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1. Implementation Details
In the following section, we outline the training strate-
gies for IM-Animation, designed to achieve efficient con-
vergence with limited resources. Unlike existing im-
plicit video-driven methods, our approach consists of three
stages. In Stage 1, we train the motion encoder, fine-tuning
the pretrained encoder and quantizer from TiTok [10] us-
ing self-reconstructed joint maps for supervision. Stage 2
involves joint training of the motion encoder and the retar-
geting module, incorporating data augmentation techniques
and constructing action-consistent but identity-inconsistent
paired datasets. Finally, in Stage 3, we inject motion and
expression control signals into the DiT model for end-to-
end training, while maintaining supervision from the joint
decoder. This structured approach aims to enhance the
model’s performance in complex scenarios and ensure ef-
fective learning of motion representations.

Stage 1: Motion encoder training stage. As mentioned
in the main text, our subsequent experiments are based on
the pretrained checkpoints provided by TiTok.

TiTok’s original design is based on image reconstruction
and generation tasks, and the features extracted by its en-
coder tend to capture more detailed image semantics than
desired. During the motion representation phase, we aim
to minimize identity detail leakage to the downstream DiT
model. To achieve this, we have meticulously designed a
decoder that transforms the compressed tokens, of which we
mentioned there are 32 in the main text, into a joint map.
In this process, we restructure the motion decoder. We align
the number of mask tokens with the quantity of joint super-
vision. Specifically, we select the 20 body joints from DW-
Pose [9] along with all hand joints as supervision points.
After obtaining the corresponding joint tokens, we employ
a series of convolutional layers to upsample the mask tokens
to the scale of the ground truth joint map.

Lossmotion =
1

T

T∑
t=1

(Hmotion,t −Hgt,t)
2 (1)

Here, T represents the total number of frames in the video
sequence, Hmotion,t is the heatmap generated by the model
for the t-th frame, and Hgt,t is the corresponding ground
truth heatmap. At this stage, we do not design data augmen-
tation or similar self-supervised retargeting training con-
structs like X-UniMotion [5]. In other words, this stage is
more akin to training a keypoint prediction process.

Stage 2: Retargeting training stage. In the imple-

mentation of the retargeting module, we first compress
the source image into latent space using the VAE from
Wan2.2 [7] before performing patchification. In our design,
the number of mask tokens is aligned with the number of
patches from the source image. This approach allows us to
overcome the limitations of the patch grid while facilitat-
ing channel concatenation during the subsequent process of
controlling condition injection.

In this phase, unlike the first stage where we directly
regress the heatmap, we employ random data augmentation
to enable the model to learn retargeting across different IDs
and at larger scales. After applying random color transfor-
mations, we randomly crop or scale the original video, and
then supervise the model using the original video. The loss
function of this stage is defined as follow,

Lretarget =
1

T

T∑
t=1

(Hretarget,t −Hgt,t)
2 (2)

where T denotes the total number of time steps, Hretarget,t is
the generated retargeting heatmap, and Hgt,t is the ground
truth heatmap at time step t. By averaging the squared
differences between the predicted heatmap and the corre-
sponding ground truth heatmap at each time step, Lretarget
aims to minimize the disparity between the generated and
true heatmaps, thereby improving the model’s performance
in the retargeting task.

Stage 3: End-to-End training stage. In the final stage,
we conduct end-to-end training. In this part, we use addi-
tional synthetic data to enhance the data scale. Our method
for injecting control signals has been thoroughly described
in the main text. To avoid disrupting the pre-trained ca-
pabilities of DiT, we reuse the weights from the original
checkpoint for the embedding part corresponding to the
channel-wise concatenation, while initializing the region
part to zero. The original Wan2.2 5B model contains 30
DiT blocks. We insert an expression block after every 6
DiT blocks, employing a skip connection technique to pre-
vent disrupting the original capabilities of the DiT. At this
stage, we also employ intermediate supervision for training.
For the diffusion loss function,
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1− ᾱtϵ, t, y)

∥∥2 ,
(3)

where t is sampled from the range [1, T ] (denoting the de-
noising steps), ϵ represents the random noise, y denotes the
text prompts, and x1:N

0 refers to the video data comprising
N frames.



