This ICCV Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

High-Fidelity Character Animation: Generating Coherent and Controllable
Motion Videos from Static Images

Yongming Huang®® , Zhuojun Xia*" , Can Bu®®

aSchool of Automation, Southeast University, Nanjing 210096, China
b Key Laboratory of Measurement and Control of Complex Systems of Engineering, Ministry of
Education, Nanjing, 210096, China
{huang_ym, 213212931, bucan} @seu.edu.cn

Abstract

This paper focuses on video-driven character anima-
tion, which aims to generate temporally continuous and
appearance-consistent role animation videos from static im-
ages using pose signals. Although diffusion models have
become the mainstream solution, existing methods still face
significant challenges in cross-frame detail consistency, mo-
tion controllability, and long-term temporal modeling. To
address these limitations, we propose High-Fidelity Char-
acter Animation—a innovative diffusion-based video gener-
ation framework. First, we design an Identity Preservation
Module to enhance the consistency of identity features in
the process of video generation. Second, we propose Do-
main Specific Adaptation Optimization to enhance gener-
alization across diverse scenarios and complex poses. Fi-
anlly, we develop a Spatio-temporal Optimization with De-
tail Enhancement to improve the representation of key re-
gion details and ensure temporal consistency across long
video sequences. Experiments show that the performance of
our model on two benchmark datasets (TikTok dataset and
TED-talks dataset) achieves the state-of-the-art, exceeding
the strongest baselines by 22.8% and 30.2% respectively in
terms of video quality metrics.

1. Introduction

Video-driven character animation aims to generate tempo-
rally consistent and visually consistent character animation
videos from static images by analyzing pose information in
input videos [32, 41]. At present, it has important applica-
tion prospects in virtual anchor, game NPC generation and
other fields [3, 19]. The early research of this technology
comes from the development of GAN, such as using latent
space interpolation to realize simple character action gen-
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eration [10] and using pix2pix framework to complete pose
transfer [18]. However, the images or videos generated by
GAN-based methods have the problems of poor temporal
coherence, local distortion, and blurred details in occluded
areas [33].

In recent years, some studies based on diffusion model
framework to solve character animation video tasks have
achieved some results [15, 28]. However, current diffusion-
based approaches [2, 12, 22] struggle to capture fine-
grained details, leading to distortions in appearance fea-
tures during temporal sequences—particularly with subtle
textures. These methods also fail to maintain stability dur-
ing long-term motion sequences due to inherent frame-wise
processing that neglects temporal consistency. In addition,
these works often rely on the CLIP encoder to encode the
reference appearance [27], which is an encoder trained to
match the semantic features of the text in the diffusion
model, leading to the loss of fine features in the feature en-
coding [29].

In this paper, we propose High-Fidelity Character Ani-
mation, a video framework for character animation, to en-
sure high-fidelity character appearance features and long-
term temporal modeling consistency in the generated video.
First, we inherit the network design and pre-trained weights
from Stable Diffusion (SD) [15, 28], and then model the
temporal consistency between different video frames by in-
serting a temporal attention layer into the diffusion network
[12]. Secondly, we design an Identity Preservation Module
into our diffusion network to maintain high-fidelity char-
acter detail textures. Then, a strategy of Domain Specific
Adaptation Optimization is designed to enhance the gener-
alization ability of the model in various scenes and complex
poses. Finally, based on the above methods, we introduce
a Spatio-temporal Optimization with detail enhancement to
further improve the high fidelity of character animation.

We summarize our contributions as follows: (1) In this



paper we propose a High-Fidelity Character Animation
framework, which can maintain the spatial and temporal
consistency of the character’s appearance details in the gen-
erated video. At the same time, the application of temporal
consistency modeling can generate high-definition charac-
ter animation video with arbitrary duration without tempo-
ral jitter and flicker. (2) High-Fidelity Character Anima-
tion achieves state-of-the-art performance on multiple met-
rics across the TikTok [19] and TED-Talks[33] benchmark
datasets.

