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Abstract

The area of portrait image animation, propelled by audio in-
put, has witnessed notable progress in the generation of life-
like and dynamic portraits. Conventional methods are limited
to utilizing either audios or facial key points to drive images
into videos, while they can yield satisfactory results, certain
issues exist. For instance, methods driven solely by audios
can be unstable at times due to the relatively weaker audio
signal, while methods driven exclusively by facial key points,
although more stable in driving, can result in unnatural out-
comes due to the excessive control of key point informa-
tion. In addressing the previously mentioned challenges, in
this paper, we introduce a novel approach which we named
EchoMimic. EchoMimic is concurrently trained using both
audios and facial landmarks. Through the implementation of
a novel training strategy, EchoMimic is capable of generat-
ing portrait videos not only by audios and facial landmarks
individually, but also by a combination of both audios and
selected facial landmarks. EchoMimic has been comprehen-
sively compared with alternative algorithms across various
public datasets and our collected dataset, showcasing superior
performance in both quantitative and qualitative evaluations.
The code and models are available on the project page.

Project Page — https://antgroup.github.io/ai/echomimic

Introduction

The recent advancement in image generation has been
greatly advanced by the introduction and effectiveness of
Diffusion Models (Rombach et al. 2022; Dhariwal and
Nichol 2021; Ho, Jain, and Abbeel 2020). Through rigorous
training on large image datasets and a stepwise generation
process, these models enable the creation of hyper-realistic
images with unprecedented detail. This innovative progress
has not only reshaped the field of generative models but has
also expanded its application into video synthesis for craft-
ing vivid and engaging visual narratives. In the realm of
video synthesis, a significant focus lies in generating human-
centric content, notably talking head animations, which in-
volves translating audio inputs into corresponding facial ex-
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Figure 1: EchoMimic is capable of generating portrait
videos by audios, facial landmarks and a combination of
both audios and selected facial landmarks.

pressions. This task is inherently complex due to the intri-
cate nature and diversity of human facial movements. Con-
ventional methods, despite simplifying the process through
constraints such as 3D facial modeling or motion extraction
from base videos, often compromise the richness and au-
thenticity of facial expressions.

Portrait animation, a subset of this domain, involves trans-
ferring motion and expressions from a source video to a tar-
get portrait image using Generative Adversarial Networks
(GANSs) and diffusion models. Despite the structured two-
stage process followed by GAN-based methods (Drobyshev
et al. 2022; Liu et al. 2023), which includes feature warping
and refinement, they are limited by GAN performance and
inaccurate motion depiction, resulting in unrealistic outputs.
In contrast, diffusion models have exhibited superior gen-
eration capacity, leading to their adaptation for portrait ani-
mation tasks. Efforts to enhance these models with special-
ized modules have been pursued to preserve the portrait’s
identity and accurately model target expressions. However,
challenges such as distortions and artifacts persist, particu-
larly when working with unconventional portrait types, due
to inadequate motion representation and inappropriate loss
functions for the specific demands of portrait animation. The
field faces the dual challenges of synchronizing lip move-
ments, facial expressions, and head poses with audio in-
puts, and producing visually appealing, high-fidelity anima-
tions with consistent temporal coherence. While paramet-
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Figure 2: The overall pipeline of the proposed EchoMimic (EM) framework.

ric model-based solutions rely on audio-driven intermedi-
ate representations such as 3DMM (Sun et al. 2023), their
limitations are imposed by the adequacy of these repre-
sentations. Decoupled representation learning in the latent
space provides an alternative approach by independently ad-
dressing the identity and non-identity aspects of facial fea-
tures. However, it encounters difficulties in achieving com-
prehensive disentanglement and ensuring consistency across
frames.

The quest for progress in portrait animation, particularly
talking head image animation, holds substantial significance
across various sectors, including gaming, media production,
and education. Notable works such as Stable Diffusion (SD)
and DiT (Diffusion Models with Transformers) (Peebles and
Xie 2023) demonstrate notable advancements in this field.
The incorporation of diffusion techniques and parametric or
implicit representations of facial dynamics in a latent space
facilitates the end-to-end generation of high-quality, realistic
animations. However, traditional approaches are constrained
to utilizing either audio or facial landmarks for driving im-
ages into videos. While these methods can produce satisfac-
tory results, they are associated with specific limitations. For
example, approaches driven solely by audio may experience
instability due to the relatively weaker audio signal, whereas
methods exclusively driven by facial landmarks, although
more stable in driving, can lead to unnatural outcomes due
to the excessive control of landmark information.

