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Abstract

Recent work on human animation usually incorporates large-
scale video models, thereby achieving more vivid perfor-
mance. However, the practical use of such methods is hin-
dered by the slow inference speed and high computational
demands. Moreover, traditional work typically employs sepa-
rate models for each animation task, increasing costs in multi-
task scenarios and worsening the dilemma. To address these
limitations, we introduce EchoMimicV3, an efficient frame-
work that unifies multi-task and multi-modal human anima-
tion. At the core of EchoMimicV3 lies a threefold design: a
Soup-of-Tasks paradigm, a Soup-of-Modals paradigm, and
a novel training and inference strategy. The Soup-of-Tasks
leverages multi-task mask inputs and a counter-intuitive task
allocation strategy to achieve multi-task gains without multi-
model pains. Meanwhile, the Soup-of-Modals introduces a
Coupled-Decoupled Multi-Modal Cross Attention module to
inject multi-modal conditions, complemented by a Multi-
Modal Timestep Phase-aware Dynamical Allocation mech-
anism to modulate multi-modal mixtures. Besides, we pro-
pose Negative Direct Preference Optimization, Phase-aware
Negative Classifier-Free Guidance (CFG), and Long Video
CFG, which ensure stable training and inference. Extensive
experiments and analyzes demonstrate that EchoMimicV3,
with a minimal model size of 1.3 billion parameters, achieves
competitive performance in both quantitative and qualitative
evaluations. We are committed to open-sourcing our code for
community use.

Code — https://github.com/antgroup/echomimic_v3
Page — https://antgroup.github.io/ai/echomimic_v3/
Extended version — https://arxiv.org/abs/2507.03905

1 Introduction
“Faster, Higher, Stronger — Together”
— The Olympic Motto

Recent advancements in human animation have
been boosted by large-scale video diffusion models
(LVDM) (Wang et al. 2025; Chen et al. 2025; Yang et al.
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Figure 1: EchoMimicV3, an efficient framework with just
1.3B parameters for unified Multi-Modal and Multi-Task
human video generation. EchoMimicV3 generate a video
where lip movements and facial expression align with the
audio, and the gestures and scene follow the prompt.

2024; Wan et al. 2025; Kong et al. 2024; Wei et al. 2025; Cui
et al. 2024; Lin et al. 2025). While the adoption of LVDMs
has led to higher quality and stronger generalization in
human animation, it also introduces notable challenges: (1)
prohibitive training costs and slow inference speeds due
to LVDM’s massive parameter scale; (2) complex model
routing caused by the need for separate expert LVDMs
for different animation tasks (e.g., text-to-video, image-to-
video, lip-sync). Unfortunately, the latter challenge further
aggravates the inefficiencies of the former.

This raises a critical question: How can we achieve Faster
inference, Higher quality, Stronger generalization, and
unified support for multi-task human animation Together
within a single model?

Analyzing from first principles, we identify that the pa-
rameter inflation in existing LVDMs is the root cause of this
question we aim to answer in this paper. Hence, we employ a
compact video diffusion model (CVDM) as our straightfor-
ward backbone. However, CVDMs inherently compromise
on quality, generalization, multi-task unification, and multi-



modal processing compared to their larger counterparts. To
overcome these inherent issues of CVDM, we introduce our
novel framework, EchoMimicV3, which incorporates three
key innovations:

Soup-of-Tasks for Multi-Task Unification. We reformu-
late diverse animation tasks from a novel spatiotemporal
reconstruction perspective akin to Masked Autoencoders
(MAE) (Kong et al. 2025). Specifically, lip-syncing is re-
cast as mouth spatial region reconstruction, while Text-to-
Video (T2V), Image-to-Video (I2V), First-Last-Frame-to-
Video (FLF2V) can be viewed as intermediate temporal
frames reconstruction. EchoMimicV3 unifies these tasks by
fully exploiting the common masked sequence input inher-
ent in mainstream video diffusion models. By doing so,
step-wise diffusion model and patch-wise reconstruction el-
egantly converge without painful trade-offs.