2. Related Work

2.1. Diffusion Models for Image Generation

The remarkable success of diffusion models has greatly pro-
moted various research advances in text-to-image genera-
tion, and it has become the mainstream method for text-to-
image generation tasks [15, 29]. The breakthrough of diffu-
sion model in the field of image generation began with the
proposal of DDPM [15], which achieved high-quality im-
age synthesis through the reverse denoising process. Key
advances include Latent Diffusion Models [28], which in-
troduce latent space dimensionality reduction techniques to
significantly reduce computational complexity. Its core ar-
chitecture adopts a U-Net variant that fuses text conditions
through cross-attention layers, enabling efficient image gen-
eration on GPUs [6]. In addition, ControlNet [47] realizes
spatial alignment condition injection through zero convo-
lution layer, which lays the foundation for pose control.
The GLIDE model [25] implements the text-image seman-
tic alignment mechanism, which can generate images with
semantic consistency. However, it is difficult to retain high-
frequency texture details in semantic level feature extrac-
tion, which becomes the bottleneck of character animation.
These works provide technical reserves for video genera-
tion, but have limitations in fine-grained appearance preser-
vation [2, 42].

2.2. Diffusion Models for Animation

With the maturity of text-to-image technology, researchers
begin to expand into the temporal dimension and study
the diffusion model of character animation video genera-
tion [6, 35]. AnimateDiff [12] achieves the video exten-
sion capability of pre-trained models with a pluggable mo-
tion module. In terms of condition control, VideoComposer
[42] incorporates image conditions into the diffusion pro-
cess, and Gen-2 [6] shows the possibility of multi-condition
fusion generation. Recent works such as Text2Video-Zero
[21] explore zero-shot generation without video data fine-
tuning, and FollowYourPose [24] achieves accurate con-
trol of motion trajectory through pose temporal encoding.
MimicMotion model [22] further expands the application
of diffusion model in character animation generation. In
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Figure 1. Given a reference image (the leftmost image in each
group) and a motion pose sequence (the middle pose image in each
group), High-Fidelity Character Animation can generate a control-
lable animation video results for any character that are consistent
with the appearance characteristics of the reference character and
stable in time series.

this model, a confidence-aware posture guidance strategy is
introduced to realize the fine control of human motion pos-
ture. Momask model [4] uses the generative mask modeling
technology to intelligently fill and repair the occluded part,
making the generated 3D human motion more complete and
realistic. These research advances provide important tech-
nical reserves for image-to-video generation tasks. How-
ever, although the introduction of these models and meth-
ods has greatly improved the quality of character animation
video generation, these methods [12, 40, 42] still face the
problems of inconsistent character identity characteristics
across frames, inconsistent and stable generation of long
videos, and excessive computational complexity and high
computing power requirements.

3. Method

This paper aims to achieve pose-guided image-video char-
acter animation generation. Given a reference image I,..; €
RHE*XWX3 and a target pose sequence P = {p;},, the
model must generate a character animation video that com-
plies with physical laws and has consistent identity charac-
teristics V = {vt};‘rzl, as shown in Figure 1. However, cur-
rent diffusion models generally use CLIP encoders [27, 29]
or other appearance encoders to encode reference images.
The extracted semantic features are sparse, and it is diffi-
cult to effectively capture high-frequency detail information
such as clothing texture and hair, resulting in shortcomings
in the generated video detail representation and inter-frame
consistency [6, 29, 44]. Therefore, we propose an improved
Reference ProcessingNet based on the existing research re-
sults [2, 17]. Then we introduce an Identity Preservation
Module to enhance the consistency of identity features in



the process of video generation. In addition, we also de-
sign a Domain-specific Adaptation Optimization to improve
the generalization ability of the model in different applica-
tion scenarios by fine-tuning . To further solve the short-
comings of the original diffusion framework in modeling
the temporal dependence between frames, we introduce the
temporal layer into the diffusion network structure to bet-
ter model the temporal consistency of character animation
videos [7, 12, 42].

