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Figure 1. Pose-driven Human image animations generated by StableAnimator, showing its power to synthesize high-fidelity and ID-

preserving videos. FaceFusion [15] is a face-swapping tool. GFP-GAN [51] and CodeFormer [69] are face restoration models.

Abstract
Current diffusion models for human image animation

struggle to ensure identity (ID) consistency. This paper
presents StableAnimator, the first end-to-end ID-preserving
video diffusion framework, which synthesizes high-quality
videos without any post-processing, conditioned on a ref-
erence image and a sequence of poses. Building upon a
video diffusion model, StableAnimator contains carefully
designed modules for both training and inference striving
for identity consistency. In particular, StableAnimator be-
gins by computing image and face embeddings with off-the-
shelf extractors, respectively and face embeddings are fur-
ther refined by interacting with image embeddings using a
global content-aware Face Encoder. Then, StableAnimator
introduces a novel distribution-aware ID Adapter that pre-
vents interference caused by temporal layers while preserv-
ing ID via alignment. During inference, we propose a novel
Hamilton-Jacobi-Bellman (HJB) equation-based optimiza-
tion to further enhance the face quality. We demonstrate
that solving the HJB equation can be integrated into the
diffusion denoising process, and the resulting solution con-
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strains the denoising path and thus benefits ID preservation.
Experiments on multiple benchmarks show the effectiveness
of StableAnimator both qualitatively and quantitatively.

1. Introduction

Diffusion models [8, 16–18, 32, 38, 42, 43, 47, 54, 55, 58–

60] have achieved remarkable success in image/video gen-

eration, significantly inspiring researches in image anima-

tion [22, 35, 49, 61, 68, 70]. In particular, human image an-

imation explores generative models [22, 35, 39, 40, 49, 52,

61, 68, 70] to animate a reference image conditioned on a

sequence of poses through synthesizing controllable human

animation videos, offering diverse applications in entertain-

ment content creation and virtual reality experiences. How-

ever, when dealing with pose sequences that exhibit signif-

icant motion variation, current approaches suffer from sig-

nificant distortions and inconsistencies, particularly in fa-

cial regions destroying identity information.

To address this issue, there are a number of approaches

exploring identity (ID) preservation [14, 23, 48, 65] for im-

age generation, yet limited effort has been made for videos.

While one could add temporal modeling layers to image
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diffusion models, doing so would inevitably affect the origi-

nal spatial priors. As Image-domain ID-preserving methods

rely on stable spatial priors, the interference caused by tem-

poral layers leads to unsatisfactory results. Thus, for image

animation, how to preserve identity information while en-

suring video fidelity is extremely challenging. Furthermore,

recent animation models [35, 68] rely on FaceFusion [15]

for post-processing, which also degrades the quality of ani-

mated videos, particularly for facial areas.

In light of this, we propose StableAnimator, consisting

of dedicated modules for both the training and inference

to maintain ID consistency for high-quality human image

animation. StableAnimator first uses off-the-shelf extrac-

tors [7, 37] to obtain face and image embeddings for the

reference image, respectively. Face embeddings are further

refined by a global content-aware Face Encoder to enable

interaction with the reference, enhancing face embeddings’

perception of the reference’s overall layout, such as back-

grounds. The refined face embeddings are fed to a video

diffusion model with a novel distribution-aware ID Adapter

that ensures video fidelity while preserving ID clues. In

particular, diffusion latents perform separate cross-attention

with refined face and image embeddings respectively, with

their means and variances computed. We then use re-

spective means and variances to conduct the alignment be-

tween the resulting outputs. This alignment effectively miti-

gates interference from the temporal layers by progressively

bringing two distributions closer at each step, ensuring ID

consistency without compromising video fidelity.

During inference, to further enhance face quality and

reduce reliance on post-processing tools, StableAnimator

solves the Hamilton-Jacobi-Bellman (HJB) equation [2, 36]

for face optimization. We find that solving the HJB equation

corresponds with the core principles of diffusion denoising.

Therefore, we incorporate the HJB equation into the infer-

ence process, which allows a controllable variable to guide

and constrain the direction of the denoising process. In par-

ticular, the solution of HJB is used to update the latents for

each denoising step, constraining the denoising path and

directing the model toward optimal ID consistency. Since

this procedure always adapts to the current distribution of

denoised latents, the simultaneous denoising and face opti-

mization effectively eliminates detail distortions. Thus, it

can replace the previous over-reliance on third-party post-

processing tools, such as face-swapping tools.

As shown in Fig. 1, while the latest animation model

ControlNeXt [35] suffers from dramatic face and body

distortion even with face swapping/restoration tools, Sta-

bleAnimator can accurately animate the reference based

on given poses while preserving ID consistency. Experi-

ments on TikTok dataset [25] also show that StableAnima-

tor outperforms ControlNeXt by 47.1% in CSIM [12] while

achieving the best result (140.62) in FVD. CSIM is the face

similarity between the animated frame and the reference.

In conclusion, our contributions are as follows: (1) We

propose a global content-aware Face Encoder and a novel

distribution-aware ID Adapter to enable the video diffusion

model to incorporate face embeddings without compromis-

ing video fidelity. (2) We propose a novel HJB equation-

based face optimization method that further enhances face

quality while conducting conventional denoising. It is only

active in the inference without training any diffusion com-

ponents. To our knowledge, we are the first to explore video

diffusion for end-to-end ID-preserving human image an-

imation. (3) Experimental results on benchmark datasets

show the superiority of our model over the SOTA.

