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In this Supplementary File, we first provide the fundamental
concepts and background in Section [A] followed by an introduction
to the diffusion models for video generation in Section [C] Section
[D] delves deeper into the Preview Generation Strategy. Section
outlines the evaluation metrics and benchmark details used for as-
sessing FreeAnimate’s performance. More visualization results are
presented in Section [F] showcasing the performance across various
datasets. Finally, Section [G] addresses the limitations of FreeAni-
mate and discusses potential future work. Detailed results and com-
parisons can be found on our project page: https://freeani.github.io/.

A. PRELIMINARIES

Latent Diffusion Models. Latent diffusion models (LDMs) present
a novel approach by performing denoising in the latent space, rather
than the image pixel space, thereby reducing computational costs
without sacrificing image quality [1} 2. A prominent example of
the LDM paradigm is the Stable Diffusion (SD) model [3]], which
combines a Vector Quantized-Variational AutoEncoder (VQ-VAE)
[4] with a time-step conditioned U-Net [5)]. In this framework, the
VQ-VAE encoder transforms an input image « into a latent space
representation z = £ (), while the decoder reconstructs the image
2’ from a generated latent code 2’ as ' = D(z’). The denoising
process consists of 7' sequential steps, gradually denoising the ini-
tial Gaussian noise zr € N(0, ) into the desired latent features
20, which can then be mapped back to the RGB image space using
the VQ-VAE decoder. Each iteration of the denoising process aims
to estimate the residual noise between the current latent z¢ and the
target latent zo. This is typically achieved by employing a denoising
U-Net, with the associated loss function defined as:

L= ES(E),C,ENN(O,I),t [”E - 69(Zt,t, C)H;] )

where z; represents the intermediate latent at time-step ¢ during the
denoising process. The term eg () refers to the U-Net used for noise
prediction, and c represents the conditioning input.

DDIM Sampling and Inversion. In the denoising stage, we adopt
deterministic sampling based on DDIM to generate a clean latent
representation zo from an initial standard Gaussian noise z¢. For-
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Here, o and o specify the noise schedule at time step ¢, and €; ~
N (0, I') denotes standard Gaussian noise. The function € refers to
a U-Net model with learnable parameters 6. Due to the determinis-
tic nature of DDIM, the denoising trajectory is inherently reversible.
This property enables DDIM inversion, which reconstructs a noisy
latent code zr from a clean latent z¢. The inversion process is de-
fined as:
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The resulting inverted latent Z¢ can subsequently undergo standard
DDIM denoising to recover a clean latent 29, which closely approx-
imates the original zo.

ControlNet. ControlNet [6] is a flexible extension of the Stable Dif-
fusion (SD) model, designed to enable explicit control over the geo-
metric, structural, and semantic attributes of the generated images. It
achieves this by incorporating trainable copies of the U-Net’s down
and middle blocks, which are used to extract features from condi-
tioning inputs. To facilitate integration with the original SD model,
ControlNet introduces additional “zero convolution” layers. These
layers not only help suppress undesirable noise during training but
also contribute to stabilizing the overall training process. With the
rapid advancement of diffusion model research, ControlNet has been
extended to support a diverse set of conditioning modalities, includ-
ing depth maps, segmentation masks, skeleton maps, canny edges,
and sketches. Furthermore, combining multiple ControlNet mod-
ules is simple, typically achieved by adding their individual outputs
together before passing them into the SD model.

B. RELATED WORK

B.1. Training Based Human Image Animation

There has been a surge of training-based HIA methods over the past
few years, including GAN-based methods [7, 8] and diffusion model
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based ones [9} [10L [11} [12} |13} 14, 15} [16]. MRAA [7] and TPS [8]
are top-performing GAN-based methods, which utilize a flow pre-
dictor to estimate the optical flow of driving sequences, the outcome
is used for warping the reference image, and then inpaint the oc-
cluded regions. However, GAN-based methods often fall short in
training stability and generation quality.