To dynamically allocate various tasks in the training,
a counter-intuitive “hard-to-easy” training strategy is em-
ployed: we first train on complex tasks (I2V/FLF2V) to
fully leverage pretrained knowledge, then incorporate sim-
pler tasks (e.g., lip-syncing) using Exponential Moving Av-
erage (EMA) to implicitly mix task expert models. This ap-
proach enables seamless cross-task knowledge transfer and
prevents catastrophic forgetting within a single model. We
term this multi-task learning as Soup-of-Tasks.
Soup-of-Modals for Mixture of Multiple Modal-Experts.
We introduce a novel Soup-of-Modals paradigm to enhance
multi-modal processing in lightweight models, following a
couple, decouple, mix workflow: 1) Couple: A shared query
MLP couples all modalities; 2) Decouple: Modal-specific
cross-attention modules inject modality-specific keys and
values; 3) Mix: Modal experts are dynamically fused via
Multi-Modal timestep Phase-aware Dynamic Allocation
(Multi-Modal PhDA).

Inspired by the PhD Loss in EchoMimicV2 (Meng et al.
2025), our motivation of the Multi-Modal PhDA stems
from the observation that different modals exhibit vary-
ing levels of importance across different timestep phases.
Specifically, text conditions maintain consistent importance
throughout phases, image conditions are most influential
during the early and middle timestep phases, and audio con-
ditions are particularly relevant in the initial phase. The
Multi-Modal PhD allocates weights to each modal expert
branch based on this Phase-specific Modal Importance Law,
fusing them through linear combination.

Novel Training and Inference Strategy. We propose a
novel training strategy to effectively integrate the aforemen-
tioned Soup-of-Tasks and Soup-of-Modals paradigms. Tra-
ditional post-training methods like Direct Preference Opti-
mization (DPO) (Wallace et al. 2024) reject undesired dis-
tributions with preference data but suffer from high com-
putational costs, limited generalization, and sensitivity to
preference data quality. We propose Negative DPO, which
uses pairing-free negative samples to reject the distribution
of preference negative data. By interleaving Negative DPO
with Supervised Fine-Tuning (SFT), we dynamically mit-
igate spatial inconsistencies (e.g., identity preservation is-
sues) and temporal artifacts (e.g., color shifts) in Negative
DPO-SFT cycle training. Notably, our Negative DPO sim-
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plifies the conventional DPO pipeline while achieving effec-
tive performance.

Through this training strategy, we observed that the model
effectively activates the negative sample rejection mecha-
nism during inference. Consequently, we introduced a novel
inference approach termed timestep Phase-aware Negative
classifier-free Guidance (PNG), which applies weighted
negative prompts at specific diffusion timesteps to suppress
undesired artifacts, such as unnatural gestures and color in-
consistencies. Additionally, we incorporated an enhanced
long-video generation technique, significantly improving
the quality of long-video outputs.

Extensive experiments demonstrate that EchoMimicV3
achieves competitive performance compared to state-of-the-
art methods. Moreover, EchoMimicV3 is compatible with
diverse scenarios, including podcasts, karaoke, and dynamic
scenes, while maintaining computational efficiency. We will
release our code for community use. In summary, our con-
tributions are as follows:

* We propose a lightweight framework for human anima-
tion that achieves multi-task versatility and multi-modal
learning, enabling vivid performance.

* We introduce the Soup-of-Tasks paradigm, including
unified spatial-temporal masked reconstruction inputs
and a counter-intuitive inter-tasks training schedule.

* We present the Soup-of-Modals paradigm, featuring a
Coupled-Decoupled Multi-Modal Cross Attention mod-
ule and a Multi-Modal PhDA, for interaction and fusion
across multiple modals.

* We propose a novel Negative DPO-SFT cycle training
strategy that embeds pairing-free DPO into SFT training,
enabling dynamic rejection of undesirable distributions.

* We introduce a Phase-aware Negative-enhanced CFG
and Long Video CFG for vivid and long-term video in-
ference, respectively.

* Our EchoMimicV3, with 1.3B parameters, achieves
strong competitiveness against SOTA models with ten
times the parameter count, as demonstrated by both
quantitative and qualitative evaluations.