The overall pipeline of the High-Fidelity Character An-
imation proposed in this paper is shown in Figure 2. Ini-
tially, the reference image undergoes preprocessing, which
includes color space transformation and geometric enhance-
ment. Subsequently, the processed image is fed into the
VAE encoder to extract latent space features denoted as
Zref € RMwxe “and into the CLIP encoder to obtain
high-level semantic features. These two feature represen-
tations are then jointly input into a modified Reference Pro-
cessingNet in order to generate fine-grained conditional em-
beddings.Next, the pose sequence undergoes feature en-
coding via a lightweight PoseNet model , producing con-
ditional guidance signals fy,scfor action generation. Un-
like prior ControlNet-based approaches, this design mini-
mizes computational overhead while maintaining efficiency
.Within the Denoising UNet, reference image features and
pose features fuse through cross-attention: spatial atten-
tion layer ensures alignment of facial features while tem-
poral attention layer maintains temporal coherence across
frames. The resulting video clips are then reconstructed by
the VAE decoder. To resolve temporal discontinuities in
generated video segments, Gaussian-weighted fusion is ap-
plied to overlapping regions , ensuring smooth inter-frame
transitions and coherent animation output.

3.1. Identity Preservation Module

Within the diffusion model framework, single-layer spatial
attention [17, 35, 44] in diffusion models causes progressive
distortion of facial and clothing features during cross-frame
propagation, as CLIP encoder or other image encoders are
limited in their ability to capture high-frequency details. In-
spired by the ControlNet hierarchical condition injection
mechanism [47], we propose a feature decoupling frame-
work that separates identity into character feature and cloth-
ing attributes for independent constraint.

Character feature alignment constraint. Inspired by the
ability of Arcface model to enhance discrimination between
classes [5, 30], the pre-trained ArcFace network is used to
extract character embedding feature vectors to ensure angu-
lar cosine space consistency between generated and refer-
ence frames. The constraint process is defined as follows:

fref : fgen

Lface =1- "
HfTEfogenl

+/\||fref*fgen”§ ) (1)
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where ||.||2 is the L2 loss, frer and fger, respectively repre-
sent the embedding vectors of the characters in the reference
image and the generated image.) is the weight coefficient
used to balance the influence between the cosine similarity
and the Euclidean distance.

Clothing Attribute Constraint. We adapt the Gram ma-
trix method from Neural Style Transfer [8, 20], utilizing the
VGGI19 network [23, 34, 46] to extract the style statistical
information in feature maps. Specifically, shallow features
capture high-frequency details (e.g., silk luster), while mid-
level features model structural elements (e.g., collar con-
tours). For the I-th layer feature map F! € REXH>XW the
Gram matrix is defined as:

1 H W
l ! l
Gij = CHW Z Z Fi,h,ij,h,w : 2
h=1w=1
Thus, the clothing style constraint term is obtained as:
l l
ACstyle = Z HGref - GgenHF ’ 3)
leconvl_2,conv2_2

where Gl , , G, represents the Gram matrix of the orig-

inal character clothing attributes and the target character
clothing attributes, ||.||r represents the Frobenius norm,
which is used to quantify the style difference. VGG19’s
convl_2 captures texture features, while conv2_2 models
fold morphology.

Through the above design, we can preserve high-frequency
texture priors and avoids CLIP’s semantic sparsity limita-
tion through detail-enhanced representation learning.

3.2. Domain Specific Adaptation Optimization

Due to the domain limitations of pretrained diffusion mod-
els,the diffusion framework shows limited adaptability to
rapid action changes and complex clothing structures . We
jointly optimize clothing types and action-posture types, in-
troduce a Domain Specific Adaptation Optimization, and
further fine-tune it using the UCF101 dataset [36].
Adaptation method for specific clothing types. To en-
hance specific clothing type adaptation, we extract fea-
ture vectors f.op for 12 clothing categories from 3,200
UCF101 dataset samples using Reference ProcessingNet,
then fuse them with backbone features via weighted inte-
gration:

o= U(UT[fmain; fcloth)a

4)
ffusion = fmm'n +a- (Wafcloth)v

where the weight coefficient « is used to dynamically adjust
the influence intensity of different clothing features on the
generation process; o represents the Sigmoid function; v is
a learnable parameter vector; W, is a learnable projection
matrix; f,qin represents the clothing feature vector.
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Figure 2. The pipeline of our High-Fidelity Character Animation.Our pipeline preprocesses the reference image and employs dual-path
encoding: VAE captures latent appearance features , CLIP extracts semantic context , and a lightweight PoseNet replaces ControlNet for
pose encoding. These features undergo denoising in UNet before VAE decoding outputs video segments. Gaussian-weighted fusion blends
overlapping regions to generate long and coherent character animations.

