
MoDiTalker: Motion-Disentangled Diffusion Model
for High-Fidelity Talking Head Generation

Seyeon Kim 1, 2*, Siyoon Jin 1*, Jihye Park 1, 2*,
Kihong Kim 3, Jiyoung Kim 1, Jisu Nam 4, Seungryong Kim 4†

1Korea University
2Samsung Electronics

3VIVE STUDIOS
4KAIST

{sey.kim, jye12.park}@samsung.com,
{siyun515, kplove01, jisunam, seungryong.kim }@kaist.ac.kr, hxngiee@gmail.com

Abstract

Conventional GAN-based models for talking head genera-
tion often suffer from limited quality and unstable train-
ing. Recent approaches based on diffusion models have at-
tempted to address these limitations and improve fidelity.
However, they still face challenges, such as intensive sam-
pling times and difficulties in maintaining temporal con-
sistency due to the high stochasticity of diffusion models.
To overcome these challenges, we propose a novel motion-
disentangled diffusion model for high-quality talking head
generation, called MoDiTalker. We introduce two modules:
the Audio-To-Motion (AToM) module, designed to generate
synchronized lip movements from audio, and the Motion-
To-Video (MToV) module, designed to produce high-quality
talking head videos based on the generated motions. AToM
excels in capturing subtle lip movements by leveraging an
audio attention mechanism. Additionally, MToV enhances
temporal consistency by utilizing an efficient tri-plane repre-
sentation. Our experiments on standard benchmarks demon-
strate that our model outperforms existing GAN-based and
diffusion-based models. We also provide comprehensive ab-
lation studies and user study results.

Code — https://github.com/cvlab-kaist/MoDiTalker

1 Introduction
Audio-driven talking head generation (Zhou et al. 2021;
Zhang et al. 2023; Wang et al. 2021a; Ji et al. 2021) aims to
generate high-fidelity head videos with lip movements syn-
chronized to given audio input. This task has been widely
studied for many practical applications, including film pro-
duction (Prajwal et al. 2020), video conferencing (Wang,
Mallya, and Liu 2021) and digital avatars (He et al. 2023).

To solve this task, traditional GAN-based methods trans-
form the audio embeddings into intermediate representa-
tions, such as dense motion fields (Yin et al. 2022; Zhang
et al. 2023) or 2D/3D facial landmarks (Zhou et al. 2020;
Wang et al. 2021a,b). Notably, recent works (Wang et al.
2021a,b; Zhang et al. 2023) have shown remarkable results
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by utilizing 3D facial models (Blanz and Vetter 2023), which
effectively capture realistic motion. However, conventional
approaches still inherit limitations of GANs, such as training
instability (Brock, Donahue, and Simonyan 2018; Miyato
et al. 2018) or mode collapse (Thanh-Tung and Tran 2020).

Meanwhile, diffusion models (Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2020) have demonstrated superior
performance in generation tasks, offering more stable train-
ing and enhanced fidelity compared to GANs. Inspired by
these advancements, recent studies (Shen et al. 2023; Sty-
pułkowski et al. 2023; Ma et al. 2023) propose diffusion-
based frameworks for talking head generation. However,
without explicit motion guidance, audio input alone is insuf-
ficient to capture the complex visual dynamics. Moreover,
these models often rely on frame-by-frame generation, lead-
ing to suboptimal temporal consistency and increased in-
ference time compared to GAN-based approaches (Prajwal
et al. 2020; Wang, Mallya, and Liu 2021).

In this paper, we introduce a novel diffusion-based frame-
work for talking head generation, dubbed MoDiTalker. We
separate the generation process into two stages. First, we
present Audio-To-Motion (AToM), a transformer-based dif-
fusion model that generates motion sequences conditioned
on audio input. Specifically, AToM predicts motion differ-
ences from an initial landmark for each frame. Our model
design, which separately processes upper and lower fa-
cial landmarks, significantly contributes to achieving su-
perior lip synchronization performance, both qualitatively
and quantitatively. Second, we propose Motion-To-Video
(MToV), a diffusion model that generates videos follow-
ing facial motion sequences from AToM. Specifically, we
leverage tri-plane representations to efficiently encode frame
sequences. MoDiTalker achieves high-fidelity talking head
generation with enhanced temporal consistency while sig-
nificantly reducing inference time complexity compared to
existing diffusion-based methods (Shen et al. 2023; Sty-
pułkowski et al. 2023; Wei, Yang, and Wang 2024).