To address the aforementioned challenges, in this paper,
we present a novel approach called EchoMimic. EchoMimic
is concurrently trained using both audio signals and facial
landmarks. Leveraging a novel training strategy, as shown
in Figure 1, EchoMimic demonstrates the ability to generate

2404

portrait videos using either audios or facial landmarks inde-
pendently, as well as a combination of audios and selected
facial landmarks. EchoMimic is extensively compared with
alternative algorithms across diverse public datasets and our
collected dataset, demonstrating superior performance in
both quantitative and qualitative evaluations.

Related Work
Diffusion Models

Diffusion models have ascended as pivotal generative ar-
chitectures, showcasing versatility across multimedia tasks
(Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020).
Notably, Score-based Diffusion (SD) models, employing a
UNet architecture (Ronneberger, Fischer, and Brox 2015),
condition image synthesis on textual descriptions, leverag-
ing large multimodal datasets (Radford et al. 2021). Post-
training, these models exhibit flexibility in creative appli-
cations, spanning static to dynamic visual media. Innova-
tions, such as Diffusion Models for Text-to-Video Synthesis
(DiT) (Peebles and Xie 2023; Esser, Rombach, and Ommer
2021), integrate Transformers with temporal and 3D con-
volutions, enhancing video generation capabilities. Diffu-
sion models also excel in creating lifelike animated portraits,
termed “talking heads”.

Portrait Animation

The evolution of talking head animation has shifted from
video-based to image-based approaches, improving real-
ism and expressiveness. Wav2Lip (Prajwal et al. 2020) pi-
oneered audio-driven lip synchronization but faced real-
ism constraints. Recent methods, like Animate Anyone (Hu



2024) and EMO (Tian et al. 2024), leverage diffusion mod-
els for enhanced control and consistency in synthesized ani-
mations. SadTalker (Zhang et al. 2023) generates 3D motion
coefficients from audio for realistic head movement and fa-
cial expressions. AniPortrait (Wei, Yang, and Wang 2024)
translates audio to detailed 3D facial structures, enriching
facial motion. V-Express (Wang et al. 2024) and Hallo (Xu
et al. 2024) refine audio-visual synchronization, facial dy-
namics, and motion variety, achieving high-quality video
synthesis.

Despite advances, image-based methods often condition
synthesis on audio or pose independently, lacking integrated
control. Evaluation metrics favor image quality over facial
dynamics, underscoring the need for comprehensive assess-
ments. Addressing these gaps is crucial for advancing the
realism and fidelity of talking head animations.

Method
Preliminaries

Our approach is grounded in Stable Diffusion (SD), a semi-
nal framework in text-to-image (T2I) conversion that builds
upon the Latent Diffusion Model (LDM) (Rombach et al.
2022). Central to SD is the application of a Variational Au-
toencoder (VAE) (Kingma and Welling 2013), which acts as
an autoencoder. This mechanism transforms the original im-
age’s feature distribution, denoted as z, into a latent space
representation zy. The encoding phase captures the image
essence as zo = E(xq), whereas the decoding counterpart
reconstructs it back to g = D(zp). This design significantly
curtails computational expenses without compromising vi-
sual quality.