2 EchoMimicV3
2.1 Overview

Pipeline. In this section, we present EchoMimicV3, a uni-
fied framework for multi-task and multi-modal human ani-
mation, as shown in Fig. 2. EchoMimicV3 generates talking
human videos with conditions of the reference image, au-
dio, and text prompt, without cumbersome conditions such
as predefined 2D or 3D poses. To unify diverse tasks, we
utilize a new Soup-of-Task paradigm (Sec 3.2). Addition-
ally, to enhance the multi-modal capabilities of lightweight
models with 1.3B parameters, we propose a novel Soup-of-
Modal paradigm (Sec 3.3). Furthermore, to ensure the stabil-
ity of our framework containing various tasks and multiple
modals, we propose a training strategy, in which a new Neg-
ative DPO is injected into SFT process for dynamically re-
jecting undesirable results. Correspondingly, we introduce a
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Figure 2: The overall training pipeline of EchoMimicV3.

Phase-aware Negative CFG (PNG) to enhance the rejection
of negative results for inference (Sec 3.4).

2.2 Soup-of-Tasks

Spatial-temporal masked reconstruction. In the trans-
former of Wan-Fun series video model (Wallace et al. 2024),
a corresponding 0-1 masked sequence is concatenated with
the video latent as the input. Inspired by MAE (He et al.
2022), we view diverse tasks from the spatial-temporal re-
construction perspective: diverse tasks can be viewed as
employing distinct masking strategies, with variations exit
solely in the mask inputs. Specifically, the mask input for the
audio-driven Text-to-video (T2V), Image-to-Video (I2V),
First-Last-Frame-to-Video (FLF2V), and lip syncing are de-
signed as Moy, Moy, Mpproy and My, respectively,
as illustrated in Fig. 2, where each task is encoded with a
unique 0-1 sequence pattern. This design facilitates the inte-
gration of multiple tasks into a unified model without neces-
sitating architectural modification.

Soup-of-Tasks training strategy includes a counter-
intuitive task schedule and implicit task mixture approach.
Intuitively, curriculum learning involves progressing from
easier (task with highest mask ratio) to more challenging
tasks (task with lower mask ratio). However, in contrast, we
adopt a counter-intuitive task schedule: we begin with the
most difficult tasks with the highest masking ratio and grad-
ually incorporate other simpler tasks. The reason for doing
so is mainly that the challenging tasks align more closely
with the task paradigm of the pretrained model.
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Furthermore, we adopt an inter-task EMA (Exponential
Moving Average) training strategy to implicitly mix various
tasks into Soup-of-Tasks: we first train the anchor task the
same as pretraining (with a high masking ratio), and then
incrementally integrate other tasks with decreasing masking
ratios through EMA. By doing so, we ensure full exploita-
tion of pretrained knowledge while avoiding catastrophic
forgetting, enabling the model to adapt to new tasks with-
out losing prior task performance.

2.3 Soup-of-Modals

Soup-of-Modals is designed to amortize the injection, fusion
and training of multi-modal conditions on multiple timestep
phases, which contains a Coupled-Decoupled Multi-Modal
Cross Attention (CDCA) module, and a timestep Phase-
aware Dynamical Allocation (Multi-Modal PhDA) mecha-
nism.

CDCA module. The text, audio, and image prompts are
encoded by umT5, an audio extractor, and CLIP, respec-
tively, into text, audio, and image features (c;, ¢4, ¢;) respec-
tively. Given z and z, as the input and output of Coupled-
Decoupled Multi-Modal Cross Attention (CDCA). The au-
dio, text, and image features are injected into CDCA as fol-
lows:

Zo = Z W(C, 7') . CAC(QshaTEda K(C)a V(C))

ce{t,i,a}

(D

where W(c, 7) denotes the T timestep-related weights for the
¢ modal experts (cross attention) CA. The CDCA module



is designed similarly to IP-Adapter for multi-modal injec-
tion and fusion. Specifically, we project the conditions sepa-
rately as keys and values, i.e., K (c¢), V(c), while sharing the
same query Qspareq for performing text, audio, and image
experts (cross attention). The outputs from these operations
are weighted by W(c, 7) and then summed.