In experiments, our framework achieves state-of-the-art
performance on HDTF dataset (Zhang et al. 2021), surpass-
ing GAN-based (Prajwal et al. 2020; Zhou et al. 2021) and
diffusion-based (Ma et al. 2023; Wei, Yang, and Wang 2024)
approaches.
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2 Related Work
Audio-driven Talking Head Synthesis
Early audio-driven talking head generation methods (Pra-
jwal et al. 2020; Liang et al. 2022; Zhou et al. 2021) re-
lied on GANs to learn audio-to-lip translation. For instance,
Wav2Lip (Prajwal et al. 2020) leverages a pre-trained Sync-
Net (Chung and Zisserman 2017) as a lip sync expert to en-
hance lip synchronization quality. However, they often pro-
duced blurry, unnatural results with limited facial expression
and head pose control. Specifically, these methods struggled
to capture the complex visual dynamics from audio input
alone. To overcome this, subsequent approaches introduced
intermediate 2D (Song et al. 2021; Lu, Chai, and Cao 2021;
Chen et al. 2019; Zhou et al. 2020) or 3D (Zhang et al.
2021; Ren et al. 2021; Zhang et al. 2023) representations
which utilize 3D Morphable Model (Booth et al. 2016) pa-
rameters, including expression, pose, and identity to better
represent facial movements. While these methods can pro-
duce smoother and natural movements, they also unavoid-
ably inherit the drawbacks of GANs, such as mode collapse
or unstable training.

To circumvent the challenges inherent in GANs, recent
studies (Stypułkowski et al. 2023; Shen et al. 2023; Wei,
Yang, and Wang 2024; Tian et al. 2024; Xu et al. 2024) have
explored diffusion-based frameworks for talking head video
generation. Some works (Stypułkowski et al. 2023; Shen
et al. 2023) inject audio features into model layers to con-
trol lip motions, leveraging the strengths of diffusion mod-
els to generate high-quality images. However, these meth-
ods often struggle to produce realistic lip movements due
to the direct injection of audio embeddings without explicit
motion guidance. To address this, AniPortrait (Wei, Yang,
and Wang 2024) incorporates 2D motion conditions from
audio through Pose Guider (Hu 2024), while EMO (Tian
et al. 2024) implicitly integrates motion information. How-
ever, these methods still suffer from slow sampling times and
temporal inconsistencies due to their frame-by-frame gener-
ation process. Meanwhile, some works (Peng et al. 2024;
Cho et al. 2024) have employed tri-plane representation for
3D talking heads, enabling greater flexibility in head move-
ment and viewing angles. However, these methods often re-
quire training a separate model for each individual, limiting
their generalizability.

We introduce a novel diffusion-based method that lever-
ages intermediate representations as motion guidance to
improve lip movement accuracy. Our approach represents
video data using a tri-plane structure, ensuring temporal
smoothness and preserving identity in generated videos.

Video Diffusion Model
Several studies (Blattmann et al. 2023; Wu et al. 2023;
Khachatryan et al. 2023) propose to fine-tune the pre-trained
text-to-image diffusion model for video generation. Al-
though they exhibit promising results with minimal compu-
tational complexity, they often encounter challenges of tem-
poral consistency at high frame rates. To alleviate this, recent
methodologies (Yu et al. 2023; Hu, Chen, and Luo 2023;
Wang et al. 2023) train the diffusion model from scratch us-

ing video datasets. While these works exhibit better tempo-
ral consistency and video quality, they struggle with mem-
ory inefficiency and controllability of video generation. To
overcome these challenges, several methods focus on a low-
dimensional latent space (Yu et al. 2023), and an autoen-
coder module (Hu, Chen, and Luo 2023) to minimize com-
putational complexity, while utilizing flow maps as a motion
condition (Wang et al. 2023) for conditional video genera-
tion. In this paper, we propose an efficient conditional video
diffusion model, tailored for talking head generation.