Adaptation method for specific action-posture types. To
improve the model’s adaptability to specific action types,
we extract features using the spatio-temporal convolutional
network [7, 37] on UCF101 dataset action classes, then
align motion and pose features via cross-attention to inject
high-weight action contexts for pose correction. The rele-
vant definitions are as follows:

Q = quposeaK = kamotion, V= vamotiona
256
ffusion = Zaijvja
j=1
Qi K;
\/g )

where f,.oti0n 1S the feature vector output by the spatio-
temporal convolutional network, fp.s. is the posture fea-
ture output by PoseNet, «;; is the corresponding attention
weight, QQ; is the Query vector at the i-th posture feature
position, and K is the Key vector at the j-th action feature
position. Our model has better adaptability to different field

®)

ozij =
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scenarios and related complex action postures through the
joint optimization design.

3.3. Spatio-temporal Optimization with Detail En-
hancement

This paper introduces a spatio-temporal optimization with
detail enhancement strategy to improve the temporal coher-
ence of the model in long video sequences and the ability to
represent details in key areas such as hands.

Temporal Consistency Modeling.To extend from a static
diffusion model to video generation and effectively cap-
ture the temporal dependence between video frames for
temporal consistency modeling, we insert a learnable time
layer into the denoising Unet structure of the diffusion
network [2, 12, 42]. Specifically, for a given batch of
feature maps x € RUX!XhxwXe (b represents the batch
size and t represents the number of frames) , we first re-
shape it to 2/ € REXAxw)xtxe  Then we add a sinu-
soidal positional encoding [26, 39] to the time series z’

{m’l, xh ... x’f} . Subsequently,we perform a self-attention



mechanism in the time dimension: Attention(Q, K, V)
Soft7mwc(Q—\f{)V7 where Q = Wyo', K = Wya',V
Wya'. And the weight matrices W,, Wy, W, are all ran-
domly initialized. The attention output is fused through a
residual connection: T = x+ W, - Attention(Q, K, V') .To
maintain the stability of the pre-trained model, we adopt a
zero-initialization strategy and initialize the output projec-
tion matrixas W, a zero matrix [9, 47], so that the mod-
ule behaves as an identity mapping in the initial state. In
addition, we insert the time layer only after the downsam-
pling blocks of the UNet, avoiding the cross-attention layer
to prevent prevent the text condition information from being
disturbed.

Enhancement of Hand Details. In the process of generat-
ing character animation using the generation method based
on the diffusion model, there are often problems with dis-
torted hand details. In particular, there are phenomena such
as adhesion in the finger gap area and blurred finger con-
tours. We designed a three-stage hand detail enhancement
algorithm, whose core idea is derived from the morpholog-
ical operations in image processing [13, 31].

1. Dynamic Kernel Design: Dynamically adjust the size
and shape of the morphological kernel according to the fin-
ger spacing to adapt to the changes in different gestures and
finger spacings.The dynamic kernel is defined as follows:

diSk(’I‘Z‘j),

line(ps, pj, wij),

Ipi — pj| < Tq
otherwise

K(pi,p;) = { (6)

where 7;; is the kernel radius determined by the distance
between adjacent fingertips, p;, and p; represent the coor-
dinate of the key points of the fingertip, 74 is the distance
threshold selected empirically, w;; is the width of the linear
kernel.

2. Directional Dilation: Use a dynamically adjusted struc-
tural element in the finger gap area to effectively separate
the finger gaps. Strengthen the boundaries of the finger gaps
through the dilation operation.

3. Morphological Reconstruction and Detail Restora-
tion: The unnatural edges that may be introduced by dila-
tion are removed through the erosion operation, while main-
taining the natural shape of the finger gaps.

Context Scheduling.To address the issues of video mem-
ory limitations and global consistency faced during the gen-
eration of long videos, this design introduces a context
scheduling strategy. Specifically, this strategy divides a
long video into multiple “context windows” . Each win-
dow contains a certain number of consecutive frames. Then,
these windows are processed in batches, and an overlap-
ping area is set between the windows to ensure the over-
all consistency of the video. For example, when process-
ing a 120 video, divide it into multiple 24-frame context
Windows, with an overlap of 4 frames between adjacent
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windows. Mathematically, it can be expressed as: Wi
{Fi,Fit1,...,Fita3} , i = k x (24 — 4) ,where W}, rep-
resents the k-th window, and F; represents the i-th frame.