2. Related Work

Diffusion for Video Generation. Renowned for the capac-

ity in diversity and high-fidelity, diffusion models [8, 16–

18, 32, 33, 38, 42, 43, 47, 57] have demonstrated signifi-

cant success in the video generation. Compared with im-

age generation, video generation requires additional tem-

poral smoothness and temporal consistency. Current video

generation models [4, 13, 26, 41, 45, 46, 50, 53, 56] tend

to add temporal layers to pre-trained image generation dif-

fusion models for joint spatio-temporal modeling. Some

researchers replace the diffusion U-Net with the trans-

former [1, 19, 31, 34, 44, 62, 66] for facilitating generative

performance. Inspired by previous image animation mod-

els [35, 68], we utilize Stable Video Diffusion (SVD [3]) as

the backbone.

ID Consistency Image Generation. Studies have explored

ID preservation in the image domain. LoRA [21] applies

a few additional weights for customized dataset training,

but it requires individual training for each character, re-

stricting its flexibility. IP-Adapter-FaceID [65] attempts

to directly separate the cross-attention layers for text fea-

tures and face features, which potentially introduces the

misalignment among features. PhotoMaker [30], FaceS-

tudio [63], and InstantID [48] present hybrid ID preserva-

tion mechanisms for refining face embeddings. Consisten-

tID [23] designs a facial prompt generator for capturing fa-

cial details. PuLID [14] introduces contrastive alignment

loss and accurate ID loss, ensuring ID fidelity. However,

these models cannot be directly integrated into video dif-

fusion models, as the temporal layers may alter the spatial

distribution, resulting in domain mismatching with diffu-

sion latents. This conflict between video fidelity and ID

consistency ultimately degrades the quality of animations.

By contrast, our StableAnimator can integrate ID informa-

tion into video diffusion models via a distribution-aware ID

Adapter, effectively resolving the above conflict.

Pose-guided Human Image Animation. Human image

animation aims to transfer motion from a given pose se-

21097



Reference Image

Video Frames

Pose Sequence

VAE 
Encoder

Diffusion

PoseNet

C

U-Net

Animated Frames

Image Encoder

Repeat

Arcface Face 
Encoder

Face Emeddings

Face Masks Reconstruction Loss
C

Frozen Parameters
Tuned Parameters

Element-wise Addition
Concatenate Operation

VAE 
Encoder

VAE 
Decoder

(a)
(b)

Inference

U-Net

HJB-based Optimization

EDM

×T

FFN

× 4
Image Embeddings

Face Em
beddings

Face Encoder

Cross Attn
FFN

FFN

ID-Adapter

Image 
Embeddings

Refined Face 
Embeddings

Self Attn

Cross Attn
Cross Attn

Alignment

μface
σface

μimg
σimgLatents

Tem
poral Layer

U-Net block

Diffusion Latents

Denoised Latents

Denoised Latents

(c)

Refined Face 
Emeddings

Figure 2. Architecture of StableAnimator. (a) and (b) refer to the structure of the Face Encoder and each block in the U-Net. Embeddings

from the Image Encoder and Face Encoder are injected to each block of U-Net. Given the reference, we extract the image embeddings and

face embeddings utilizing Image Encoder and Arcface. The face embeddings are fed into the FaceEncoder to enhance ID. Then, image

embeddings and refined face embeddings are injected into the U-Net through the ID Adapter to ensure ID consistency.

quence to a reference human image. Early works [24,

39, 40] basically apply GANs [11] to animate the refer-

ence. However, animations of GAN-based models always

encounter various artifacts. Recently, some studies have ap-

plied diffusion models to this field. Disco [49] is the first

to use the diffusion model for image animation. MagicAni-

mate [61] and AnimateAnyone [22] both design their refer-

ence nets and pose nets to model poses and appearances in-

dependently. Champ [70] introduces 3D signal SMPL to en-

hance controllable capability. Unianimate [52] introduces

Mamba [6] to the diffusion model for efficiency. Mim-

icMotion [68] proposes the regional loss to reduce distor-

tion. ControlNeXt [35] designs a convolution-based pose

net to replace the heavy ControlNet [67]. However, pre-

vious animation models suffer from face distortion. Mim-

icMotion [68] and ControlNeXt [35] utilize the third-party

face-swapping tool FaceFusion [15] as post-processing to

address this issue, yet this approach can degrade overall

video quality. In this paper, our StableAnimator performs

end-to-end human image animation that maintains ID con-

sistency without relying on any post-processing tools.

3. Method
Illustrated in Fig. 2, StableAnimator is based on the com-

monly used SVD [3] following previous works [35, 68]. A

reference image is processed through the diffusion model

via three pathways: (1) Transformed into a latent code by

a frozen VAE Encoder [28]. The latent code is duplicated

to match video frames, then concatenated with main latents.

(2) Encoded by the CLIP Image Encoder [37] to obtain im-

age embeddings, which are fed to each cross-attention block

of a denoising U-Net and our Face Encoder, respectively,

to modulate the synthesized appearance. (3) Input to Arc-

face [7] to gain face embeddings, which are subsequently

refined for further alignment via our Face Encoder. Refined

face embeddings are then fed to the denoising U-Net. More

details are described in Sec. 3.1. A PoseNet with a similar

architecture as AnimateAnyone [22] extracts the features of

the pose sequence, which are then added to the noisy latents.