3 Methodology
Preliminary
Diffusion models (Ho, Jain, and Abbeel 2020; Song, Meng,
and Ermon 2020) approximate the data distribution by re-
constructing the data sample from pure Gaussian noise
through a gradual denoising process. Latent diffusion mod-
els (Rombach et al. 2022) perform this in the latent space.
In the forward diffusion process, z0 is gradually noisified
into zt at time step t ∈ {1, . . . , T}. The forward diffusion
process is formulated with pre-defined variance βt such that

zt =
√
αtz0 +

√
1− αtϵ, ϵ ∼ N (0, I), (1)

where αt =
∏t

i=1(1− βi).
For the reverse process, the neural network Fθ(zt, t) is

trained to reconstruct z0 at any time step t. The objective
function is defined by the Mean Squared Error as follows:

L = Ez,t,ϵ∼N (0,1)

[
∥z0 −Fθ(zt, t)∥22

]
. (2)

During sampling time, the neural network Fθ(zt, t) predicts
the denoised latent ẑ0,t and converts it to ẑt−1 by the repa-
rameterization trick (Kingma and Welling 2013), following:
ẑt−1 =

√
αt−1Fθ(zt, t)

+

√
1− αt−1 − σ2

t√
1− αt

(zt −
√
αtFθ(zt, t)) + σtϵ, (3)

where σt is the covariance of the Gaussian distribution.
By iteratively sampling starting from zT ∼ N (0, I) dur-

ing time step t ∈ {T, . . . , 1}, we obtain the new data sample
ẑ0 from the desired distribution. ẑ0 is then decoded to an
RGB image x̂0 by the pre-trained decoder.

Overview
Our objective is to generate a lip-synced video, X̂ =
{x̂1, . . . , x̂N}, given audio, A, and a target identity video,
X = {x1, . . . , xN}, where N represents the number of
frames. To achieve this, MoDiTalker comprises two distinct
diffusion models: Audio-to-Motion (AToM) and Motion-to-
Video (MToV). AToM generates facial motion sequences,
represented by landmarks L = {l1, . . . , lN}, from input au-
dio A, incorporating the speaker’s facial characteristics from
xid. We designate the first frame of X as xid. Subsequently,
MToV generates a realistic video, X̂ , synchronized with the
motion sequences, L, produced by AToM. MToV employs
the upper half of X as pose frames XP = {x1

P , . . . , x
N
P }

and and prioritizes generating lip movements synchronized
with audio. For providing identity condition, MToV utilizes
stacked xid as identity frames XI . The overall architecture
of MoDiTalker is illustrated in Fig. 1.
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Figure 1: Overall network architecture of MoDiTalker. Our framework comprises two components: AToM generates lip-
synchronized facial landmarks from an identity frame, xid, and audio input, A. MToV produces high-fidelity talking head
videos, X̂0, using synthesized facial landmarks L, from AToM, along with identity frames XI , and pose frames XP .

Audio-to-Motion (AToM) Model
Given audio input A and a single identity frame xid, AToM
aims to generate facial landmark sequences L, that accu-
rately reflect both the audio content of A and the facial
characteristics of xid. We extract facial landmarks lid from
the identity frame xid to provide facial characteristics. For
long video generation, the last generated motion frame be-
comes the new lid for subsequent sequences. As illustrated
in Fig. 2(a), we introduce a transformer-based diffusion
model specialized for lip-synced facial motion generation,
building upon the (Tseng, Castellon, and Liu 2023).

Architectural details. We design AToM to learn the resid-
uals ∆L = {∆l1, . . . ,∆lN} from lid. This design helps to
reduce unwanted subtle movements of keypoints, as shown
in Tab. 2. Specifically, we extract the initial facial landmark
lid from the identity frame xid using a 3D Facial Morphable
Model (3DMM) (Blanz and Vetter 2023). It is then passed
through a trainable landmark encoder to produce the land-
mark embedding FL. Note that in the training phase, we use
the frontalized facial landmarks to ensure the model focuses
on lip movements rather than head pose.

We also extract the audio embedding FA = {f1, . . . , fN}
from the audio A, using HuBERT (Hsu et al. 2021) and pass
through subsequent audio encoder. Both FL and FA are then
integrated into the cross-attention modules of the diffusion
model, by concatenating with timestep embeddings. Ben-
efiting from lid, which provides the speaker-specific facial
structure, the model is enabled to focus on speaker-agnostic
representations (e.g., lip motions) from FA. Both landmark
encoder and audio encoder are composed of simple trans-
former encoders sharing the same architecture.