Multi-Modal PhDA is designed for allocating the W(c, 7)
for different modals, according to the timestep 7 in each it-
eration. The weights are sampled from a meta distribution,
based on the Phase-specific Modal Importance inspired by
by the PhD Loss (Meng et al. 2025). The weights for differ-
ent modals in different timestep phases can be calculated as
follows:

0.5 if 7 < B,
W(e,7)=<{m-17+0b ifBl<z<B2 2)
1 ifszg.

where {BL, B2} € [0, 1000] denote the left and right critical
timestep at which modal ¢ begins to increase with timestep,
and m and b represent the slope and intercept of the transi-
tion phase, respectively.

Audio injection. Given the audio input c,, we adopt an au-
dio encoder E, to extract audio features and an MLP as
an audio projection module. Due to the temporal downsam-
pling ratio r introduced by the VAE in DiT, a single latent
frame corresponds to r audio feature tokens along the tem-
poral dimension.

Audio Segments. To this end, we adopt an audio segmen-
tation strategy to achieve temporal alignment between audio
features and latent frames, followed by implementing latent
frame-wise cross-attention. Denote the audio embeddings as
{cl,c2,... cla}, where t, represents the length of the au-
dio sequence. The audio embeddings are evenly divided into
segments, each containing r X « features, where o denotes
the number of audio embedding features corresponding to
the duration of one video frame.

Segments-wise audio-frame alignment. Next, we iden-
tify the center feature of each segment over its duration,
denoted as {c™,c™2, ..., ¢}, where T is the temporal
length of the latent. Subsequently, we extend both forward
and backward by r + e features from each center feature,
resulting in latent frame-wise audio embedding segments
{sl, s2,...,s7}, where e represents the overlap added for
smoothness. Finally, the audio segments are injected into
DiT via the audio modal expert (Audio Cross Attention).
Note that the audio expert’s output is modulated by a binary
facial region hard attention mask M ¢4, € {0, 1} to enhance
the naturalness of lip synchronization and facial expressions.

2.4 Training Strategy

Negative Direct Preference Optimization (Negative
DPO) leverages suboptimal negative samples generated
from intermediate checkpoints of the Supervised Fine-
Tuning (SFT) to iteratively refine the model. Specifically,
during SFT, denote intermediate checkpoints as {M.. | 7 €
I}, where 7 is the number of iterations. We sample check-
points { M, | s; € I'}, where s; denotes the number of iter-
ations for the ¢ training stage. Note that each training stage
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has the same issue. For the ¢ training stage, we employ M,
as our reference model to generate videos D, , then we iden-
tity negative samples from Dy, , and then annotate the issue
based on user feedback, omitting the pairing of (p,y~,y™).
The negative preference data for stage ¢ can be denoted as
(p™,y") €D,

Unlike traditional DPO, our optimization objective is de-
signed to only minimize the generation probability of these
negative samples, to penalize the model’s tendency to un-
desirable distribution. Our optimization objective for stage ¢
is:

mo(yTpT)—1
F—
mo(y" | p")
mo(y™ | pT) +maly~ | p7)
—_———
oyt p+)—1

=E(- [~ log(me(y™ [p7) +1)]

Lyppo0) =Ep- 4y |log

3)
where, 7p(y~ | p~) is the probability of generating a nega-
tive sample y~ for the reference model in stage ¢. Through-
out the training, the Negative DPO is embedded into SFT
stages, forming a DPO-SFT cycle. The model’s staged neg-
ative issues are addressed sequentially at each stage via Neg-
ative DPO, and then improve the positive capability via SFT
(flow matching).

2.5 Inference Strategy

Phase-aware Negative classifier-free Guidance (PNG) is
motivated by the observation that the model can effectively
reject negative samples after Negative DPO. PNG strength-
ens the negative prompt outputs of CFG in different timestep
phases. Specifically, motion-related negative prompts and
detail-related negative prompts are weighted in the early and
later phases, respectively, to mitigate undesired artifacts as-
sociated with different timestep phases.