Considering that different regions in the video have
different impacts on the final result, the design adopts a
weighted fusion strategy for the overlapping area to im-
prove the video quality.For the overlapping 4 frames, dif-
ferent Gaussian weights are assigned according to their
positions within the window. The central frame has the
highest weight, and the weights of the edge frames grad-
ually decrease.The final frame is generated by the weighted
sum, and the formula is as follows: If;,,, = >, wk(t) -
It,...(k) . where wy, is the Gaussian weight, and I, ., (k)
is the result corresponding to the k-th window within the ¢
frames.

3.4. Training Strategy

Our model method is an extension of the SD model [15, 28],
the core training objective of the Stable Diffusion model
is: Lsp = E., cct|le — €a(21,¢,t)|3 ,where the VAE en-
coder maps the image x to the latent space z; = e(x),c is
the conditional vector such as the CLIP text embedding ,
€ ~ N(0,I) is the standard Gaussian noise, and ¢t € [1, T
represents the diffusion time step. .Since we have intro-
duced a time layer in our model, we adopt a two-stage train-
ing strategy. In the first stage, we temporarily ignore the
time layer and train the main body of the model. At the
same time, we train the Reference ProcessingNet and the
PoseNet.The loss term of this stage is calculated as

(N

where p represents the target pose (the coordinate tensor of
bone key points),/,.. y represents the reference image (RGB
three channels), y,.s represents the multi - scale features
of the reference image extracted by the Reference Process-
ingNet, and ¥, represents the pose features extracted by
the PoseNet. In the second stage, we only train the time
layer while keeping the parameters of the rest of the net-
work fixed.The mathematical expression of the loss func-
tion calculation at this stage is as follows:

L) = ]Ezt,Imr,p,ewN(O,l),t H6 - 69(2’,5, Yref, Yp, t)||§ s

£2 = EztlzK’[mf’plzK’el:KNN(O’l)’t ||61:K — €9 (Ztl:K, CI:K) ||§ 5

(®)
where z} % represents a sequence of K consecutive noisy
late variables, ¢'*¥ represents a sequence of K real Gaus-
sian noise, p"X represents a sequence of K target poses,
and c"'¥ represents a conditional feature sequence, which
consists of two parts: the reference image features and the
pose feature sequence.

4. Experiments

To evaluate our model, we train on more than 3,000 char-
acter animation videos collected online.Using DensePose



Method L1 PSNRT SSIMT LPIPS| FIDJ FID-VID] FVDJ
MRAA[33] 6.43E-04 28.79 0.673 0.245 85.42 103.52 658.12
TPS[49] 8.06E-04 29.62 0.715 0.239 118.91 122.69 743.81
Disco[40] 3.49E-04 29.58 0.784 0.272 64.79 84.13 365.53
IPC 5.73E-04 29.21 0.735 0.258 89.84 77.20 412.73
MagicAnimate ~ 3.18E-04 30.15 0.692 0.215 55.47 69.68 217.98
HFCA (ours) 2.56E-04 30.27 0.763 0.187 43.12 39.57 168.27

Table 1. Quantitative results on TikTok dataset [19] with best results in bold; (1: higher better, |: lower better).

Method L1} PSNR?T SSIMT LPIPS| FID| FID-VID| FVD]
MRAA[33] 6.12E-04 32.48 0.725 0.278 65.11 41.75 215.64
TPS[49] 6.58E-04 30.89 0.682 0.295 97.45 84.56 552.03
Disco[40] 3.75E-04 32.16 0.779 0.221 51.54 64.21 462.73
IPC 4.31E-04 31.52 0.751 0.238 68.29 56.27 381.28
MagicAnimate 3.29E-04 32.74 0.827 0.192 43.77 35.93 176.32
HFCA (ours) 2.87E-04 32.68 0.793 0.167 29.84 27.85 122.94

Table 2. Quantitative comparisons on TED-talks dataset [33]

Reference Pose Ours MagicAnimate

MRAA DisCo IPC TPS

Figure 3. Qualitative comparisons on TikTok[19] and TED-Talks[33] datasets: Reference image and target pose overlaid atop, generated
frames below. Red boxes highlight detail differences, demonstrating our method’s superior feature preservation.

