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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 presery-
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 HIB equation can be integrated into the
diffusion denoising process, and the resulting solution con-
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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.

ControlNetXt+CodeFormer

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 HIB equation
corresponds with the core principles of diffusion denoising.
Therefore, we incorporate the HIB 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 Stable Anima-
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 HIB 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-FacelD [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-
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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

Mlustrated 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 HIB-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 HIB 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 z;. The latents of the U-Net perform
cross-attention with image embeddings emb;,,, and re-
fined face embeddings emb .., respectively:

z; = SAttn(z;),

2™ = CAttn(z;, embim,), (1)

face

Zl

= CAttn(zi, embface ) )

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

img

cross-attention operations. To align z!""? and z] ““, we
z:mg_”‘i'mg ziface_ﬂface
enforce - = e where g/ face and

Oimg/face Tefer to the mean and standard deviation of

zfmg/ face  respectively. If the equation above holds, the

feature distributions on both sides are basically in the same

domain. Thus, the aligned z] “““ is element-wise added to
mg . .. . .

z; ¢ for maintaining ID consistency:

—face zzface — M face

z - X Oimg + Himg,

‘ O face (2)
= = face im
z =zl 4 2im9,

The outputs of our ID Adapter z; are further fed to temporal
layers for temporal modeling. When spatial distribution is

altered by temporal layers, the aligned Z/“““ remains in the

. img . .. ace
same domain as z; ~, enabling the original z; ™ 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 (¢(t) = t and s(t) = 1)

Input: Dp(x; 0), ticqo,....N}s Vie{o,...N=1}, Y
Sample xo ~ N (0, t31) > Dy (x; o) is a diffusion model
Fori e {0,...,N — 1} do > tie{o,..., N} are timesteps
~vi =0 > Yie{o,...,N—1} are pre-defined factors.
ifti € [Stoin> Stma] > y is the reference image.
~i = min (%,\/ﬁ— 1)
Sample €; ~ N(0, 82, T)
ti = ti + viti
:flq; =x; + \/t? —tfei
Lpred = Do (iﬁu Ez)
Top = Tprea-clone().detach()
op = Adan([.), )
Top.requires_grad = True
For k € {1,2,...,10} do > k is the optimization step
Sored = Decoder(zop) > Decoder is a VAE decoder
loss = (1 — Cos(Arc(fpred), Arc(y))).abs().mean()
op.zero_grad()
loss.backward(retain_graph=True)
op.step()
Lpred = Lop
di = (&; — Tprea) /1t
Tit1 =& + (tiv1 — fi)di
if t1'+1 75 OI
di = (Tit1 — Do(@it1;tiv1))/titr
Tip1 = @i + (tigr — fi) (%dl + %d;)
return x N

> Starting optimization
> Adam optimizer
> op is a HIB variable

> End of Optimization

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 HIB equation [2, 5, 36], we propose the
HIB Equation-based Face Optimization. The HIB 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 HIB 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 Tpeq by
minimizing the face similarity distance between .4 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].
ShoisesSchums St,,» and Sy are the pre-defined values of
EDM. Arc(-) and 7 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 pq 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
HIB equation [2, 5, 36] can be integrated with the diffusion
denoising process, as demonstrated below. The basic HIB
Equation can be described as:

ov(z,t)
ot

ov(z,t) B
oz gz, 0)] =0, O

+ max.[f(x, c) +

where V(x, t) refers to the value function, representing the
minimum cost from state  at time ¢. f(x, ¢) is the imme-
diate cost under the condition ¢ in state . g(-) depicts the
system dynamics. In our settings, the condition ¢ indicates
the face-aware variable. Following the previous work [5],
the solving process is formulated as:

1
1 r
minct/0 3 llee||2 dt + 5 X1 — 215, X1 ~ Pdata, @)

st. dX; = ¢ dt and Xg = xo (Gaussian noise). 7 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 is the maximum denoising timestep. X; and x;
refer to the groundtruth sample and the predicted sample by
the model. Thus, xyeq in Algorithm 1 is equivalent to x;.
Following the Pontryagin Maximum Principle [29], we can
construct the Hamiltonian equation:

1
H(t,X7Ct,"/) :_§Hct”§+"/0t, (5)

where ~y refers to a coefficient. To minimize Eq. 5, we set

% = 0. The optimal Hamiltonian is described as:

H* =H(t, X, ci,v) = %72,where ci =1. (6)

Then we solve the Hamiltonian equation of motion:

X, o
dt Oy -7 @
dy _ow
. 0X
At the final step ¢ = 1, from Eq. 4 and Eq. 5, we can
obtain v; = —7 - (X7 — x1). From Eq. 7, we can see

that ~y is a variable independent of ¢, thereby obtaining v =
1 = —7- (X1 —x1). We can also get X; = X + vyt —
X, = Xo + v and Xy = X; — «¢. We then obtain c;:

Xi=Xo+vy=Xt —vt+~vy
= y=-r (Xi—z1)=-71 (Xi —vt+v—x1),

_r(m — Xy)
T l4r(l—t)

(®)

— ¢l =~

When r — oo, following Eq. 4 (dX; = c;dt) and certainty
equivalence [5, 10] (the stochastic case), we have

%dt + dwy, 9)
where w; is Brownian motion [5]. According to EDM [27]
in SVD [3], where Xy = Xgata +t'€ and X gut0 ~ Pdatas
the current state X is converted to X; = X7 + (1 —t)e in
our settings. We use the following Tweedie’s formula [9]

E[f|z] = x + o - Viogp(x), (10)

dX; =

where x|0 ~ N(0,0?) and p(-) is the marginal density of
x, to reform X7:

X, =E[X1|X:] = X; + (1 —t)°Viogp(Xy). (an

1 aims to approximate X ;. Thus, we substitute Eq. 11 in
Eq. 9 for obtaining the ultimate formula:

— 2 -
_ X+ (1= )*Vlogp(X)) = X )y
1—t (12)
= (1—1t)- Viogp(X:)dt + duw.

It is evident that Eq. 12 and SDE formulation [43] are
structurally the same, thus we can seamlessly incorporate
the solution process of the HIB equation into the diffusion
denoising for ID preservation.

dX

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 =E(|(zgt — 2c) © (1+ M)|”), (13)

where z,; and z. 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 x
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]f PSNR* [49]1 SSIM? LPIPS| CSIM [12]1 | FVD/ | Mem|
MRAA [40] | 321/3.62 -126.62 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 29.03/2523 16.55/1521 0.668/0.702 0.292/0.302 0.315/0.267 | 292.80/544.64 | 18.7G
MagicAnimate [61] | 3.13/323  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] 294/3.02 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 -122.94 1444 /1397 0.601/0.733 0.414/0370 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  30.81/2885 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 Table 2. Ablation study on core components. Face Masks and

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

Alignment refer to face masks in the loss and distribution align-
ment of our ID Adapter.

Model L1,  PSNR SSIM? LPIPS| CSIMt | FVD|
w/o Face Masks ~ 3.01E-4 2410  0.665 0281  0.639 | 382.25
w/o Face Encoder  3.08E-4 2225 0674 0282 0594 | 385.91
w/o Alignment 3.11E4 2345 0713 0276 0716 | 412.52
w/o Optimization ~ 2.86E-4  27.17 0769 0245  0.782 | 365.43
Ours 271E-4 2885 0784 0223 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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Figure 3. Qualitative comparisons with state-of-the-art methods. More examples can be found in the supplementary material.
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Reference  w/o Face Mask w/o Face E

w/o Ali " w/o O imizat 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 LIl PSNRT SSIM{ LPIPS| CSIM{ | FVDJ
w/o Face 283E-4 2675 0741 0264 0324 | 371.38
IP-Adapter [65]  3.88E-4 1886  0.672 0287 0511 | 48477
FaceFusion [15] 3.31E-4 2305 0734 0265  0.798 | 405.16
Ours 271E-4 2885 0784 0223 0.805 | 349.94
face _ .
refers to Zlf ace:%. We can see that Addition and
ace

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, PSNRT SSIM{ LPIPS| CSIMf | FVD|

Addition  3.11E-4 2345 0.713 0.276 0.716 | 412.52
Norm 273E-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-

21102



FaceFusion

IP-Adapter

Reference Image

Addition Norm Ours
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, PSNRT SSIMf LPIPS, CSIMt | FVD)
Magic+IP 385E-4 2314 0689 0286  0.541 | 836.33
Magic+FaceFusion ~ 3.31E-4 2642 0725 0268 0796 | 412.40
Magic+Opt 3.02E-4 2756 0762 0258 0480 | 381.61
Magic+IP+Opt 361E4 2612 0714 0279  0.624 | 75434
Magic+FE+ID 285E-4  27.89 0767 0248 0775 | 37643

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

Magic Magic+IlP 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% 942% 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% 913% 91.7%  96.6%
Unianimate [52] 89.7% 88.4% 90.5% 95.8%
MimicMotion [68] 953% 955% 94.1% 97.6%
ControlNeXt [35] 93.6% 924% 903% 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 HIB 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.
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