Long video inference predominantly employs a frame-wise
sliding window with overlapping frames to extend generated
video length in recent work. However, these methods often
suffer from unnatural transitions, color discrepancies, and
identity inconsistencies across windows. We identify that the
devil lies in the details: the computation of the CFG within
the overlapping frames requires careful smoothing. Specif-
ically, for each frame in the overlap, our improved Long
Video CFG calculation is formulated as follows:

(D) = () +5 (Lictpusn a'(f) — (2))
“)
where €, (f) denotes the noise prediction of the f frame
of the overlap latents for CFG, ¢} (f) and €} (@) denote the
noise predictions with and w/o conditions for the f frame
in the overlap between w and w + 1 latents window. We
compute the weighted average of frames f corresponding to
consecutive sliding windows w and w + 1 as follows:

Siequai @) = (1= %) () + &)
®)

AW,

€
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Figure 3: Evaluation and user study results for SOTA methods.

Methods [ Sync-CT Sync-D]  FID{ FVD] 1QAT ASEf IDT HAT HCT BCT [ Head Steps Head Decay Human Steps Human Decay
EchoMimicV3-1.3B 5.49 9.67 4245 496.76 491 3.77 1.0 095 099 097 5 Imin 25 4min
EchoMimicV2-0.8B 5.48 9.65 4372 54382 4381 334 096 09 097 095 8 4min 8 4min

Hallo3 542 9.65 68.6 865.32 4.4 3.67 091 087 091 096 50 16min 50 16min

FantasyTalk-14B 4.05 11.01 45.03 603.95 4.85 348 096 090 097 096 25 18min 25 18min

HunyuanAvatar-14B 6.12 9.11 42.54 67628 4.96 3.67 1.0 0385 1.0 095 50 17min 50 17min

OmniAvatar-1.3B 5.61 9.58 53.24 70521 4.92 3,57 097 090 098 0.95 50 9min 50 9min
Table 1: Quantitative results for EchoMimicV3.

3 Experiments
3.1 Experimental Setups

Implementation. We utilize Wan2.1-FUN-inp-480p-1.3B
as the foundational model. The input video length is set to
113. The classifier-free guidance for text is set to 3, and
classifier-free guidance for audio is set to 9. The training
process is conducted on 64 96GB GPUs, with a learning rate
set to le-4. For efficiency, we first extract the VAE latents
and caption embeddings for all the training data.

Dataset. We train our model on a combination of the
EchoMimicV2 dataset, the HDTF dataset (Zhang et al.
2021), and additional self-collected data. To ensure data
quality, we apply preprocessing steps, including audio syn-
chronization and subtitle removal. The total training data
comprises approximately 1,500 hours of video content.
Data pre-process includes video splitting, filtering, and
captioning. All the source code is available in the
preprocess folder of our source code repository.
Metrics. To comprehensively evaluate our model’s perfor-
mance, we employ the following metrics: 1) Image Qual-
ity: Fréchet Inception Distance (FID) (Deng et al. 2019) is
used to assess the fidelity and visual quality of generated im-
ages. 2) Video Quality: Fréchet Video Distance (FVD) (Un-
terthiner et al. 2018) measures temporal coherence and over-
all video quality. 3) Perceptual and Aesthetic Analysis: We
analyze perceptual quality (IQA) and aesthetic appeal (ASE)
of the generated content. 4) Audio-Visual Alignment: For
lip-sync tasks, we use Sync-C and Sync-D metrics (Prajwal
et al. 2020) to evaluate synchronization accuracy. 5) Consis-
tency Metrics: We adopt Vbench2.0 (Zheng et al. 2025) met-
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rics, including Identity Consistency (ID), Human Anatomy
(HA), Clothing Consistency (HC), and Background Consis-
tency (BC). For quantitative evaluation, we randomly select
300 videos generated by EchoMimicV3.

3.2 Results

Comparison with SOTA Methods. We conducted both
qualitative and quantitative comparisons with existing meth-
ods for half-body digital human generation. These compar-
isons include EchoMimicV2 (Meng et al. 2025), Hunyua-
nAvatar (Chen et al. 2025), OmniAvatar (Gan et al. 2025),
Hallo3 (Cui et al. 2024), and MultiTalk (Sung-Bin et al.
2024). As shown in Table 1, our method is competitive
across various evaluation metrics, including audio-lip syn-
chronization, human motion accuracy, identity preservation,
video aesthetics, and overall video quality, even compared to
methods with 10x parameters (e.g., FantasyTalk (?)). Crit-
ically, our method consistently outperforms all baselines in
identity preservation, video aesthetics, background consis-
tency, clothing fidelity, and body motion precision.