We replace the original input video frames with random

noise during inference, while the other inputs stay the same.

We propose a novel HJB-equation-based face optimization

to enhance ID consistency and eliminate reliance on third-

party post-processing tools. It integrates the solution pro-

cess of the HJB equation into the denoising, allowing op-

timal gradient direction toward high ID consistency as de-

tailed in Sec. 3.2.

3.1. ID-preserving During Training

Global Content-aware Face Encoder. Our goal is to an-

imate the reference image under the guidance of the pose

sequence while preserving the ID of the reference image.

Directly feeding face embeddings into the U-Net can enrich

the diffusion model with face-related information, but lacks

awareness of the global context (layout and background) in

the reference image before being injected into the U-Net.

As a result, ID-irrelevant elements in the reference image

bring noise to face modeling, degrading the overall qual-

ity of animations. To address this, we propose a Global

Content-Aware Face Encoder, in which the face embed-

dings go through multiple cross-attention blocks to interact

with the reference image embeddings as shown in Fig. 2.
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Distribution-aware ID Adapter. The outputs of the Face

Encoder are then fed to our ID Adapter for further align-

ment to avoid the distortion of spatial features occurring

when directly incorporating image-domain ID-preserving

methods [14, 23, 39, 48] into video diffusion model. Fea-

ture distortion describes the misalignment between face em-

beddings and spatial diffusion latents, caused by distribu-

tion shifts when temporal layers are added at each denoising

step. Image-domain ID-preserving methods rely heavily on

a stable spatial distribution of diffusion latents, but temporal

layers often alter this distribution, leading to instability in

ID preservation. Such distortion causes a conflict between

maintaining high video fidelity and preserving ID consis-

tency. Thus, animated videos often suffer from noticeable

blurring effects and can even lose background details. The

Distribution-aware ID Adapter modifies each spatial layer

of the U-Net, as shown in Fig. 2 (b). Before each temporal

modeling, our ID Adapter aligns refined face embeddings

with diffusion latents based on their feature distributions,

effectively avoiding feature distortion.

Concretely, following the standard operation of spatial

layers in the diffusion model, we first apply spatial self-

attention on latents zi. The latents of the U-Net perform

cross-attention with image embeddings embimg and re-

fined face embeddings embface, respectively:

zi = SAttn(zi),

zimg
i = CAttn(zi, embimg),

zface
i = CAttn(zi, embface),

(1)

where SAttn(·) and CAttn(·) refer to self-attention and

cross-attention operations. To align zimg
i and zface

i , we

enforce
zimg
i −μimg

σimg
=

zface
i −μface

σface
, where μimg/face and

σimg/face refer to the mean and standard deviation of

z
img/face
i , respectively. If the equation above holds, the

feature distributions on both sides are basically in the same

domain. Thus, the aligned zface
i is element-wise added to

zimg
i for maintaining ID consistency:

z̄face
i =

zface
i − μface

σface
× σimg + μimg,

z̄i = z̄face
i + zimg

i .

(2)

The outputs of our ID Adapter z̄i are further fed to temporal

layers for temporal modeling. When spatial distribution is

altered by temporal layers, the aligned z̄face
i remains in the

same domain as zimg
i , enabling the original zface

i to reduce

reliance on the unstable spatial distribution. Thus, subse-

quent temporal modeling does not impede the injection of

ID information into the U-Net.

3.2. ID-preserving During Inference

To improve ID consistency, the latest animation works [35,

68] use a third-party face-swapping tool FaceFusion [15]

Algorithm 1 Face Optimization (σ(t) = t and s(t) = 1)

Input: Dθ(x;σ), ti∈{0,...,N},γi∈{0,...,N−1},y
Sample x0 ∼ N (0, t20I) � Dθ(x;σ) is a diffusion model

For i ∈ {0, . . . , N − 1} do � ti∈{0,...,N} are timesteps

γi = 0 � γi∈{0,...,N−1} are pre-defined factors.

if ti ∈ [Stmin ,Stmax ] : � y is the reference image.

γi = min
(

Schurn

N
,
√
2− 1

)
Sample εi ∼ N (0,S2

noiseI)
t̂i = ti + γiti

x̂i = xi +
√

t̂2i − t2i εi

xpred = Dθ(x̂i; t̂i)
xop = xpred.clone().detach() � Starting optimization

op = Adam([xop],η) � Adam optimizer

xop.requires grad = True � xop is a HJB variable

For k ∈ {1, 2, . . . , 10} do � k is the optimization step

fpred = Decoder(xop) � Decoder is a VAE decoder

loss = (1− Cos(Arc(fpred), Arc(y))).abs().mean()
op.zero grad()
loss.backward(retain graph=True)
op.step()

xpred = xop � End of Optimization

di = (x̂i − xpred)/t̂i
xi+1 = x̂i + (ti+1 − t̂i)di

if ti+1 �= 0:

d′
i = (xi+1 − Dθ(xi+1; ti+1))/ti+1

xi+1 = x̂i + (ti+1 − t̂i)
(
1
2
di +

1
2
d′
i

)
return xN

for post-processing faces. However, animations suffer from

overall quality degradation due to excessive reliance on

post-processing tools. The reason is that post-processing

tools can disrupt the original pixel distribution, as faces

generated by third-party tools are clearly not aligned with

the domain of original animations. To address this issue,

inspired by the HJB equation [2, 5, 36], we propose the

HJB Equation-based Face Optimization. The HJB equation

guides optimal variable selection at each moment in a dy-

namic system to maximize the cumulative reward. In our

setting, this reward refers to ID consistency, which we aim

to enhance by integrating the HJB equation with the diffu-

sion denoising process. The variable refers to the predicted

sample by the diffusion model at each denoising iteration.