SD integrates principles from the Denoising Diffusion
Probabilistic Model (DDPM) (Ho, Jain, and Abbeel 2020) or
its variant, the Denoising Diffusion Implicit Model (DDIM)
(Song, Meng, and Ermon 2020), introducing a strategic el-
ement of Gaussian noise € to the latent representation z,
yielding a temporally indexed noisy latent state z; at step
t. The inferential phase of SD revolves around a dual ob-
jective: progressively eliminating this injected noise € from
z; and concurrently leveraging textual directives. By seam-
lessly incorporating text embeddings, SD directs the denois-
ing process to yield images that adhere closely to the pre-
scribed textual prompts, thereby realizing finely controlled,
high-fidelity visual outputs. The objective function guiding
the denoising process during training is formulated as fol-
lows:

L=FEic.llle— ez, t,c)|?] (1)

Here, c signifies the text features extracted from the in-
put prompt utilizing the CLIP (Radford et al. 2021) ViT-
L/14 text encoder. Within the Stable Diffusion (SD) frame-
work, the estimation of the noise € is accomplished by a cus-
tomized UNet (Ronneberger, Fischer, and Brox 2015) archi-
tecture. This UNet model has been augmented with a cross-
attention mechanism, allowing for the effective integration
of text features ¢ with the latent representation z;, thereby
enhancing the model’s capability to generate images that are
coherent with the provided text guidance.
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Model Architecture

The core of the proposed EchoMimic framework is the
Denoising U-Net architecture, as shown in Figure 2. To
improve the network’s ability to handle diverse inputs,
EchoMimic includes specialized modules: the Reference U-
Net for encoding reference images, the Landmark Encoder
for using facial landmarks, and the Audio Encoder for pro-
cessing audio inputs. These components ensure comprehen-
sive encoding, essential for generating high-quality video
content.

Denoising U-Net. This architecture enhances multi-frame
latent representations corrupted by noise, inspired by the
SDv1.5 architecture. It incorporates three attention layers
within each Transformer block: the Reference-Attention
layer for encoding the relationship between the current
frame and reference images; the Audio-Attention layer for
capturing the interaction between visual and audio content;
and the Temporal-Attention layer for deciphering temporal
dynamics between consecutive video frames.

Reference U-Net. The Reference U-Net mirrors the
SDv1.5 design and operates in parallel with the Denoising
U-Net. Each Transformer block uses a self-attention mech-
anism to extract reference image features, which are then
utilized in the Reference-Attention layer of the Denoising
U-Net. The Reference U-Net encodes the reference image
without introducing noise, ensuring its essence is accurately
captured and seamlessly integrated into the generative pro-
cess.

Audio Encoder. The Audio Encoder derives the audio
representation embedding from the input audio sequence
using the pre-trained Whisper-Tiny model (Radford et al.
2023). For each generated frame, the audio features are con-
catenated with those of adjacent frames to consider temporal
context. The Audio-Attention layers in the Denoising U-Net
implement a cross-attention mechanism between the latent
code and the audio features, ensuring the synthesized char-
acter’s motion is finely tuned to the accompanying audio.

Landmark Encoder. The Landmark Encoder, imple-
mented as a streamlined convolutional model, encodes each
facial landmark image into a feature representation aligned
with the latent space dimensions. These features are directly
integrated with the multi-frame latents via element-wise ad-
dition, enabling the incorporation of precise spatial infor-
mation critical for maintaining accurate anatomical structure
and movement.

Temporal Attention Layer. The Temporal-Attention lay-
ers capture the dependencies between successive frames
by reshaping the hidden state and applying self-attention
mechanisms along the temporal axis. Given a hidden state
h € Rb*Ixdxhxw where b, f, d, h, and w denote the
batch size, the number of frames, the feature dimension, the
height, and the width, respectively, the hidden state is re-
shaped to h € R(OXhxw)xfxd This enables the application
of self-attention mechanisms along the temporal axis, ensur-
ing smooth and harmonious transitions in the synthesized
frames.

These components collectively enable EchoMimic to pro-
duce video sequences with high temporal consistency and
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Figure 3: Video generation results of the proposed EchoMimic given different portrait styles and audios.

natural, fluid motion, enhancing the overall visual quality
and realism of the generated content.

