity and audio-
visual synchronization [33, 35, 42]. Inspired by these
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works, we also employ audio as a direct control signal for
co-speech gesture video generation. However, since audio
alone is often too weak to effectively drive gesture video
generation, we entangle it with implicit motion parameters
to enhance the model’s control capabilities.

3. Method

3.1. Preliminary: Latent Diffusion Models (LDMs)

Latent Diffusion Models (LDMs) [4, 31] are effective and
efficient approaches for generating high-quality images or
videos by performing diffusion and denoising in the latent
space. Compared to pixel-level diffusion models [14, 30,
32], LDMs significantly reduce computational complexity
by operating in a compressed latent space derived from a
pre-trained VAE.

Given an input video & € RF>*HXWX3 3 VAE encoder
& compresses it into a latent representation z = &(x),
where z € RFxhxwxe with h < H and w < W denot-
ing the spatially downsampled dimensions and c being the
number of latent channels. To recover the original video, a
VAE decoder D reconstructs the latent representations back
into the pixel space & = D(z).

The LDM framework consists of two primary processes:
diffusion and denoising. During the diffusion phase, noise
is progressively added to the latent variable z, resulting in
a noisy latent representation z;, where t € {1,...,7T'} with
T being the total number of diffusion steps. The denoising
phase applies a learned denoising function €y (2, t, €) to it-
eratively remove the noise and recover the clean latent rep-
resentation zy. The denoising model is typically optimized
using the following objective:

Lipm = Ez,eNN(O,l),t [Hf —e€g(z,t, C)Hg] ) (D

where e represents the added noise, and ¢ represents any
conditional guidance, such as text prompts or initial frames.
The model typically adopts a 3D U-Net architecture [38, 40]
for improved temporal modeling, particularly when dealing
with video data.

In this work, we build our model on the open-sourced
Image-to-Video (I2V) diffusion model, 12VGen-XL [50],
which is capable of generating complex motions from a sin-
gle inputimage [21, 41]. While our model primarily utilizes
I12VGen-XL for dynamic video generation, it remains flexi-
ble and can also integrate other video diffusion models, such
as SVD [3].

3.2. Problem Definition

Given a human reference image I,y and an audio sequence
A € RY, where F denotes the number of frames, co-speech
gesture video generation seeks to produce a video that faith-
fully retains the appearance of the individual in Iy while
synchronizing fluidly with the audio sequence A € RY.

The goal is to generate a video that not only preserves the
visual identity of the reference image but also captures the
nuances of the speaker’s style in the audio. This results in
natural, expressive gestures closely tied to the audio cues,
creating a cohesive and lifelike video.

3.3. Network Pipelines

3.3.1. Reference Encoder

In human-centered video generation, reference control is es-
sential for preserving fine-grained appearance details across
frames, such as facial identity and clothing textures. This
ensures consistency between the reference image and the
generated video. Previous methods like ControlNet [49] fall
short because they rely on control features (e.g., depth and
edge maps) that are spatially aligned with the target image.
Such reliance does not accommodate the spatial misalign-
ment between reference and target images inherent in our
task. Similarly, methods like ReferenceNet [5, 16] intro-
duce computational inefficiencies by employing complex
attention mechanisms to handle reference features, which
significantly increase the computational load.

In co-speech gesture generation, we focus on a few iden-
tities since learning gestures for each identity requires sub-
stantial data, and scaling to more identities significantly in-
creases data needs. Therefore, using a heavy encoder is
unnecessary for this setting. To address this, we utilize a
lightweight reference encoder [36] composed of a series
of residual-connected convolutional modules to extract ref-
erence features. More importantly, the reference encoder
adjusts the feature dimensions to match those of the noise
latent, allowing the features to be added together for fur-
ther learning. In addition, I2VGen-XL utilizes the VAE
and CLIP encoders to extract low-level and high-level fea-
tures from the reference image, respectively. These features
are integrated into the video diffusion model through cross-
attention, and we preserve this component in our approach.
For clarity and simplicity, we omit this part in Fig. 2.