[11], we extracted per-frame UV coordinates and skeletal
keypoints to generate aligned pose feature maps. Each ref-
erence image and its pose map formed Image-Pose training
pairs for appearance-pose mapping learning.All images are
resized to 640x640 with center cropping for resolution uni-
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formity.We carried out training and testing on two specific
benchmark datasets, namely the TikTok dataset [19] and the
TED-talks dataset [33]. For fair comparison, we adopted
MagicAnimate’s train-test splits [44] on TikTok and TED-
talks benchmark datasets.



4.1. Comparisons

Baseline Test.This paper comprehensively compares High-
Fidelity Character Animation with several current ad-
vanced human image animation methods.(1) GAN-based
approaches (MRAA [33], TPS [49]) employ spatial trans-
formation networks with occlusion masks to map driving
poses to reference images. (2)Diffusion-based methods in-
clude DisCo [40], which utilizes branched ControlNet mod-
ules for pose,human body and background decomposition
integrated via cross-attention, and MagicAnimate [44] com-
bining appearance encoders with temporal diffusion mod-
els and video fusion techniques. (3) We also construct a
baseline model that integrates the temporal layer structure
in Stable Diffusion, ControlNet [47], IP-Adapter [45], and
Magicvideo [50], named IPC. Benchmark evaluations cover
dance generation on TikTok dataset [19] and speech gesture
synthesis on TED-Talks dataset ensuring task-specific per-
formance validation.

Evaluation metrics.In this study, we use consistent
quantitative metrics across two benchmark datasets:
image-level quality (L1 error, SSIM [43], LPIPS [48],
PSNR[16], FID [14]) and video-level fidelity (FID-FVD
[1], FVD [38]). Despite varied metrics in prior work
(e.g., MRAA/MagicAnimate’s AKD/MKR/AED for TED-
Talks), we ultimately decide to uniformly use the metrics of
L1 error, SSIM , LPIPS , PSNR, FID , FID-FVD and FVD
for the two benchmark datasets to avoid the impact caused
by differences in metrics.

Quantitative comparisons.Table | and Table 2 shows the
quantitative comparison results of our model and various
baseline methods on two benchmark datasets. In the hu-
man dance generation task,the test results on the TikTok
dataset are shown in Table |.HFCA achieves state-of-the-
art image-level metrics (L1/PSNR/LPIPS/FID).In addition,
HFCA has achieved significant performance improvements
of 43.2% and 22.8% in the two key video quality evaluation
metrics of FID-VID and FVD respectively Compared with
the strongest baseline MagicAnimate.The results in the Ted-
talk dataset are shown in Table 2. HFCA has achieved the
best FID-VID and FVD metrics on this dataset. Compared
with the strongest baseline method MagicAnimate, the FID-
VID is improved by 22.4% and the FVD is improved by
30.2%.

Qualitative comparison. We similarly employed a qual-
itative comparison approach to evaluate the performance
of the output animation in terms of visual quality. As
shown in Figure 3, we show a qualitative comparison be-
tween HFCA and various classes of baseline methods on
the TikTok dataset. GAN-based methods (MRAA/TPS)
fail to generate ideal output under extreme pose variations
due to spatial transformation limitations.Baseline meth-
ods based on diffusion models (IPC, DisCo, and Mag-
icAnimate) perform better in terms of single-frame im-
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IPM L1} PSNR?T SSIMtT LPIPS| FID| \Eigi FVDJ

w/o 439 2684 0.785 0260 64.08 72.75 384.65

w/ 256 3027 0.763 0.187 43.12 39.57 168.27
Table 3. Ablation study for Identity Preservation Module,with best

results in bold.Note: Values in columns L1 are scaled by 10~*(Be
consistent with Table 4 and Table 5 below).

FID-

DSAO  LI1L PSNRTSSIMT LPIPS| FID| {5 FVD]
wio 683 2591 0612 0319 69.75 83.01 529.62
w/ 256 3027 0.763 0.187 43.12 39.57 168.27

Table 4. Ablation study for Domain Specific Adaptation Optimiza-
tion.