Spatial Loss. Since the resolution of latent space (64 x 64
for 512 * 512 image) is relative too low to capture the sub-
tle facial details, a timestep-aware spatial loss is proposed
to learning the face structure directly in the pixel space. In
particular, predicted latent z; is first mapped to zp by sam-
pler. Then the predicted image is obtained via passing zg to
the vae decoder. Finally, the mse loss is computed on the
predicted image and its corresponding ground truth. Besides
mse loss, LPIPS loss is adopted to further refine the details
of the image. Further, since it is difficult for the model to
converge when timestep ¢ is large, we propose a timestep-
aware function to reduce the weight for large . Detailed ob-
jective function is shown below:

Ob.] = Ligtent + )\Lspatial 2)
Lspatiar = w(t)[L2(Ip, Igr) + LPIPS(IL,, Icr)] (3)
w(t) = cosine(t x 7 /2T) (Y]

Training Details

We adopt a two-stage training strategy following previous
works. And we propose efficient techniques including ran-
dom landmark selection and audio augmentation to boost
the training process.

Stagel. In stagel, reference unet and denoising unet are
training on single frame data to learning the relations be-
tween image-audio and image-pose. In particular, temporal
attention layer is not inserted to the denoising unet in stagel.
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Method FID| FVD|, SSIMt ED| SCt
SadTalker 41.53 1138.05 0.79 224 357
AniPortrait  53.14 1038.23 0.75 193 4.12
V-Express 5823 118420  0.72 1.80 6.01
Hallo 37.65 501.07 0.78 1.52  6.64
EchoMimic 29.13  492.78 0.81 111 6.37

Table 1: The quantitative comparisons with the existed por-
trait image animation approaches on the HDTF.

Stage2. In stage2, temporal attention layer is inserted into
denoising unet. And the overall pipeline is trained on 12-
frame videos for the final video generation. Only the tempo-
ral model is trained while the other parts are frozen during
stage2.

Random Landmark Selection. To achieve robust
landmark-based image driven, we propose a technique
called Random Landmark Selection (RLS). In particular,
the face is split into several parts including eyebrows, eyes,
pupils, nose and mouth. During training, we randomly drops
one or several parts of the face.

Spatial Loss and Audio Augmentation. During our ex-
periments, we find that two key techniques can significant
improve the quality of the generated video. One is the above
proposed spatial loss, which forces the diffusion model to
learn the spatial information directly from the pixel space.
The other is audio augmentation, which inserts noise and
other perturbations to the original audios to achieve similar
data augmentations as the images do.



Method FID) FVD), SSIM{ ED| SCt
SadTalker ~ 93.88 145432 0.64 397 3.71
AniPortrait  92.01 1297.81  0.61 391 4.75
V-Express 9548 212624 052 472 5.79
Hallo 7042 107371  0.64 2.85 6.07
EchoMimic 63.25 111585 0.63 272 6.14

Table 2: The quantitative comparisons with the existed por-
trait image animation approaches on the CelebV-HQ dataset.

Method FID, FVD, SSIM? ED| SC}
SadTalker  64.63 1681.83 0.69  2.15 3.85
AniPortrait  59.69 154431  0.66 231 496
V-Express 6272 210321 065 1.68 627
Hallo 5047 140521  0.69 145 675
EchoMimic 4327 98814 069 142 6.81

Table 3: The quantitative comparisons with the existed
portrait image animation approaches on the our collected
dataset.

Inference

For the audio-driven case, the inference process is straight-
forward. While for the pose-driven or audio+pose-driven
case, it is important to align the pose with the reference im-
age according to previous works. Despite there are several
techniques proposed for motion alignment, challenges still
exist. For instance, existing methods usually apply full face
perspective warp affine while ignoring the matching of facial
parts. To this end, we propose a developed version of motion
alignment called part-aware motion synchronization.

Part-aware Motion Synchronization. Part-aware Mo-
tion Synchronization splits the face into several parts. Then,
a transformation matrix is first computed on full face. Fi-
nally, an extra residual transformation matrix is computed
on each part, which will add to the previous matrix to obtain
the final matrix.

Experiments
Experimental Setups

Implementation Details. Experiments involved training
and inference phases on a high-performance computing
setup with 8 NVIDIA A100 GPUs. Training comprised two
segments of 30,000 steps each, using a batch size of 4 with
512 x 512 pixel video data. In the second phase, 14 video
frames were generated per iteration, incorporating latent
variables from the motion module with the initial 2 actual
video frames. A constant learning rate of 1e-5 was used. The
motion module was initialized with pre-trained Animatediff
weights. During training, elements such as the reference im-
age, guiding audio, and motion frames were randomly omit-
ted with a 5% chance. For inference, latent variables per-
turbed with noise were merged with feature representations
from the previous motion frames to ensure sequential coher-
ence.
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Figure 4: Comparisons with different baseline methods.