3.3.2. Audio-to-Motion Generation

Current diffusion-based methods often rely on strong vi-
sual control for generating co-speech gesture videos, typ-
ically using an audio-to-motion framework that first gen-
erates pose image sequences [17] or TPS keypoint move-
ments [12]. These approaches often lead to blurry hands
and distortions due to artifacts introduced when forcibly
aligning outputs with strong visual controls. A more
straightforward approach would be to directly condition the
diffusion model on audio information. However, relying
solely on audio is insufficient due to the weak correlation
between audio and gestures. To address this, we propose
enhancing the audio input with implicit motion information.
Specifically, we incorporate SMPL-X [27] motion param-
eters, comprising poses and expressions, into our training
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Figure 2. Overview of our method. Video frames are encoded using a VAE encoder and fused with multi-frame noise, after which the video
diffusion model performs the denoising process for video generation. A reference image is encoded using a reference encoder, and the
extracted features are added at the position following the cross-attention module in the video diffusion model. Motion parameters, including
pose and expression, are concatenated with the encoded audio features. After being fused with noise, pose and expression encoders are
employed for the denoising process to generate motion parameters. The resulting motion parameter representation is then passed to the
video diffusion model through cross-attention. Note that a frozen pretrained Hubert model and a trainable temporal self-attention layer are
utilized during the audio encoding process. A more detailed explanation is provided in the method section.

process, and subsequently generate the corresponding mo-
tion parameters during inference. Formally, given an audio
sequence A € RY, the model generates a motion parame-
ter sequence, including a pose vector 3 € R¥*37 for joint
rotations, capturing finger articulation across J joints, and
an expression vector @ € R*100 for facial expressions.

Audio Encoding. Given an audio sequence A € R¥ we
extract the MFCC feature and process it with one tempo-
ral self-attention layer. Concurrently, we use a pre-trained
HuBERT [15] model to extract the semantic feature. After-
ward, two types of features are concatenated and fused by a
linear layer.

Motion Parameter Generation. Given the extracted
audio features, a conventional approach is to use a cross-
attention layer to condition motion parameter generation
on these audio features. However, the attention mecha-
nism inherently highlights only partial information during
the generation from the audio embedding to the correspond-
ing motion parameter, resulting in diminished audio infor-
mation during subsequent video generation. To address
this limitation, we propose concatenating the audio features
with noisy motion parameters during training to retain the
strength of the audio signal, inspired by [6].

For processing pose and expression information, we em-
ploy two transformer encoders, each comprising a series of

temporal self-attention layers to handle the respective fea-
tures. Once the motion features are encoded, the resulting
representation is passed to the video generation branch via
cross-attention, ensuring effective integration of the motion
data into the video synthesis.

It is important to note that we do not use classifier-free
guidance [13] in our framework, as our goal is to enhance
the audio information using motion parameters, not to intro-
duce variability in motion generation. Moreover, the video
diffusion branch already incorporates diversity, and adding
diversity to the audio-to-motion branch would significantly
complicate training.

3.4. Slow-Fast Training and Inference

3.4.1. Training Strategy

Training our network presents significant challenges. First,
audio-to-motion generation generally requires extended
training epochs (e.g., 3000), but training video diffusion
models over such prolonged epochs can be time-consuming.
Second, video diffusion models typically utilize a limited
number of frames (e.g., 16) due to memory constraints;
however, this is insufficient for capturing meaningful ges-
tures, which often last longer. To address these challenges,
we propose a two-stage slow-fast training strategy.

In the first stage, we focus exclusively on training
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Figure 3. Illustration of our slow-fast training and inference pro-
cess. During the second training stage, audio is processed over a
longer frame sequence, while the video is trained on a randomly
selected shorter continuous frame sequence. Note that only the
corresponding audio frames are passed to the video generation
model. During inference, both the audio-to-motion branch and
the video diffusion branch process the same number of frames, as
the inference phase requires less GPU memory than the training
procedure.

the audio-to-motion branch with an extended sequence of
frames (F). The loss function at this stage is similar to
Eq. 1, with motion denoted as m:

Lot =B om0y [ll€ — co(me,t, 03], ()

where Ly represents the audio-to-motion branch loss.

In the second stage, we inherit the weights from the
audio-to-motion branch and initialize the video diffusion
model using the pre-trained 12VGen-XL model [50]. Dur-
ing this stage, we continue using the longer frame sequences
(F') for the audio-to-motion branch while randomly select-
ing a continuous sequence of shorter frames (f) for the
video diffusion branch. The training losses at this stage are:

L = Lipm + Ly, 3)

where £ pm denotes the loss for the video diffusion model.
This two-stage strategy allows us to effectively train the
model while managing memory constraints.

3.4.2. Inference

During inference, given an audio sequence (F'), all frames
are passed entirely to the video diffusion model, as the infer-
ence phase requires less GPU memory than the training pro-
cess. For long video generation (> F'), previous methods
often use complex schemes, such as overlap denoising [17]
or optimal motion selection [12]. However, in our experi-
ments, we find that simply using the last frame of the previ-
ously generated clip as a reference image is sufficient.

An illustration of our slow-fast training and inference
process is shown in Fig. 3.