Moreover, to improve lip synchronization quality, we de-
sign AToM to disentangle lip-related and lip-unrelated fa-
cial landmarks, as illustrated in Fig. 2(b). We divide the
facial landmarks into upper-half (lip-unrelated) and lower-
half (lip-related) segments, then design the network to pro-

cess them separately and subsequently merge them. The au-
dio embedding FA is exclusively injected into the cross-
attention module of the lip-related block, while the land-
mark embedding FL is conditioned after the two blocks are
merged. This architectural choice enables the model to fo-
cus solely on lip movements, preserving the other facial re-
gions, and ultimately enhancing lip sync quality. Finally,
under the conditions of FL and FA, the Gaussian noise
∆LT ∼ N (0, I) is iteratively denoised through AToM to
generate the denoised residual landmark sequences ∆L̂0.
The final facial motion sequences L are obtained by adding
∆L̂0 to the initial landmark lid.

Training. In training, the model is trained to reconstruct
∆L, using the initial landmark embedding FL for speaker-
specific facial structures and the audio embedding FA for lip
movements. Therefore, we redefine Eq. 2 for the objective
function of training AToM, FAToM, as follows:

LAToM

= E∆L,t,ϵ,FL,FA

[
∥∆L0 −FAToM(∆Lt, t;FL, FA)∥22

]
.

(4)

Here, ∆L0 is defined as the difference between facial land-
marks from ground-truth frames and those from an identity
frame, and ∆Lt is the noised version of ∆L0 at time step t.

Motion-to-Video (MToV) Model
MToV aims to generate realistic talking head videos X̂ , mir-
roring desired identities and audio inputs. To achieve this,
we use three conditions: facial landmark sequences L, pose
frames XP , and identity frames XI .

Previous diffusion-based methods (Stypułkowski et al.
2024; Shen et al. 2023) generate videos in a frame-by-frame
manner, resulting in sub-optimal temporal consistency and
identity preservation. To tackle this, as illustrated in Fig. 1,
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Figure 2: Overview of the Audio-to-Motion (AToM): (a) AToM is a transformer-based diffusion model that learns the residual
between the initial landmark, lid, and the landmark sequence, conditioned on the audio embedding FA and the initial landmark
embedding FL. In addition, (b) we design AToM block to process lip-unrelated (upper-half) and lip-related (lower-half) land-
marks, allowing the model to focus more on generating lip-related movements while preserving the facial shape of the speaker.
S.A. and C.A. represent Self Attention and Cross Attention, respectively. FiLM stands for Feature-wise Linear Modulation.

we introduce a video diffusion model that generates multi-
ple frames simultaneously based on (Yu et al. 2023) with
given conditions. However, conditioning the video diffu-
sion model traditionally requires 4-dimensional represen-
tations (Ho et al. 2022), which pose significant computa-
tional challenges during training and inference. To overcome
this limitation, we adopt tri-plane representations (Yu et al.
2023; Ho et al. 2022) to effectively employ a video dif-
fusion model. Visualizations of each feature are shown in
Fig. 3. The frontal planes primarily capture spatial informa-
tion, while the side planes capture motion information across
the temporal axis.

Architectural details. AToM synchronizes landmark se-
quences L with audio and identity. We leverage head poses
from the pose frames XP to achieve facial landmarks align-
ment. We achieve this by applying an affine transforma-
tion (Wang, Mallya, and Liu 2021) to the frontalized facial
landmarks from AToM, aligning them with the desired head
pose. Detailed process is explained in the Appendix 1.2.

These sequences are then encoded into tri-plane represen-
tations ZL = {zhwl , zhsl , zws

l } by the landmark encoder EL,
where zhwl ∈ Rc×h×w, zhsl ∈ Rc×h×s, and zws

l ∈ Rc×w×s.
Here, c, h and w denote the embedded channel, height, and
width, respectively. Specifically, zhwl provides the model
with speaker-specific facial structures, while zhsl and zws

l
encode the temporal relationships between frames.