Datasets. We collected approximately 540 hours (about
130,000 15-second video clips) of talking head videos,
augmented with the HDTF and CelebV-HQ datasets. Data
cleaning focused on retaining videos with a single speaker,
consistent lip movements, and minimal camera movement.
Facial landmarks were extracted using MediaPipe.

Evaluation Metrics. Performance was assessed using
FID, FVD, SSIM, E-FID (ED) and Sync-C (SC). FID and
FVD measure synthetic image realism, with lower scores in-
dicating better performance. SSIM evaluates structural sim-
ilarity between ground truth and generated videos. E-FID
evaluates facial expression authenticity through face recon-
struction and FID calculation of extracted parameters. Sync-
Net (Chung and Zisserman 2017) is used to calculate Sync-
C, which act as indicators of audio-lip synchronization ac-
curacy.

Baseline. Our method was compared against SadTalker
(Zhang et al. 2023), AniPortrait (Wei, Yang, and Wang
2024), V-Express (Wang et al. 2024) and Hallo (Xu et al.
2024) across the HDTF, CelebV-HQ, and our collected
dataset. A 90:10 split was used for identity data, with 90%
for training. Qualitative comparisons evaluated the reference
images, audio inputs, and animated outputs.

Quantitative Results

Comparison on HDTF Dataset. Table 1 presents a quanti-
tative evaluation of various portrait animation methods on
the HDTF dataset. EchoMimic outperforms others across
multiple metrics. Notably, it achieves the lowest FID score
(29.13) and FVD score (492.78), indicating superior visual
quality and temporal coherence. Additionally, EchoMimic
excels in lip synchronization, as evidenced by the highest
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Figure 5: Video generation results of the proposed EchoMimic given different portrait styles and landmarks.

SSIM (0.81) and E-FID (1.11) scores. These results high-
light the effectiveness of our method in generating visually
compelling and temporally coherent talking head animations
with precise lip movement synchronization. For better com-
parisons, some visual samples are provided in Figure 4.

Comparison on CelebV-HQ Dataset. The CelebV-HQ
dataset has lower video quality compared to HDTF and our
collected datasets, leading to lower scores across all meth-
ods. Table 2 presents a quantitative evaluation using the
CelebV-HQ dataset. Our proposed EchoMimic achieves the
lowest FID score (63.25) and E-FID score (2.72) among
the compared methods, and yields the highest Sync-C score
(6.14). These results show its capability to generate high-
fidelity animations with excellent temporal consistency.

Comparison on Our Collected Dataset. Table 3 presents
the evaluation results for our collected dataset. Our proposed
EchoMimic achieves the lowest FID (43.272) and FVD
(988.144) scores, indicating superior visual quality and tem-
poral consistency. It also attains a competitive SSIM score
(0.691) and the best E-FID score (1.421). Simultaneously,
EchoMimic also demonstrates top performance on Sync-C
score (6.81) within our collected dataset. These results high-
light its capability to generate high-fidelity animations with
precise lip synchronization, even under challenging and di-
verse conditions.

Qualitative Results

Audio Driven. Our audio-driven approach generates high-
resolution talking head videos using an audio signal and a
reference image. Figure 3 showcases the adaptability and re-
silience of our method in synthesizing a wide range of audio-
visual outputs with seamless synchronization to the accom-
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panying audio. These results affirm its potential for advanc-
ing the state-of-the-art in audio-driven video generation.

Landmark Driven. Our landmark-driven approach uses
a reference image and landmark controls to generate videos
with motion synchronization. Figure 5 displays the qualita-
tive results, demonstrating our method’s capability in han-
dling significant pose variations and accurately reproducing
nuanced expressions while preserving the identity of the ref-
erence portraits.