4. Experiment
4.1. Dataset

Following previous work [12, 23], our dataset is constructed
from the PATS dataset [1, 2, 10]. To minimize the costs
and time associated with manual filtering and annotation,
we developed an efficient pipeline that automates video fil-
tering and produces high-quality annotations. Specifically,

we focus on four individuals: Oliver, Noah, Seth, and Huck-
abee. Using identity labels, we automatically download
videos from YouTube' and apply several processing steps,
including filtering and annotation, as described in the Sup-
plementary Material. The detailed statistics are provided in
Table. 1.

4.2. Metrics

For better comparison with existing works, we follow the
previous work [12] to design our evaluation metrics. We
assess the quality, diversity, and synchronization between
gestures and speech using four key metrics: Fréchet Gesture
Distance (FGD) [29], Diversity (Div.) [24], Beat Alignment
Score (BAS) [20], and Fréchet Video Distance (FVD) [37].

FGD quantifies the distributional discrepancy between
real and synthesized gestures within the feature space. Di-
versity measures the average feature distance among gen-
erated gestures, indicating their variability. To compute
both FGD and Diversity, we first extract 2D human skele-
tons using the DWPose [45] framework, a readily avail-
able pose estimation tool, and train an auto-encoder using
skeleton data from our training dataset. BAS represents the
mean distance between the nearest speech beats and cor-
responding gesture beats, ensuring temporal coherence be-
tween speech and gestures. For this metric, skeletons are
also extracted from the test set to identify the gesture beats.
FVD assesses the overall fidelity of the gesture videos by
leveraging the 13D [39] classifier, which is pre-trained on
the Kinetics-400 [18] dataset, to compute FVD within the
feature space.

We also conduct a user study to validate the qualitative
performance of our model, which is introduced in the Sup-
plementary Material.

4.3. Qualitative Results

We present our results for four identities in Fig. 4. As
shown, our model generates high-quality co-speech gesture
videos that are both clear and consistent. Additional video
results can be found in the supplementary material.

4.4. Comparisons

We compare our method with two open-source prior works,
S2G [12] and MYA [17]. For a fair comparison, we finetune
their pre-trained models using our proposed dataset. Note
that S2G 1is designed for co-speech gesture video genera-
tion, while MYA is focused on pose images guided video
generation. Therefore, we first train an audio-to-motion
model, DiffSHEG [6], on our dataset to generate the pose
images for MYA. The results are presented in Fig. 5 and
Table. 2. Video comparison results are included in the sup-
plementary material. The results of the user study are intro-
duced in the Supplementary Material.

Uhttps://github.com/yt-dlp/yt-dip
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Identity Posture Resolution Duration / h Train/ h Test/h
Oliver Sitting 720x1280 13.73 13.20 0.53
Noah Sitting 1080x1920 10.73 10.20 0.53

Seth Sitting 1080x1920 5.66 5.24 0.42
Huckabee Standing 1080x1920 2.88 2.76 0.12
All - - 33.00 31.40 1.60

Table 1. Data Statistics.

Oliver

Noah

Seth

Huckabee

Figure 4. Qualitative results. From top to bottom, the identities are Oliver, Noah, Seth, and Huckabee. Given a reference image (the leftmost
image) and an accompanying audio sequence (not depicted), our model generates high-quality co-speech gesture videos corresponding to
the input. More video results are provided in the supplementary material.

As illustrated in Fig. 5, our method generates high-
quality videos without blurry hands or finger distortion. In
contrast, S2G and MYA suffer from blurry hands and dis-
torted fingers. It is important to note that the blur produced
by our method is natural motion blur, whereas the blur in
S2G and MYA is caused by their strong visual TPS key-
point or pose image control. These flaws are even more
pronounced in the videos, and we encourage readers to re-
view the video comparisons available in the supplementary
material. Additionally, MYA often memorizes appearance
features during training. This causes the generated videos
to replicate the memorized appearance instead of using the
reference image, resulting in inconsistencies, as shown in
Fig. 5.

The quantitative results are presented in Table. 2. As
seen in Table. 2, our model achieves state-of-the-art per-
formance across three objective metrics. In particular, the
superior results on FGD and Diversity demonstrate our
model’s effectiveness in generating natural and diverse ges-

Model FGD] Div.T BAST FVD]

S2G[12] 369 18059 0.7280 816.03

MYA [17] 2424 22414 0.7452 1823.97
Ours  1.87 27372 0.7445 681.33

Table 2. Quantitative comparison with previous works on four
objective metrics. Bold text indicates the best performance.

tures. In addition, our model achieves the best FVD per-
formance, indicating its ability to generate higher-quality
videos compared to previous works. The lower BAS per-
formance of our method compared to MYA may be due to
the audio-to-motion generation stage we trained for MYA.
While it does not produce ideal gestures, it effectively cap-
tures the alignment between gesture peaks and audio peaks,
which positively impacts the BAS metric.