Simultaneously, following previous works (Prajwal et al.
2020; Shen et al. 2023), we condition the model on pose
frames XP ∈ RS×C×H×W , corresponding to the upper part
of the desired video X . XP is then encoded into tri-plane
representations ZP = {zhwp , zhsp , zws

p } through the pose en-
coder EP . With pose information provided, the model no
longer needs to account for pose and can focus solely on
generating lip movements while preserving other facial re-

Figure 3: Visualization of the tri-plane features. The se-
quence shows a rendered frames followed by its denoised
latents and corresponding condition latents extracted from
motion and pose frames. Features are visualized using PCA.

gions, ultimately improving lip synchronization. Further-
more, to ensure temporal consistency in extended video gen-
eration and provide identity cues, we utilize previous video
clips as identity frames XI , following (Prajwal et al. 2020).
These frames are processed through the identity encoder EI ,
resulting in tri-plane representations ZI = {zhwi , zhsi , zws

i }.
Finally, we concatenate ZL, ZP , and ZI along the chan-
nel axis. Given the conditions of ZL, ZP , and ZI , the
pure Gaussian noise zT is gradually denoised through the
MToV process, generating the denoised video latent ẑ0. This
is then decoded back into the RGB space, X̂0, by a pre-
trained decoder. MToV can generate high-fidelity talking
head videos that exhibit enhanced temporal consistency and
identity preservation, all while requiring significantly less
computational time compared to other diffusion-based mod-
els.
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Training encoders. MToV includes three encoders: the
landmark encoder EL, identity encoder EI , and pose en-
coder EP . All encoders compress cubic-like 4D video in-
puts V ∈ RS×C×H×W into image-like three 2D latents
∈ Rc×h×w, where S, C, H , and W represent sequence,
channel, height, and width, while c, h, and w represent em-
bedded channel, height, and width, respectively. For simplic-
ity, we denote E to include all three encoders EL, EI , and EP .
The encoder E is trained using an autoencoder (Bertasius,
Wang, and Torresani 2021), where E embeds V in the RGB
space into the latent space, and the corresponding decoder D
reconstructs the latent space back into V̂ in the RGB space.

In the training phase, we use two different losses: pixel-
level reconstruction loss (Zhao et al. 2016) and the percep-
tual loss (Zhang et al. 2018), which enforce the encoder
E and decoder D to accurately embed and reconstruct the
given inputs in both image space and feature space. The to-
tal objective function is formulated as:

Lencoder = λ1EV

[
∥V − V̂ ∥1

]
+λ2EV

[
∥ϕ(V )− ϕ(V̂ )∥1

]
,

(5)
where ϕ denotes the perceptual feature extractor (Zhang
et al. 2018) and hyperparameter λ1 = λ2 = 1.

Training diffusion model. In training, the video diffusion
model learns to reconstruct talking head videos X̂ , using
landmark embeddings ZL, pose embeddings ZP , and iden-
tity embeddings ZI as conditions. We can redefine Eq. 2 for
training MToV, FMToV, as follows:

LMToV

= EX,t,ϵ,ZL,ZI ,ZP

[
∥X0 −FMToV(Xt, t;ZL, ZI , ZP )∥22

]
,

(6)

where X0 is the ground-truth talking head video, and Xt is
the noised X0 at time step t.

4 Experiments
Experimental Settings
Implementation details. For all experiments, we used
single NVIDIA RTX 3090 GPU. For AToM, we train the
model for 300k iterations with a learning rate of 1e-4. For
MToV, we train the model for 600k iterations with a learning
rate of 1e-4. To alleviate jittering, we employed a blending
technique using Gaussian blur, as described in (Chen et al.
2020). Additional implementation details are provided in the
Appendix 1.

Datasets. We used the LRS3-TED (Afouras, Chung, and
Zisserman 2018) and HDTF (Zhang et al. 2021) datasets to
train our AToM and MToV models, respectively. The LRS3-
TED dataset comprises 400 hours of TED videos, providing
a large lip-reading corpus. For AToM, we extracted video
frames at 25 fps and audio at a 16,000 Hz sampling rate. For
MToV, we randomly selected 312 videos from the HDTF
dataset for training, using remaining 98 videos for testing.

Evaluation metrics. We evaluated using metrics predom-
inantly used in this field. We used FID (↓) (Seitzer 2020)

and PSNR (↑) (Heusel et al. 2017) to assess the image
fidelity. Also, we used CPBD (↑) (Narvekar and Karam
2011) to evaluate the sharpness of the generated frames,
LPIPS (↓) (Zhang et al. 2018) to measure the visual re-
semblance, and CSIM (↑) (Deng et al. 2019) to examine
the identity preservation. For lip-sync quality, we utilized
SyncNet (Chung and Zisserman 2017) scores: LSE-D (↓),
measuring the distance between lip and audio features. , and
LSE-C (↑), measuring the confidence score between them.
We computed LMD (↓) (Chen et al. 2018) which measures
the accuracy of generating lip movements.