We first introduce the process of our face optimization and

then demonstrate its rationale.

In particular, we optimize the predicted sample xpred by

minimizing the face similarity distance between xpred and

the reference before employing denoising (EDM [27]) at

each step. The details are in the Algorithm 1, following

the structure of the Algorithm 2 in the EDM paper [27].

Snoise,Schurn, Stmin
, and Stmax

are the pre-defined values of

EDM. Arc(·) and η are Arcface [7] and a learning rate. We

employ our optimization to refine the prediction of the dif-

fusion regarding the face similarity with the reference.
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The optimized xpred can steer the denoising process for-

ward in a way that maximizes ID consistency. As our op-

timization relies on the current distribution of denoised la-

tents from diffusion, this parallel operation of denoising and

optimizing ID consistency effectively reduces detail distor-

tions, enhancing face quality.

Furthermore, we prove that the solving process of the

HJB equation [2, 5, 36] can be integrated with the diffusion

denoising process, as demonstrated below. The basic HJB

Equation can be described as:

∂V(x, t)

∂t
+ maxc[f(x, c) +

∂V(x, t)

∂x
· g(x, c)] = 0, (3)

where V(x, t) refers to the value function, representing the

minimum cost from state x at time t. f(x, c) is the imme-

diate cost under the condition c in state x. g(·) depicts the

system dynamics. In our settings, the condition c indicates

the face-aware variable. Following the previous work [5],

the solving process is formulated as:

minct

∫ 1

0

1

2
‖ct‖22 dt+

r

2
‖X1 − x1‖22 ,X1 ∼ pdata, (4)

s.t. dXt = ctdt and X0 = x0 (Gaussian noise). r is

the terminal cost coefficient. In our work, we normalize

denoising timesteps t′ (from T to 0) to [0, 1] and set t =
1 − t′. T is the maximum denoising timestep. Xt and xt

refer to the groundtruth sample and the predicted sample by

the model. Thus, xpred in Algorithm 1 is equivalent to x1.

Following the Pontryagin Maximum Principle [29], we can

construct the Hamiltonian equation:

H(t,X, ct,γ) = −1

2
‖ct‖22 + γct, (5)

where γ refers to a coefficient. To minimize Eq. 5, we set
∂H
∂ct

= 0. The optimal Hamiltonian is described as:

H
∗ = H(t,X, c∗t ,γ) =

1

2
γ2,where c∗t = γ. (6)

Then we solve the Hamiltonian equation of motion:

dXt

dt
=

∂H∗

∂γ
= γ,

dγ

dt
=

∂H∗

∂X
= 0.

(7)

At the final step t = 1, from Eq. 4 and Eq. 5, we can

obtain γ1 = −r · (X1 − x1). From Eq. 7, we can see

that γ is a variable independent of t, thereby obtaining γ =
γ1 = −r · (X1 − x1). We can also get Xt = X0 + γt →
X1 = X0 + γ and X0 = Xt − γt. We then obtain c∗t :

X1 = X0 + γ = Xt − γt+ γ

→ γ = −r · (X1 − x1) = −r · (Xt − γt+ γ − x1),

→ c∗t = γ =
r(x1 −Xt)

1 + r(1− t)
.

(8)

When r → ∞, following Eq. 4 (dXt = ctdt) and certainty

equivalence [5, 10] (the stochastic case), we have

dXt =
x1 −Xt

1− t
dt+ dwt, (9)

where wt is Brownian motion [5]. According to EDM [27]

in SVD [3], where Xt′ = Xdata + t′ε and Xdata ∼ pdata,

the current state Xt′ is converted to Xt = X1+(1− t)ε in

our settings. We use the following Tweedie’s formula [9]

E[θ|x] = x+ σ2 · ∇ log p(x), (10)

where x|θ ∼ N (θ,σ2) and p(·) is the marginal density of

x, to reform X1:

X1 = E[X1|Xt] = Xt + (1− t)2∇ log p(Xt). (11)

x1 aims to approximate X1. Thus, we substitute Eq. 11 in

Eq. 9 for obtaining the ultimate formula:

dXt =
Xt + (1− t)2∇ log p(Xt)−Xt

1− t
dt+ dwt

= (1− t) · ∇ log p(Xt)dt+ dwt.

(12)

It is evident that Eq. 12 and SDE formulation [43] are

structurally the same, thus we can seamlessly incorporate

the solution process of the HJB equation into the diffusion

denoising for ID preservation.

3.3. Training

As illustrated in Fig. 2, we use the reconstruction loss to

train our model, with trainable components including a U-

Net, a FaceEncoder, and a PoseNet. We introduce face

masks M , extracted by ArcFace [7] from the input video

frames to enhance the modeling of face regions:

L = Eε(‖(zgt − zε)	 (1 +M)‖2), (13)

where zgt and zε refer to diffusion latents and denoised la-

tents in Fig. 2, respectively.