4.5. Ablation Analysis

Without Reference Encoder. To assess the effectiveness
of our proposed reference encoder, we experiment by re-
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Unless every single one of her emails was just a JPEG of a dog dressed as Dracula, in which case

Figure 5. Qualitative comparison with previous works. The leftmost image in the GT column is used as the reference image. Red circles
highlight the obvious flaws in previous methods. As shown, prior works struggle with issues such as blurry hands and distorted fingers. In
contrast, our method generates high-quality videos without these artifacts. Video results are available in the supplementary material.

Model FGD| Div.1 BAST FVDJ
w/o Ref 1427 19473 07419 1513.81
w/oMotion  21.95 189.02 0.7400 2406.91
wlo First Stage ~ 48.86  180.60 0.7373 2373.28
w/o Slow-Fast 1227  199.11 0.7411 1314.56
Ours 1.87 27372 0.7445 681.33

Table 3. Quantitative ablation study on four objective metrics.
Bold text indicates the best performance.

moving it during training and relying solely on the VAE
and CLIP encoders for extracting reference image features.
As shown in Fig. 6, the generated video exhibits inconsis-
tencies with the reference image, especially, the color of
the clothes is noticeably different. Additionally, remov-
ing the reference encoder degrades visual quality, result-
ing in a lower FVD score as shown in Table. 3. This de-
cline in visual quality also compromises pose estimation
accuracy, leading to lower performance on other objective
metrics. These results emphasize the reference encoder’s
importance and effectiveness in maintaining visual consis-
tency and overall quality.

Without Motion Parameter Generation. To evaluate
the effectiveness of our proposed motion-audio entangle-
ment scheme, we experiment by removing the motion pa-
rameter generation and relying solely on audio information
for guidance. For a fair comparison, we retain both pose and
expression transformer encoders to process the audio fea-
tures. As shown in Fig. 6, the generated video exhibits dis-
torted hands, extra fingers, and hands that appear detached
from the body. These artifacts indicate that relying only
on audio results in a weak correlation between audio and
video during training, negatively impacting generalization
during testing. Additionally, this configuration produces
lower scores on objective metrics as shown in Table. 3, par-
ticularly in FVD, demonstrating that relying solely on weak
audio information leads to poorer overall visual quality dur-
ing testing.

Without First Stage Training. In our experiments, we
follow a two-stage training strategy. Here, we evaluate the
effect of removing the first stage and directly training the
second stage. Skipping the first stage forces the model to
focus more on the motion parameter generation branch dur-
ing training, which in turn compromises the video genera-
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Figure 6. Qualitative ablation study. The leftmost image is used as the reference image. Red circles highlight the obvious flaws in
incomplete settings. As shown, removing certain modules leads to issues such as extra hands, and distorted or additional fingers. In
contrast, our full method generates high-quality videos without these artifacts. Video results are available in the supplementary material.

tion capabilities. As shown in Fig. 6, the generated video
exhibits issues such as extra fingers, and more critically,
significant motion inconsistency. We encourage readers to
view the supplementary videos to clearly observe this flaw.
Furthermore, training without the first stage yields the worst
FGD and Diversity scores and results in the second-worst
FVD, as shown in Table 3. This outcome suggests that
bypassing the first stage leads to even poorer performance
in entangling motion information than omitting motion en-
tirely, indicating that the absence of first-stage training sig-
nificantly hampers the video diffusion branch’s training.
Without Slow-Fast Training. To evaluate the effective-
ness of our slow-fast training scheme, we train the audio-
to-motion branch using shorter frame sequences instead of
longer frame sequences. As shown in Fig. 6, the generated
results exhibit artifacts such as extra hands, and the mo-
tion shaking is severe. We encourage readers to watch the
supplementary videos to better observe these issues. As in-
dicated in Table 3, removing the slow-fast training scheme
leads to lower performance across all objective metrics, fur-
ther highlighting its importance in achieving smooth and

realistic generation.
We also conduct a user study about ablation analysis,
which is introduced in the Supplementary Material.

5. Conclusion

In this paper, we introduce the Implicit Motion-Audio En-
tanglement (IMAE) method, designed to tackle key chal-
lenges in co-speech gesture video generation by integrating
implicit motion parameters with audio information. Our in-
novative two-branch framework, which combines an audio-
to-motion generation branch with a video diffusion branch,
facilitates realistic gesture generation without requiring ad-
ditional inputs during inference. To optimize the training
process, we propose a two-stage slow-fast training strat-
egy, allowing the model to learn meaningful gestures ef-
ficiently while addressing memory constraints. Addition-
ally, we demonstrate the state-of-the-art performance of our
method on our constructed dataset. Extensive experiments
and analysis confirm that our approach generates realistic,
natural co-speech gesture videos that align seamlessly with
the audio.
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