Qualitative Results
In Fig. 4, we present results under self-driven and cross-
driven settings. While GAN-based methods (Prajwal et al.
2020; Zhou et al. 2021) exhibit sub-optimal lip-sync
quality, they suffer from blurry outputs and jitterings.
DreamTalk (Ma et al. 2023) falls short in identity preser-
vation and temporal consistency due to its frame-by-frame
generation. This is particularly evident in cross-driven sce-
narios where the model struggles to separate speaker-
specific and speaker-agnostic representations due to audio
embedding injection via cross-attention. AniPortrait (Wei,
Yang, and Wang 2024) contains the unrealistic results with
exaggerated lip movements and additional background arti-
facts due to its teeth inpainting process. In contrast, MoD-
iTalker excels in generating high-quality videos while pre-
serving identity, temporal consistency, and demonstrating
superior generalization. This is attributed to its distinct train-
ing process, which extracts intermediate facial landmarks
from audio to produce the final video. While 3D coordi-
nate tri-plane hash representation of SyncTalk (Peng et al.
2024) helps preserve identity, which is audio-independent,
it compromises lip-sync accuracy and results in jittering and
background artifacts. In contrast, our tri-plane representa-
tion leverages the temporal axis for smooth frame transitions
and enhanced temporal consistency, without sacrificing lip-
sync accuracy. Additional comparisons with other previous
GAN-based works (Zhou et al. 2020; Wang et al. 2021a) and
diffusion-based works (Stypułkowski et al. 2024; Shen et al.
2023) and analyses on the unseen data (Cao et al. 2014) are
available in Appendix 3.

Quantitative Results
In Tab. 1, we present a quantitative comparison with existing
approaches (Prajwal et al. 2020; Zhou et al. 2021; Ma et al.
2023; Wei, Yang, and Wang 2024; Peng et al. 2024) using
the HDTF dataset (Zhang et al. 2021). MoDiTalker signif-
icantly outperforms current state-of-the-art methods across
all video quality metrics and the LMD score. Notably, our
model also achieves competitive performance in the LSE-D
score without utilizing SyncNet in our training, while previ-
ous works (Prajwal et al. 2020; Ma et al. 2023) incorporate
SyncNet loss during their training phase. This demonstrates
the superior generalizability of our method. Notably, AToM
surpasses the state-of-the-art landmark generative model,
GeneFace (Ye et al. 2023), in both lip synchronization and
identity preservation, as shown in quantitative comparison
in Tab. 2 and qualitative comparisons in Appendix 5.2. This
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Figure 4: We compare our method to state-of-the-art audio-driven methods under both self-driven and cross-driven settings. It
showcases lip shape variations corresponding to specific phonemes in the words “holidays", “and", “time", “enjoying", “life",
“teachings", “doctor" and “junior". For a more detailed comparison, please refer to our supplementary video.

is further analyzed in Ablation Study, and detailed in Tab. 2,
Tab. 3 and Appendix 4.

Ablation Study
Component analysis of AToM In Tab. 2, we aim to show
the effectiveness of each component of AToM. (I) presents
a baseline diffusion model which generates facial landmark
sequences L using only the audio condition FA. (II) repre-
sents residual prediction, where the model estimates resid-
uals ∆L rather than directly estimating L. Compared to (I)
and (II), residual prediction significantly enhances lip-sync
scores, benefiting from enhanced initialization and training

stability. (III) incorporates initial landmark embedding FL

as a condition, which remarkably boosts LMD scores and
the accuracy of the facial shape in the desired identity xid.
Lastly, (IV) presents the disentangled framework detailed in
the right part of Fig. 2, which separates lip-related and unre-
lated segments. With disentangled attention, AToM concen-
trates on lip movements while preserving other facial seg-
ments, leading to its highest performance. Combining these,
compared to GeneFace (Ye et al. 2023), AToM achieves su-
perior performance in LMD and Lip-sync scores. This is
further evident in the qualitative comparison of AToM with
GeneFace in Appendix 5.2.
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Video Quality Lip Sync.