The normalized results per dimension for clearer com-
parison and user study validation of our method are jointly
presented in Fig. 3. Notably, our approach achieves supe-
rior Chinese lip-sync accuracy and human motion fidelity
compared to state-of-the-art methods. Furthermore, a quali-
tative comparison with SOTA methods is provided in Fig. 4
to demonstrate the effectiveness of our method.

Results on Multiple Tasks. We validate the multi-task capa-
bility of our method. As shown in Fig. 5, it effectively han-
dles diverse scenarios, including lip synchronization (LC),



Ref image

Ref image
Methods [ Sync-CT  FVD] 1QAT ASET 1IDT HAT
EchoMimicV3 [ 549 496.76 491 377 1.00 0.95
Task Schedule A 5.40 498.09 494 3.81 097 0.87
Task Schedule B 4.98 499.78 490 373 096 095
w/o EMA 5.32 508.82  4.95 387 099 0.90
Modals Allocation A 4.76 49690 492 378 1.00 093
Modals Allocation B 5.51 489.08 4.95 376 097 081
Modals Allocation C 5.51 540.80 4.60 345 091 093
SFT only 4.94 54030 4.66 3.65 0.99 0.87
SFT+DPO 5.21 480.98 4.99 382 093 0.89
w/o PNG [ 549 496.07 491 378 1.00 0.89
w/o Long Video CFG [ 5.49 53021 477 369 098 092

Table 2: Ablation study for EchoMimicV3.

Image-Audio-to-Video (IA2V), and First-and-Last-Frame-
Audio-to-Video (FLFA2V). These results demonstrate that
our approach is a robust and task-versatile framework, seam-
lessly integrating multiple task-specific experts into a unified
model—a capability that even state-of-the-art methods with
up to 10x more parameters fail to achieve.

3.3 Ablation Studies

Ablation on Soup-of-Tasks Training Strategy. We experi-
mentally validate the efficacy of our training strategy within
the Soup-of-Tasks framework, focusing on the counter-
intuitive task scheduling and implicit task mixture mech-
anisms. Specifically, we compare different scheduling ap-
proaches (see Table 2): Task Schedule A follows an easy-
to-hard sequence, starting with lip-sync and progressing to
Image-to-Video, while Task Schedule B employs uniform
random sampling. Results in the rows 1 ~ 3 of Table 2
demonstrate that the counter-intuitive scheduling achieves
superior lip synchronization, body motion accuracy, and
identity preservation across tasks, whereas alternative sched-
ules yield suboptimal results due to inadequate adaptation of
the pretrained model, highlighting the importance of our task
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Figure 5: Results for multiple tasks.

allocation strategy in balancing multi-task performance.

We also conduct ablation studies on the inter-task train-
ing schedule. It can be observed from row 4 in Table 2 that
omitting EMA (Exponential Moving Average) negatively
impacts performance across tasks, particularly when tasks
are jointly trained, leading to motion issues.

Ablation on Multi-Modal PhDA. We evaluate different
modals allocation strategies across timestep phases. Specif-
ically, Modal Allocation A omits audio in the early phase,
Modal Allocation B excludes text from the early/mid phases,
and Modal Allocation C omits image from the early phases.
Results in Table 2 show that audio, text, and image modals
exhibit distinct phase-specific responses. Deviations from
the modality-phase correspondence lead to suboptimal per-
formance: the late phase audio allocation causes lip-sync
failures, exclusion of text from the early phases results in
motion collapse, and the absence of image in mid-phases
impairs identity preservation.

Ablation on Negative DPO. We study the impact of Nega-
tive DPO on the EchoMimicV3 performance. We train our
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model with only SFT and the traditional paired DPO with
the same data as NDPO-SFT cycle.Unfortunately, both SFT-
only training and SFT-DPO training generate inferior results
compared to the NDPO-SFT cycle training. We observe that
SFT-DPO typically suffers from identity consistency issues,
as the paired preference data are exclusively sampled from
the original training dataset. To incorporate additional paired
preference data, substantial human and computational re-
sources would be required; this also demonstrates the paired
data-efficiency of Negative DPO.