Thanks to the exponential growth of diffusion models, many dif-
fusion model based HIA methods have emerged. Prevalent network
design often incorporate a denoising U-Net and a pose controller,
typically a ControlNet or a lightweight ConvNet, to enable pose con-
trollability. Additionally, an appearance net, either a frozen image
encoder [17, 18], or a hybrid of the two is employed to inject fea-
tures from the reference image into the U-Net. To illustrate, DisCo
[9], MagicAnimate [10], MagicPose [12] and AnimateAnyone [11]]
are several distinct examples of the aforementioned network design.
The aforementioned methods rely exclusively on pose maps to guide
human animation, while Champ [13] utilizes the SMPL [19], a 3D
parametric human model, to render depth maps, normal maps, and
semantic maps as extra conditioning. Recently proposed Mimic-
Motion [15] employs a confidence-aware pose guidance strategy to
mitigate artifacts from pose inaccuracies, especially in regions with
intricate motions. StableAnimator [16] adopts a similar network ar-
chitecture to MimicMotion but introduces a distribution-aware 1D
Adapter and an HJB equation-based face optimization method to
further enhance the face quality of the generated video frames. De-
spite producing visually plausible results, existing methods typically
require large-scale training data and significant computational re-
sources. In contrast, FreeAnimate achieves training-free human im-
age animation by leveraging pre-trained models and preview frames.

B.2. Training Efficient Human Image Animation

Several zero-shot and one-shot HIA methods have recently emerged.
PoseCrafter [20], a one-shot approach, uses reference image inver-
sion and temporal attention for temporal consistency, and applies
latent editing to mitigate facial and hand degradation. PoseAnimate
[21] introduces a zero-shot framework that features a pose-aware
control module for precise pose alignment, a dual-consistency at-
tention module for maintaining identity and temporal consistency,
and a mask-guided decoupling module for effective foreground-
background separation. However, PoseAnimate [21] primarily
showcases cartoon character animation and involves a complex net-
work structure. PoseCrafter [20]] shares a similar concept with our
approach, but it relies on a heuristic search to find the preview frame
in training set that best matches the inference pose. In contrast,
FreeAnimate employs a more generalizable Preview Generation
Strategy to generate preview frames, yielding superior results.

C. DIFFUSION MODELS FOR VIDEO GENERATION

Spurred by the introduction of DDPM [[1]] and DDIM |[2], diffusion
models have experienced exponential growth. The advent of Stable
Diffusion [3]], coupled with the development of techniques like Con-
trolNet [6] and T2I-Adapter [22], has enabled unprecedented control
over the generative process, fostering a wide range of creative appli-
cations. Based on the breakthroughs in image generation, the video
generation paradigm has also witnessed great progress.
Make-A-Video [23] and Imagen [24] exploit pretrained text-
to-image models and temporal attention or convolution layers to
perform low-resolution video generation tasks. Coupled with super-
resolution networks, Make-A-Video and Imagen can generate video
clips of remarkable visual quality. However, these methods model

video distribution in the image space. To reduce computational
cost, ModelScopeT2V [25], Show-1 [26], Video-LDM [27], and
AnimateDiff [28] operate in the latent space, using U-Net with
trainable temporal blocks that apply attention along the temporal
axis to ensure temporal consistency.

To further harness the capabilities of image diffusion mod-
els, various training-free techniques have been proposed, such
as Text2Video-Zero [29], Pix2Video [30]], ControlVideo [31]],
Freenoise [32] and FateZero [33]. Text2Video-Zero [29] performs
self-attention between current frame and the first frame and encodes
motion dynamics in the latent codes to keep temporal consistency.
By applying DDIM inversion to obtain the initial noise, Pix2Video
[30] refines the current latent code with guidance from previous
and first frames. ControlVideo [31] is inflated from ControlNet by
adding fully cross-frame interaction to ensure structure and con-
tent consistency. Through a noise rescheduling strategy, Freenoise
[32] enables novel content generation while maintaining tempo-
ral coherence. FateZero [33] employs intermediate attention maps
from DDIM inversion to preserve spatial and dynamic details and
fuses these maps directly during editing. These methods provide
significant insights into designing training-free frameworks in HIA
tasks.