STODE L1, PSNR?T SSIM{ LPIPS| FID] Sigi FVDJ
wio  8.12 2389 0541 0432 8536 105.21 648.92
0 3.88 2740 0.795 0284 57.93 4430 215.06
w/ 256 3027 0763 0.187 43.12 39.57 168.27

Table 5. Ablation study for Spatio-temporal optimization with De-
tail Enhancement.”’0” represents the application of only the time
consistency modeling part.

age quality. However, DisCo’s frame-independent gen-
eration causes temporal fragmentation, yielding inconsis-
tent backgrounds and blurred edges.While IPC and Mag-
icAnimate improve background consistency, they exhibit
identity erosion with blurred facial features and unrealis-
tic details due to inadequate identity preservation. In con-
trast, our method achieves superior fidelity through dual-
path optimization of temporal coherence and identity fea-
ture preservation module.For TED-Talks’ speech scenar-
ios emphasizing facial expressions and gestures, diffusion
methods (IPC/MagicAnimate/DisCo) surpass GAN-based
approaches in pose control but exhibit edge blurring and
posture distortions. HFCA demonstrates superior iden-
tity preservation and background stability through domain
adaptation.

4.2. Ablation Study

To verify the effectiveness of the three major innovations
in High-Fidelity Character Animation: the Identity Preser-
vation Module, Domain Specific Adaptation Optimization
and Spatio-temporal Optimization with Detail Enhance-
ment, we conducted corresponding ablation experiments on
the TikTok dataset.

Identity Preservation Module. To evaluate the role of the
proposed Identity Preservation Module, we trained a ver-
sion of High-Fidelity Character Animation that did not in-
clude this module and conducted corresponding compara-
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Figure 4. Visual ablation study: (a) Identity Preservation Module;
(b) Domain Specific Adaptation Optimization; (c) Spatio-temporal
Optimization with Detail Enhancement. Red boxes highlight key
differences.
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tive experiments.The results shown in Table 3 indicate that
when the identity feature preservation module is removed,
the evaluation metrics of single-frame quality and video fi-
delity both decline. In addition, the qualitative ablation ex-
periment shown in Figure 4a further validates the role of this
module. As shown in the figure, the model with the iden-
tity feature preservation module performs better in terms of
identity consistency: it helps preserve texture details.
Domain Specific Adaptation Optimization. Ablation
studies confirm Domain-Specific Adaptation Optimiza-
tion(DSAO) significantly boosts performance. we com-
pare the output performance of the model with and without
applying this optimization strategy.Quantitative results Ta-
ble 4 demonstrate DSAQ’s superiority across metrics, while
qualitative analysis Figure 4b shows enhanced its advan-
tages—preserving hairstyles and facial features without dis-
tortion. Without DSAO, models exhibit detail degradation.
Spatio-temporal Optimization with Detail Enhance-
ment.Ablation studies for Spatio-temporal Optimization
with Detail Enhancement (STODE) employ three progres-
sive configurations:1 ) The model directly splices images
in chronological to generate character animation videos.2 )
The model only adopts the temporal consistency modeling
part of STODE (insert a temporal layer in the network).3 )
The model fully applies Spatio-temporal Optimization with
Detail Enhancement.Quantitative results Table 5 confirm
STODE’s critical necessity—its absence causes significant
fidelity degradation, while full implementation outperforms
temporal-only modeling across metrics. Qualitative analy-
sis is shown in Figure 4c.We adjust the background color of
the character animation to highlight the visual differences.It
demonstrates STODE’s superior hand detail enhancement
and spatiotemporal consistency, maintaining feature stabil-
ity across consecutive frames.This comprehensive valida-
tion establishes STODE’s efficacy in detail processing and
maintaining spatio-temporal consistency.

5. Conclusion

In this paper, we propose High-Fidelity Character
Animation, a diffusion-based framework transforming
static images into pose-driven animated videos. Key in-
novations—Identity Preservation,Domain Specific Adapta-
tion and Spatio-temporal Optimization enhance detail fi-
delity and temporal coherence. Experiments demonstrate
state-of-the-art performance in frame quality and video
generation, outperforming existing methods.
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