Ablation on PNG. We investigate the impact of the PNG
module on human animation performance. As illustrated in
Fig. 6, the left image depicts the results without the initial
3 timesteps of PNG, where the character’s gestures exhibit
noticeable degradation compared to the right image that in-
corporates PNG. These results demonstrate that PNG effec-
tively rejects corresponding negative issues.

Ablation on Long Video CFG. Long-term video inference
without Long Video CFG exhibits overexposure issues in
intermediate frames and introduces color discrepancies be-
tween consecutive frames. In contrast, incorporating Long
Video CFG enables extended-length video generation with
natural transitions and prompts following over long dura-
tions. The results are illustrated in Fig. 6.

Ablation on Efficiency. Our method achieves talking head
generation within 5 inference steps. It can be seen in Table 1,
compared to 14B-parameter models such as FantasyTalk and
HunyuanAvatar, EchoMimicV3 provides a 18x speedup.
For talking human synthesis, leveraging TeaCache (Liu et al.
2025), our approach generates a 5-second video in approxi-
mately 4 minutes with 25 inference steps.

4 Related Work
4.1 Video Generation

Early research in video generation focused on 2D U-Net ar-
chitectures and motion modules, later extended to 3D frame-
works. The incorporation of spatiotemporal convolutions en-
abled models like SVD to produce short clips with high spa-
tial fidelity. Diffusion-based models, such as DiT, further
advanced the field by leveraging self-attention mechanisms,
reducing inductive bias, and improving temporal coherence
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and motion fluidity. Recent progress in text-to-video synthe-
sis has been propelled by frameworks like CogVideo (Yang
et al. 2024), which combine large-scale vision-language pre-
training with hierarchical token fusion for precise semantic
alignment. HunyuanVideo (Kong et al. 2024) introduced a
dual-stream DiT architecture, enhancing conditional control
in complex scenarios. Wan (Wan et al. 2025) demonstrated
scalable models with state-of-the-art performance, setting
new benchmarks and highlighting the potential for broader
video synthesis applications.

4.2

The objective of audio-driven human animation is to syn-
thesize natural, expressive gestures from speech, ensuring
semantic, emotional, and temporal alignment. While prior
work has focused on animating talking heads (Zhu et al.
2024; Xu et al. 2024), recent methods have advanced qual-
ity and consistency. For instance, EMO (Tian et al. 2024)
uses a Frame Encoding module for temporal coherence,
and AniPortrait (Wei, Yang, and Wang 2024) maps 3D fa-
cial structures to 2D poses for coherent sequences. Vlog-
ger (Zhuang et al. 2024) generates high-fidelity videos us-
ing a diffusion-based framework. EchoMimic (Chen et al.
2024) supports flexible generation modes, driven by au-
dio, facial poses, or both. CyberHost (Lin et al. 2024) en-
ables versatile animations with multimodal controls, includ-
ing hand poses and body trajectories. OmniHuman (Lin
et al. 2025) achieves state-of-the-art performance using
progressive dropout strategies. Hunyuanvideo-Avatar (Chen
et al. 2025) and MultiTalk (Sung-Bin et al. 2024) support
multi-audio-driven multi-character animations, while Omni-
avatar (Gan et al. 2025) injects audio efficiently into trans-
formers. However, DiT-based methods still struggle with lip
sync and long-duration video generation, highlighting the
need for further advancements.

Human Animation

5 Conclusion

In this work, we propose an effective framework, EchoMim-
icV3, to master multi-task and multi-modal human anima-
tion in a single 1.3B model. We propose a new Soup-of-
Tasks paradigm to unify and allocate multiple tasks. Fur-
thermore, we develop a new training strategy called Neg-
ative DPO, which is incorporated into the supervised fine-
tuning (SFT) process to dynamically mitigate undesired be-
haviors. We also propose innovative inference strategies, in-
cluding the Phase-aware Negative-enhanced CFG and the
Long Video CFG to enhance vividness and support long-
term video generation, respectively. Extensive experiments
demonstrate that EchoMimicV3 remains competitive even
when compared to models ten times its model scale. We plan
to release our code for community use.
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