D. MORE DETAILS FOR PREVIEW GENERATION
STRATEGY

The preview generation pipeline is illustrated in Figure 3 in the main
paper. Specifically, we use MasaCtrl [34] with the T21-Adapter [22]
to generate the pose-conditioned image (a). MasaCtrl is a gen-
eral image editing model capable of real image editing without fine-
tuning. T2I-Adapter, similar to ControlNet, is a plug-and-play mod-
ule that provides additional guidance to pre-trained text-to-image
models without altering their original network topology or gener-
ation capabilities. The initial noise of MasaCtrl with T2I-Adapter is
obtained from the reference image I,.y via DDIM inversion, while
the T2I-Adapter’s conditioning image comes from the pose sequence
pi. In the generated image (a), the identity’s appearance closely re-
sembles I, ¢, but the background differs noticeably from the origi-
nal. To address this, we use the Grounded-SAM model [35] to retain
the foreground, producing image (b), referred to as the preview fore-
ground. To obtain the clean background from .. ¢, we first use the
Grounded-SAM model to remove the foreground identity, resulting
in a background image with a missing region (c¢). Next, we apply
an image inpainting method, MAT [36], to fill the missing region,
generating image (d), referred as the preview background. How-
ever, several unrealistic pixel areas appear in the previously missing
region of the preview background. We attribute this to a domain gap
between the MAT algorithm and our specific application scenario.
However, the suboptimal regions in the preview background do not
degrade our preview frames, as we perform a pixel-wise mix-up of
the preview foreground and preview background. The foreground,
placed on top, effectively masks the suboptimal areas in the back-
ground. The final generated preview frames, referred to as image
(e), are thus produced.

MasaCtrl with T2I-Adapter. MasaCtrl [34] is a tuning-free image
editing method that enables edited images to closely follow text
prompts while preserving content details. T2I-Adapter [22] en-
hances text-to-image models by aligning outputs with target layouts
from structure guidance, but it may alter the details of the original
content. MasaCtrl with T2I-Adapter [34] combines these strengths
by integrating T2I-Adapter’s layout guidance with MasaCtrl’s con-
tent fidelity, producing images that adhere to the target layout while
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Fig. 1. Visualizations of the results produced by MasaCtrl with
the pose-conditioned T2I-Adapter on TikTok (top row), TED-Talks
(middle row) and EverybodyDanceNow (bottom row) datasets.

preserving original details for precise, fine-grained image editing.
These features make MasaCtrl with T2I-Adapter well-suited for gen-
erating the preview foreground needed by FreeAnimate. Figure []
shows the generation results of MasaCtrl with the pose-conditioned
T2I-Adapter on several datasets.

MAT. The Mask-Aware Transformer (MAT) [36] algorithm tack-
les large-hole image inpainting by generating semantically accurate
content for missing regions. It leverages transformers to capture
long-range dependencies, alongside convolutional layers for local
detail refinement, enabling high-quality, context-aware inpainting
results. To generate the preview background, we use the MAT model
trained on the Places365-Standard dataset at a resolution of 512
x 512. Figure 2] shows preview background results across multiple
datasets.

CFLD. We further explore Pose-Guided Person Image Synthesis for
generating high-quality preview foregrounds, with CFLD as a
leading approach in this domain. CFLD, or Coarse-to-Fine Latent
Diffusion, addresses Pose-Guided Person Image Synthesis by pro-
gressively refining image generation to capture pose and fine-grained
appearance details, producing sound results in pose-driven synthesis.
However, images generated by CFLD often showcase strong stylis-
tic bias toward the training data, causing the synthesized identity’s
appearance to align with the Deepfashion dataset more closely
than the reference image. Figure [3] shows the preview foreground
generated by CFLD.

E. EVALUATION METRICS AND BENCHMARK DETAILS

Evaluation Metrics. We compare the models on both image qual-
ity and video fidelity metrics. Image quality evaluation metrics in-
clude the Structural Similarity Index (SSIM) [40]l, Learned Percep-
tual Image Patch Similarity (LPIPS) [41]], Peak Signal-to-Noise Ra-
tio (PSNR) [42], Fréchet Inception Distance (FID) and L1 er-
ror. Video fidelity is evaluated through the Fréchet Video Distance
(FVD) [44].

More Details for Baselines. Most quantitative comparisons were
based on statistical data from the original literature and FYPv2 [43]],
except StableAnimator, Champ and MimicMotion on TED-Talks
dataset, which were obtained by re-running the official code. All
visualization results of AnimateAnyone were obtained using the
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Fig. 2. Visualizations of the results produced by MAT on TikTok
(Top two rows), EverybodyDanceNow (middle two rows) and TED-
Talks (bottom two rows) datasets.

open-source code provided by Moore Threads |I| and the Dense-
Pose conditioning maps required for MagicAnimate are
generated using the codebase provided by Flode-Labs El

More Details for Benchmark Datasets. TikTok dataset com-
prises 350 short-duration (10~15 seconds) dance videos, mostly of
videos featuring a single individual. The majority of these videos
focus on the human face and upper body. To ensure a fair com-
parison with SOTA methods, we employ the same test set compris-
ing 8 TikTok-style videos from the web and 2 from TikTok dataset
as DisCo [9]. EverybodyDanceNow dataset consists of full-
body videos of five subjects, including training set and validation
set. The training set for each subject includes roughly 10k to 30k
frames, while the validation set consists of approximately 1k to 5k
frames. Using this dataset, we aim to evaluate the generalization of
our method to full-body motions captured in unconstrained environ-
ments. TED-Talks [7] dataset comprises a large collection of video
clips featuring primarily the upper body of speakers. The dataset is
split into 1134 training video clips and 131 testing video clips, with
each clip containing between 100 and 200 frames. Compared to
the previous two datasets, TED-Talks features fewer dynamic pose
variations and simpler background elements, making it a less chal-
lenging dataset.