Audio + Selected Landmark Driven. Audio + selected
landmark-driven generation combines an audio signal, a ref-
erence image, and selected landmark controls. This mode
maintains natural lip synchronization and allows for finer
control over facial details, enabling the generated video to
exhibit user-desired facial expressions and actions, such as
blinking or closing eyes while singing. Figure 6 shows qual-
itative results with various portrait styles, input audios, and
selected landmarks. The results demonstrate clear lip syn-
chronization and precise control over facial expressions con-
sistent with predefined landmarks.

Ablation Study

Facial Landmark Mapping with Motion Synchroniza-
tion. We validate the efficacy of our motion synchroniza-
tion method in landmark-driven generation. Figure 7 shows
the landmark mapping results with motion synchronization.
Compared to previous methods, our proposed motion syn-
chronization aligns landmarks from driving frames with the
reference image, facilitating the generation of control results
that closely match the face shape in the reference image. For
instance, the algorithm projects the small mouth from the
reference image onto the significantly larger mouth of the



Generated Frames
Using Audio and Selected Landmarks

Figure 6: Video generation results of the proposed
EchoMimic given different portrait styles, audios and se-
lected landmarks.

Driving Mode FID| FVD| SSIM{t ED] SCt
A 29.13 49278  0.81 1.11  6.37

L 2297 15653  0.88 1.05 6.71

A+L 2298 181.74  0.88 1.09 6.53

Table 4: Quantitative comparisons of different driving
modes of EchoMimic on the HDTF dataset. “A”, “L” and
“A+L” refer to Audio Only, Pose Only and Audio + Pose,
respectively.

potato man, as shown in the figure.

Facial Expression Control by Selected Landmarks. We
evaluate the effects of three driving modes: (1) audio driven,
(2) facial landmark driven, and (3) audio with selected fa-
cial landmark driven. Table 4 provides a quantitative evalua-
tion on the HDTF dataset. The audio-driven mode offers the
most freedom, leading to larger disparities from the original
videos. The facial landmark-driven mode results in the clos-
est resemblance to the original videos, delivering the best
outcomes. The audio with selected facial landmark-driven
mode strikes a balance between freedom and similarity,
producing intermediate results. Furthermore, we also con-
duct a comparative analysis between facial landmark driven
EchoMimic with other facial landmark driven approaches,
such as Follow-Your-Emoji (FYEmoji) (Ma et al. 2024) and
LivePortrait (Guo et al. 2024). The experimental results are
presented in Table 5. It can be seen that our algorithm also
has certain advantages compared to other facial landmark
driven algorithms.
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Figure 7: Landmark mapping results with motion synchro-
nization.

Method FID, FVD| SSIMt ED] SCt
FYEmoji 23.56 168.25 0.85 1.08 6.31
LivePortrait 23.13 153.27 0.89 1.06 6.58
EchoMimic 22.97 156.53 0.88 1.05 6.71

Table 5: The quantitative comparisons with facial landmark
driven approaches on HDTF dataset.

Limitations and Future Work

Update to Video Processing Frameworks. The current ar-
chitecture is essentially an extension of Stable Diffusion
image processing techniques applied to the video domain,
rather than a genuine video processing framework. Future
work could explore leveraging authentic video processing
frameworks (such as 3DVAE, DiT, etc.) to reformulate this
method, facilitating enhancements and optimizations tai-
lored specifically for video content (Peebles and Xie 2023;
Yu et al. 2023).

Use Acceleration Technique. There is a proliferation
of algorithms that accelerate the Stable Diffusion genera-
tion process (Chai et al. 2023; Luo et al. 2023). Subse-
quent research can harness these algorithms to speed up the
EchoMimic framework, thereby achieving real-time gener-
ation capabilities. This real-time generation can be broadly
used for applications such as real-time digital human inter-
actions and conversations.

Conclusions

We presented EchoMimic, a new framework for creat-
ing realistic talking head videos using audio and facial
landmarks. Our approach outperforms other algorithms in
generating authentic and visually appealing animations, as
demonstrated through comprehensive evaluations and com-
parisons. EchoMimic has the potential to enhance multime-
dia experiences and advance video synthesis. Future work
could focus on real-time interactions and expanding its ap-
plicability in virtual avatars and entertainment industries.
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