4. Experiments
4.1. Implementation Details

Since previous works do not open-source their training

datasets, we collect 3K videos (60-90 seconds long) from

the internet to train our model. We utilize DWPose [64]

and Arcface [7] to extract skeleton poses and face embed-

dings/masks. Following previous works [22, 49, 52, 61, 70],

we evaluate our model on TikTok dataset [25]. We conduct

additional experiments on 100 unseen videos, referred to

the Unseen100 dataset, selected from the internet to assess

the robustness of our model. Following recent animation

models [35, 68], the U-Net utilizes pre-trained weights of

SVD [3], while the PoseNet and Face Encoder are trained

from scratch. Our ID-Adapter uses pre-trained weights of

spatial cross-attention blocks in SVD. Our model is trained

for 20 epochs on 4 NVIDIA A100 80G GPUs, with a batch

size of 1 per GPU. The learning rate is set to 1e-5.
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Table 1. Quantitative comparisons on TikTok dataset and Unseen100. Mem refers to GPU memory when manipulating 16 frames (576×
1024). In the table elements a / b, a, and b refer to the result on the TikTok dataset and Unseen100, respectively. We reference competitors’

results on the TikTok dataset from their papers, with − indicating missing reports.

Model L1 (E-4)↓ PSNR [20]↑ PSNR* [49]↑ SSIM↑ LPIPS↓ CSIM [12]↑ FVD↓ Mem↓
MRAA [40] 3.21 / 3.62 - / 26.62 18.14 / 17.28 0.672 / 0.692 0.296 / 0.313 0.248 / 0.221 284.82 / 540.35 5.4G

DisCo [49] 3.78 / 3.74 29.03 / 25.23 16.55 / 15.21 0.668 / 0.702 0.292 / 0.302 0.315 / 0.267 292.80 / 544.64 18.7G

MagicAnimate [61] 3.13 / 3.23 29.16 / 27.03 - / 17.11 0.714 / 0.746 0.239 / 0.264 0.462 / 0.338 179.07 / 398.94 20.84G

AnimateAnyone [22] - / 3.15 29.56 / 27.14 - / 17.14 0.718 / 0.759 0.285 / 0.251 0.457 / 0.316 171.90 / 383.45 11.18G

Champ [70] 2.94 / 3.02 29.91 / 27.78 - / 17.35 0.802 / 0.772 0.234 / 0.234 0.350 / 0.304 160.82 / 373.77 13.2G

Unianimate [52] 2.66 / 2.82 30.77 / 27.46 20.58 / 18.64 0.811 / 0.778 0.231 / 0.253 0.479 / 0.347 148.06 / 394.32 6.11G

MimicMotion [68] 5.85 / 3.55 - / 22.94 14.44 / 13.97 0.601 / 0.733 0.414 / 0.370 0.262 / 0.242 326.57 / 604.13 8.6G

ControlNeXt [35] 6.20 / 2.90 - / 25.28 13.83 / 14.84 0.615 / 0.743 0.416 / 0.262 0.360 / 0.264 326.57 / 389.45 12.23G

StableAnimator 2.87 / 2.71 30.81 / 28.85 20.66 / 18.85 0.801 / 0.784 0.232 / 0.223 0.831 / 0.805 140.62 / 349.94 12.50G

4.2. Comparison with State-of-the-Art Methods

Quantitative results. We compare with recent human

image animation models, including GAN-based models

(MRAA [40]) and diffusion-based models (DisCo [49],

AnimateAnyone [22], MagicAnimate [61], Champ [70],

Unianimate [52], MimicMotion [68], ControlNeXt [35]).

Based on previous studies that assess quantitative results us-

ing the self-driven and reconstruction approach, we perform

quantitative comparisons with the above competitors on the

TikTok dataset [25] and Unseen100, comprising complex

motion and appearance information. Notably, all competi-

tors are trained on our dataset before evaluating on Un-

seen100 to ensure a fair comparison. The results are shown

in Table 1. CSIM [12] evaluates the cosine similarity be-

tween the facial embeddings of two images. We observe

that our StableAnimator surpasses all competitors regarding

face quality (CSIM) and video fidelity (FVD) while main-

taining relatively high single-frame quality. Specifically,

StableAnimator outperforms the leading competitor, Uni-

animate, by 36.9% and 45.8% in CSIM across two datasets,

without sacrificing video fidelity and single-frame quality.

Qualitative Results. The qualitative results are shown in

Fig. 3. Notably, qualitative results in the paper are in

the cross-ID setting [70]. Disco [49], MagicAnimate [61],

AnimateAnyone [22], and Champ [70] exhibit face/body

distortion and clothing changes, while Unianimate [52]

accurately modifies the reference motion, and MimicMo-

tion [68] and ControlNeXt [35] effectively preserve cloth-

ing details. However, all competitors struggle to maintain

reference identities. In contrast, our StableAnimator accu-

rately animates images based on the given pose sequences

while preserving reference identities, highlighting the supe-

riority of our model in identity retention and in generating

precise, vivid animations.

4.3. Ablation Study

ID Consistency Preservation. We conduct an ablation

study to demonstrate the contributions of core components

Table 2. Ablation study on core components. Face Masks and

Alignment refer to face masks in the loss and distribution align-

ment of our ID Adapter.