More Details for Implementation. We use DWPose to extract
the pose sequence from the driving video, and adopt the pose align-
ment algorithm proposed in Stable Animator to align the driving
pose sequence with the reference pose. For each video, we sample
the first frame of the video clip as the reference and all others as driv-

Unttps://github.com/MooreThreads/Moore-AnimateAnyone
2https://github.com/Flode-Labs/vid2densepose
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Fig. 3. Visualizations of the results produced by CFLD model on
TikTok dataset.

ing frames. Both reference and driving frames are center-cropped at
the same position along the height dimension with the aspect ratio
of 1 before resizing to 512 x 512. Due to memory and VRAM con-
straints, each animation sequence is generated with 8 frames at a res-
olution of 512 x 512 pixels. To produce longer videos, we followed
the long-video animation strategy proposed in MagicAnimate [10].
For our experiments, we configured the DDIM sampler with the de-
fault settings of denoising steps T = 50 and a classifier-free guidance
scale of 7.5. We apply Inversion-Boosted Attention in the interval
t € [0.5 x T, T] of the denoising step with total timestep 7" = 50,
while the Reference-Anchored Self-Attention is applied across the
entire denoising step. All experiments are conducted on an NVIDIA
3090 GPU, with an approximate time of 5 seconds required to com-
plete 50 denoising steps for a single image. Furthermore, xFormers
are employed to optimize memory efficiency.

F. MORE VISUALIZATION RESULTS

More Qualitative Comparison. Additional qualitative comparisons
of FreeAnimate with other methods are provided in Figure ] As
shown in Fig. ] FreeAnimate demonstrates competitive, or even su-
perior, video frame quality compared to other training-based meth-
ods.

More Video Results. Figure 5] Figure [f] and Figure [7] show addi-
tional video frames generated by FreeAnimate on the TikTok, TED-
Talks, and EverybodyDanceNow datasets, respectively. As can be
seen, we demonstrate consistent image animation results across dif-
ferent datasets.

Generalization Ability. To validate the generalization capability
of our method, we present visual results on some animated images
generated by diffusion models. As shown in Figure[8] FreeAnimate
demonstrates strong generalization since it does not require training,
thus avoiding the data bias introduced by the TikTok and TED-Talks
datasets.

More Preview Frames. In Figures ] and Figure we present
additional preview frames, which are already closely aligned with
the target frames in terms of overall structure. These visual results
demonstrate the effectiveness of the proposed Preview Generation
Strategy.

G. LIMITATIONS AND FUTURE WORK

While FreeAnimate performs well in human pose alignment and
background stability, it can struggle with generating fine details, par-
ticularly in complex facial expressions and hand movements within
dynamic scenes. One possible solution is to leverage efficient train-
ing methods on a small-scale dataset, which could preserve the im-
age diffusion model’s ability to model complex backgrounds as well
as hand and facial areas, while achieving high-fidelity image anima-
tion. Future work will focus on utilizing affordable training methods
with small-scale datasets to achieve better generation details, espe-
cially for image animation in dynamic backgrounds.



Reference DisCo Animate MagicAnimate  MimicMotion Champ FreeAnimate Target
Image Anyone (Ours) Frame

Fig. 4. Qualitative comparisons between FreeAnimate and baselines on TikTok (top two rows), EverybodyDanceNow (middle two rows) and
TED-Talks (bottom two rows) datasets. The conditioning pose map is overlaid in the top corner of the generated frames.
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Fig. 5. Visualization results of FreeAnimate on TikTok dataset.
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Fig. 6. Visualization results of FreeAnimate on TED-Talks dataset.
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Fig. 7. Visualization results of FreeAnimate on EverybodyDanceNow dataset.
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Fig. 8. Visualization results of FreeAnimate on animated images.



Reference

Reference

Reference

Pose
Sequence

Pose
Sequence

Fig. 9. Visualization results of preview frames(1/2).
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Fig. 10. Visualization results of preview frames(2/2).
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