FID ↓ CPBD ↑ PSNR ↑ LPIPS ↓ CSIM ↑ LMD ↓ LSE-D ↓
Real Video 0.00 0.43 - - 1.00 0.00 6.98

Wav2Lip (Prajwal et al. 2020) 16.34 0.35 34.81 0.03 0.90 1.43 5.86
PC-AVS (Zhou et al. 2021) 117.85 0.29 28.23 0.38 0.35 9.36 7.06
DreamTalk (Ma et al. 2023) 36.98 0.43 29.59 0.20 0.72 2.56 8.37
AniPortrait (Wei, Yang, and Wang 2024) 37.07 0.44 33.86 0.09 0.75 1.92 10.36
SyncTalk (Peng et al. 2024) 26.69 0.37 30.95 0.13 0.66 3.58 10.57

MoDiTalker 14.15 0.46 35.82 0.01 0.92 1.38 9.15

Table 1: Quantitative comparison with the state-of-the-art method on HDTF dataset. We conduct a quantitative comparison
to evaluate performance in terms of video quality and lip synchronization accuracy. A more comprehensive comparison with
additional models is provided in the Appendix.

Component LMD ↓ LSE-C ↑
GeneFace (Ye et al. 2023) 1.41 0.339

(I) Baseline 1.63 0.316
(II) (I) + Residual Prediction 1.47 0.386
(III) (II) + Landmark Embedding 1.31 0.385
(IV) (III) + Disentangled Attention (Ours) 1.26 0.390

Table 2: Component analysis on Audio-to-Motion model.

Component CSIM ↑ CPBD ↑ LMD ↓
(I) Baseline - - -
(II) (I) + Identity Frames 0.87 0.42 11.18
(III) (II) + Pose Frames 0.91 0.44 5.23
(IV) (III) + Audio Condition 0.89 0.43 2.67
(V) (III) + Facial Landmarks (Ours) 0.92 0.46 1.38

Table 3: Component analysis on Motion-To-Video model.

Component analysis of MToV We also evaluate different
configurations of MToV, as presented in Tab. 3. This abla-
tion study highlights the significance of different conditions.
(I) presents the results of the baseline model, which learns
the general data distribution without any conditions, but fails
to capture the desired lip synchronization, identity, and head
pose. (II) shows the results of introducing identity frames
as a condition, which ensures the model preserves the same
identity throughout the generated video. Moreover, (III) dis-
plays the effect of incorporating pose frames as additional
conditions. These extra conditions not only help focus the
generation on the mouth region but also accurately capture
the head pose, which notably improves both video quality
and lip-sync metrics. The introduction of audio embedding
through cross-attention layers shown in (IV) roughly aligns
with the lip movements but may lack precision. (V) over-
comes the insufficient precision by leveraging facial land-
marks from AToM and significantly enhances lip-sync accu-
racy, demonstrating the effectiveness of leveraging interme-
diate facial motion to generate high-fidelity videos.

Computational complexity. We conducted an efficiency
comparison with prior diffusion-based models. Although
several studies (Shen et al. 2023; Stypułkowski et al. 2023;

Wei, Yang, and Wang 2024) have successfully employed dif-
fusion models to generate talking head videos, their frame-
by-frame generation approach poses a significant time-
inefficiency. For instance, DiffTalk, Diffused Heads, and
AniPortrait require 1003, 716 and 63 seconds, respectively,
to produce a 5-second video at 25 fps and a resolution of
256. In contrast, our model needs only 23 seconds, demon-
strating a significant efficiency advantage. Our method is
43 times faster than DiffTalk, 31 times faster than Diffused
Heads and 2.7 times fater than AniPortrait. This speed gain
is especially valuable for producing longer videos, making
our approach much more practical for real-world use.

5 Conclusion
In this paper, we present MoDiTalker, a novel motion-
disentangled diffusion model for generating talking head
videos. MoDiTalker addresses the limitations of previous
GAN-based methods, such as mode collapse and sub-
optimal performance, by incorporating AToM, a module for
high-fidelity lip movement generation from audio and iden-
tity inputs. Furthermore, MoDiTalker overcomes the tem-
poral inconsistency and high computational cost of prior
diffusion-based models through MToV, an efficient video
diffusion model that utilizes tri-plane representations as
conditions. Our model demonstrates state-of-the-art perfor-
mance in both qualitative and quantitative evaluations, as
well as in user studies. Moreover, we significantly reduce
computational demands compared to earlier diffusion-based
approaches. Comprehensive ablation studies and user feed-
back validate the effectiveness of our approach.
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