Model L1↓ PSNR↑ SSIM↑ LPIPS↓ CSIM↑ FVD↓
w/o Face Masks 3.01E-4 24.10 0.665 0.281 0.639 382.25

w/o Face Encoder 3.08E-4 22.25 0.674 0.282 0.594 385.91

w/o Alignment 3.11E-4 23.45 0.713 0.276 0.716 412.52

w/o Optimization 2.86E-4 27.17 0.769 0.245 0.782 365.43

Ours 2.71E-4 28.85 0.784 0.223 0.805 349.94

in StableAnimator, as shown in Table 2 and Fig. 4. No-

tably, all quantitative ablation studies are on the Unseen100

dataset. We can see that removing the core components sig-

nificantly degrades performance, particularly in face-related

regions (CSIM), highlighting that our components signifi-

cantly enhance both video fidelity and single-frame quality

while preserving high ID consistency.

We further conduct an ablation study regarding current

face enhancement approaches, as shown in Table 3 and Fig.

5. We replace our components with the commonly used

IP-Adapter and FaceFusion. By analyzing the results, we

can gain the following observations: (1) IP-Adapter can

improve the ID consistency, while the video fidelity and

single-frame quality dramatically degrade. The plausible

reason is that directly inserting the IP-Adapter hinders its

ability to adapt to spatial representation distribution varia-

tions during temporal modeling, thereby deteriorating the

capacity of the video diffusion model. (2) The third-party

post-processing face-swapping tool FaceFusion refines the

face quality but relatively degrades the video fidelity. The

underlying reason is that the third-party post-processing op-

erates in a different domain from the diffusion model, lead-

ing to a loss of semantic details and disrupting video fidelity.

(3) StableAnimator can significantly refine the face quality

while maintaining high video fidelity since our model re-

mains in the same domain as the video diffusion model due

to the distribution-aware end-to-end pipeline.

Feature Alignment. We conduct a comparison between

our distribution alignment in the ID-Adapter and other types

of feature injection, as shown in Table 4 and Fig. 5. Norm
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Reference Image DisCo MagicAnimate AnimateAnyone Champ Unianimate MimicMotion ControlNeXt Ours
Figure 3. Qualitative comparisons with state-of-the-art methods. More examples can be found in the supplementary material.

Reference w/o Face Mask w/o Face Encoder w/o Alignment w/o Optimization Ours

Figure 4. Ablations on core components of StableAnimator.

Table 3. Ablation study on face enhancement methods. w/o Face

refers to the exclusion of any face-related strategies.

Model L1↓ PSNR↑ SSIM↑ LPIPS↓ CSIM↑ FVD↓
w/o Face 2.83E-4 26.75 0.741 0.264 0.324 371.38

IP-Adapter [65] 3.88E-4 18.86 0.672 0.287 0.511 484.77

FaceFusion [15] 3.31E-4 23.05 0.734 0.265 0.798 405.16

Ours 2.71E-4 28.85 0.784 0.223 0.805 349.94

refers to z̄face
i =

zface
i −μface

σface
. We can see that Addition and

Norm fail to eliminate the interference of spatial feature dis-

tortion after temporal modeling, thereby achieving subopti-

mal results. By contrast, our alignment integrates the mean

and standard deviation from both cross-attention features,

Table 4. Ablation study on the distribution-based alignment. Ad-

dition and Norm refer to element-wise addition and normalization.

Model L1↓ PSNR↑ SSIM↑ LPIPS↓ CSIM↑ FVD↓
Addition 3.11E-4 23.45 0.713 0.276 0.716 412.52

Norm 2.73E-4 26.67 0.758 0.257 0.776 382.49

Ours 2.71E-4 28.85 0.784 0.223 0.805 349.94

significantly mitigating the impact of feature distortion.

Face Optimization. To validate the significance of our

face optimization strategy, we conduct an ablation re-

garding different diffusion backbones. The results are

in Table 5 and Fig. 6. MagicAnimate is based on

SD [38]+AnimateDiff [13]. We have the following ob-

servations: (1) Common face enhancement strategies (IP-

Adapter and FaceFusion) also degrade the video fidelity

and single-frame quality of MagicAnimate, indicating that

spatial feature distortion indeed occurs across different

diffusion-based backbones. (2) Magic+Opt boosts overall

performance, showing that our face optimization enhances

the diffusion model even without any explicit introduction

of face-related adapters. The results of Magic+IP+Opt indi-
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Reference Image

Addition Norm Ours

w/o Face IP-Adapter FaceFusion

Figure 5. Ablation study on face enhancement strategies.

Table 5. Ablation study on the optimization. Magic, IP, ID, FE,

and Opt refer to MagicAnimate, IP-Adapter, our ID Adapter, our

Face Encoder, and our Optimization, respectively.

Model L1↓ PSNR↑ SSIM↑ LPIPS↓ CSIM↑ FVD↓
Magic+IP 3.85E-4 23.14 0.689 0.286 0.541 836.33

Magic+FaceFusion 3.31E-4 26.42 0.725 0.268 0.796 412.40

Magic+Opt 3.02E-4 27.56 0.762 0.258 0.480 381.61

Magic+IP+Opt 3.61E-4 26.12 0.714 0.279 0.624 754.34

Magic+FE+ID 2.85E-4 27.89 0.767 0.248 0.775 376.43

Magic+FE+ID+Opt 2.69E-4 28.13 0.775 0.241 0.798 355.23

cate that our optimization can mitigate the deterioration in

fidelity due to the introduction of IP-Adapter while improv-

ing face quality to some extent. (3) The last two rows of

Table 5 show that our face optimization can still work in the

different diffusion-based backbone.

4.4. Applications and User Study

Long Animation. We conduct a qualitative comparison be-

tween our StableAnimator and current animation models in

long animation generation. Inspired by MimicMotion [68],

we follow the same pipeline for synthesizing long videos.

The results are shown in Sec. D of the Supp. Each pose

sequence contains over 300 frames with complex motion,

while the references include intricate details of appearances

and backgrounds. The results show that competitors suf-

fer from blurry noises and face distortion. By contrast, our

model can effectively handle long human image animation

in high fidelity while preserving identities.

Multi-Person Animation. We experiment on multi-person

animation, as shown in Sec. E of the Supp. We can see that

our model is capable of animating multiple individuals.

User Study. We conduct a user study on 30 selected videos

to evaluate the human preference between our StableAni-

mator and other competitors. The participants are basically

university students and faculties. In each case, participants

are first presented with the reference image and the pose

sequence. Then we provide two videos (one is generated

by our StableAnimator and the other is synthesized by a

competitor) in random orders. Participants are then asked

to answer the following questions: M-A/A-A/B-A/I-A:

“Which one has better motion/appearance/background/ID

Reference IP FaceFusion StableAnimator

Magic Magic+IP Magic+FaceFusion Magic+Ours
Figure 6. Ablation study on different backbones.

Table 6. User preference of StableAnimator compared with other

competitors. Higher indicates users prefer more to our model.

Model M-A A-A B-A I-A

DisCo [49] 95.6% 96.8% 94.2% 98.7%

MagicAnimate [61] 94.5% 94.8% 92.7% 97.4%

AnimateAnyone [22] 94.8% 93.1% 92.5% 98.3%

Champ [70] 95.0% 91.3% 91.7% 96.6%

Unianimate [52] 89.7% 88.4% 90.5% 95.8%

MimicMotion [68] 95.3% 95.5% 94.1% 97.6%

ControlNeXt [35] 93.6% 92.4% 90.3% 96.2%

alignment with the reference”. Table 6 shows the superi-

ority of our model regarding subjective evaluation.

5. Conclusion

In this paper, we proposed StableAnimator, a video diffu-

sion model with dedicated modules for training and infer-

ence to generate ID-preserving human image animations.

StableAnimator first used off-the-shelf models to gain im-

age and face embeddings. To capture the global context of

the reference, StableAnimator introduced a Face Encoder to

refine face embeddings. StableAnimator further designed

an ID-Adapter, which applied alignment to mitigate the in-

terference from temporal modeling, enabling seamless face

embedding integration without video fidelity loss. During

inference, to further enhance face quality, StableAnimator

incorporated the HJB equation alongside diffusion denois-

ing for face optimization. Experimental results across var-

ious datasets demonstrated the superiority of our model in

producing high-quality ID-preserving human animations.

Acknowledgement. This project was supported by
NSFC under Grant No.62032006 and No. 62472098.

21103



References
[1] Fan Bao, Chendong Xiang, Gang Yue, Guande He,

Hongzhou Zhu, Kaiwen Zheng, Min Zhao, Shilong Liu,

Yaole Wang, and Jun Zhu. Vidu: a highly consistent,

dynamic and skilled text-to-video generator with diffusion

models. arXiv preprint arXiv:2405.04233, 2024. 2

[2] Martino Bardi, Italo Capuzzo Dolcetta, et al. Optimal control
and viscosity solutions of Hamilton-Jacobi-Bellman equa-
tions. Springer, 1997. 2, 4, 5

[3] Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel

Mendelevitch, Maciej Kilian, Dominik Lorenz, Yam Levi,

Zion English, Vikram Voleti, Adam Letts, et al. Stable video

diffusion: Scaling latent video diffusion models to large

datasets. arXiv preprint arXiv:2311.15127, 2023. 2, 3, 5

[4] Tim Brooks, Bill Peebles, Connor Holmes, Will DePue,

Yufei Guo, Li Jing, David Schnurr, Joe Taylor, Troy Luh-

man, Eric Luhman, Clarence Ng, Ricky Wang, and Aditya

Ramesh. Video generation models as world simulators.

2024. 2

[5] Tianrong Chen, Jiatao Gu, Laurent Dinh, Evangelos A

Theodorou, Joshua Susskind, and Shuangfei Zhai. Genera-

tive modeling with phase stochastic bridges. In ICLR, 2024.

4, 5

[6] Tri Dao and Albert Gu. Transformers are SSMs: General-

ized models and efficient algorithms through structured state

space duality. In ICML, 2024. 3

[7] Jiankang Deng, Jia Guo, Niannan Xue, and Stefanos

Zafeiriou. Arcface: Additive angular margin loss for deep

face recognition. In CVPR, 2019. 2, 3, 4, 5

[8] Prafulla Dhariwal and Alexander Nichol. Diffusion models

beat gans on image synthesis. In NeurIPS, 2021. 1, 2

[9] Bradley Efron. Tweedie’s formula and selection bias. Jour-
nal of the American Statistical Association, 2011. 5

[10] Wendell H Fleming and Raymond W Rishel. Deterministic
and stochastic optimal control. Springer Science & Business

Media, 2012. 5

[11] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing

Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, and

Yoshua Bengio. Generative adversarial networks. Commu-
nications of the ACM, 2020. 3

[12] Jianzhu Guo, Dingyun Zhang, Xiaoqiang Liu, Zhizhou

Zhong, Yuan Zhang, Pengfei Wan, and Di Zhang. Livepor-

trait: Efficient portrait animation with stitching and retarget-

ing control. arXiv preprint arXiv:2407.03168, 2024. 2, 6

[13] Yuwei Guo, Ceyuan Yang, Anyi Rao, Zhengyang Liang,

Yaohui Wang, Yu Qiao, Maneesh Agrawala, Dahua Lin, and

Bo Dai. Animatediff: Animate your personalized text-to-

image diffusion models without specific tuning. In ICLR,

2024. 2, 7

[14] Zinan Guo, Yanze Wu, Zhuowei Chen, Lang Chen, and Qian

He. Pulid: Pure and lightning id customization via con-

trastive alignment. In NeurIPS, 2024. 1, 2, 4

[15] Ruhs Henry. Facefusion. https://github.com/
facefusion/facefusion, 2024. 1, 2, 3, 4, 7

[16] Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman,

Yael Pritch, and Daniel Cohen-Or. Prompt-to-prompt im-

age editing with cross attention control. arXiv preprint
arXiv:2208.01626, 2022. 1, 2

[17] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffu-

sion probabilistic models. In NeurIPS, 2020.

[18] Jonathan Ho, Chitwan Saharia, William Chan, David J Fleet,

Mohammad Norouzi, and Tim Salimans. Cascaded diffusion

models for high fidelity image generation. JMLR, 2022. 1, 2

[19] Wenyi Hong, Ming Ding, Wendi Zheng, Xinghan Liu,

and Jie Tang. Cogvideo: Large-scale pretraining for

text-to-video generation via transformers. arXiv preprint
arXiv:2205.15868, 2022. 2

[20] Alain Hore and Djemel Ziou. Image quality metrics: Psnr

vs. ssim. In 2010 20th international conference on pattern
recognition, 2010. 6

[21] Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-

Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu Chen.

Lora: Low-rank adaptation of large language models. In

ICLR, 2021. 2

[22] Li Hu. Animate anyone: Consistent and controllable image-

to-video synthesis for character animation. In CVPR, 2024.

1, 3, 5, 6, 8

[23] Jiehui Huang, Xiao Dong, Wenhui Song, Hanhui Li, Jun

Zhou, Yuhao Cheng, Shutao Liao, Long Chen, Yiqiang Yan,

Shengcai Liao, et al. Consistentid: Portrait generation with

multimodal fine-grained identity preserving. arXiv preprint
arXiv:2404.16771, 2024. 1, 2, 4

[24] Zhichao Huang, Xintong Han, Jia Xu, and Tong Zhang. Few-

shot human motion transfer by personalized geometry and

texture modeling. In CVPR, 2021. 3

[25] Yasamin Jafarian and Hyun Soo Park. Learning high fidelity

depths of dressed humans by watching social media dance

videos. In CVPR, 2021. 2, 5, 6

[26] Wonjoon Jin, Qi Dai, Chong Luo, Seung-Hwan Baek, and

Sunghyun Cho. Flovd: Optical flow meets video diffusion

model for enhanced camera-controlled video synthesis. In

CVPR, 2025. 2

[27] Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine.

Elucidating the design space of diffusion-based generative

models. In NeurIPS, 2022. 4, 5

[28] Diederik P Kingma. Auto-encoding variational bayes. In

ICLR, 2014. 3

[29] Donald E Kirk. Optimal control theory: an introduction.

Courier Corporation, 2004. 5

[30] Zhen Li, Mingdeng Cao, Xintao Wang, Zhongang Qi, Ming-

Ming Cheng, and Ying Shan. Photomaker: Customizing re-

alistic human photos via stacked id embedding. In CVPR,

2024. 2

[31] Xin Ma, Yaohui Wang, Gengyun Jia, Xinyuan Chen, Zi-

wei Liu, Yuan-Fang Li, Cunjian Chen, and Yu Qiao. Latte:

Latent diffusion transformer for video generation. arXiv
preprint arXiv:2401.03048, 2024. 2

[32] Chenlin Meng, Yutong He, Yang Song, Jiaming Song, Jia-

jun Wu, Jun-Yan Zhu, and Stefano Ermon. Sdedit: Guided

image synthesis and editing with stochastic differential equa-

tions. In ICLR, 2021. 1, 2

[33] Alexander Quinn Nichol and Prafulla Dhariwal. Improved

denoising diffusion probabilistic models. In ICML, 2021. 2

21104



[34] William Peebles and Saining Xie. Scalable diffusion models

with transformers. In ICCV, 2023. 2

[35] Bohao Peng, Jian Wang, Yuechen Zhang, Wenbo Li, Ming-

Chang Yang, and Jiaya Jia. Controlnext: Powerful and effi-

cient control for image and video generation. arXiv preprint
arXiv:2408.06070, 2024. 1, 2, 3, 4, 5, 6, 8

[36] Shige Peng. Stochastic hamilton–jacobi–bellman equations.

SIAM Journal on Control and Optimization, 1992. 2, 4, 5

[37] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya

Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,

Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-

ing transferable visual models from natural language super-

vision. In ICML, 2021. 2, 3

[38] Robin Rombach, Andreas Blattmann, Dominik Lorenz,

Patrick Esser, and Björn Ommer. High-resolution image syn-

thesis with latent diffusion models. In CVPR, 2022. 1, 2, 7
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