Figure 1. Samples of synthesized data . The first row is the reference video and the second row is the target video.

Figure 2. Samples of UE data . The first row is the reference video and the second row is the target video.

Figure 3. Visualization of Joint Heatmap.

We also employ the aforementioned intermediate super-
vision to accelerate convergence. The loss function for the
entire Stage Three is defined as

Ltotal = LDiT + α · Lretarget (4)

During our training process, α is set to 10.

2. Dataset Details
We utilize Kling [4] to synthesize data that maintains con-
sistent motion across diverse identities. Throughout the
synthesis process, we engineered data featuring a range of
spatial characteristics and body types, followed by a metic-
ulous manual selection of the outputs. Sample outputs of
the generated data are presented in Figure 1.

For the UE data, similar to the approach taken in Re-
CameraMaster [1], we synthesized data from various cam-
era positions and an array of scenes. This data synthesis
strategy enhances our model’s ability to adapt to different
viewpoints and environmental variations, thereby improv-
ing both the quality and diversity of the generated character
animations.



Table 1. Motion Encoder Comparsion .

Method PSNR* ↑ SSIM ↑ LPIPS ↓ FVD ↓ FID ↓
Wan + VAE motion encoder 17.14 0.76 0.37 94.44 653.30

full model 22.87 0.91 0.24 51.19 270.42

Table 2. Retargeting Module Comparsion .

Method PSNR* ↑ SSIM ↑ LPIPS ↓ FVD ↓ FID ↓
Wan + SA retargeting module 19.89 0.82 0.26 68.99 477.63

full model 22.87 0.91 0.24 51.19 270.42

3. Visualization of Joint Map

To validate the effectiveness of our intermediate supervi-
sion, we present visual results of the joint decoder outputs
following the redirection process, as illustrated in Figure
3. The heatmaps generated by our decoder demonstrate a
strong correspondence with the ground truth, indicating a
high level of accuracy in the predictions. This alignment
not only underscores the robustness of our model, but also
highlights the efficacy of the intermediate supervision strat-
egy in enhancing the learning process.

The visual comparison reveals that the decoder success-
fully captures the intricate details of the target output, sug-
gesting that our approach effectively mitigates discrepan-
cies that typically arise during the generation process. Such
results provide compelling evidence that our method con-
tributes to improved performance in generating high-fidelity
character animations.

4. More Ablation Study

For the motion encoder, we conduct more fine-grained ab-
lation experiments. We compare our motion encoder with
the results of directly inputting latent variables compressed
by VAE into the downstream model for retargeting. This
comparison allows us to more clearly assess the advantages
of the motion encoder in terms of generation quality and
performance.

As shown in the Figure 4 and Table 1, directly using VAE
for encoding results in background information being di-
rectly encoded into the motion tokens, leading to a decline
in generation quality. In contrast, our method effectively
prevents the leakage of semantic information from the mo-
tion tokens.

In addition, we conduct a fine-grained validation of the
effectiveness of the mask token-based retargeting module.
In fact, we experiment with the retargeting implementation
proposed by X-UniMotion, which utilizes self-attention to
combine two sources of tokens. Although this implementa-
tion is not open-sourced, we develop a similar version and
conduct comparative experiments. As shown in the table,
we find that in some cases, this type of retargeting leads to
an increased probability of implicit representation control
failure, resulting in generated videos that tend to maintain

Figure 4. Ablation Study.

static motions which can be found in Figure 4.

5. More Visualization results.
Here, as shown in the Figure 5, we provide some generated
results of IM-Animation on the TikTok dataset.

Additionally, as shown in Figure 6, we present more
qualitative results here compared to Animate-X [6], Mim-
icMotion [11], AnimateAnyone [3], UniAnimate-DiT [8],
Champ [12] and Wan-Animate [2], highlighting that our
model better preserves certain details compared to those in
the main text. We also demonstrate that our model performs
well in cases where explicit driven retargeting fails. In Fig-
ure 7, we also present the generation quality on the synthetic
UE dataset. In the Figure 8, we also present additional vi-
sualization results.
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Figure 5. More visualization results on TikTok dataset.



Figure 6. More visualization results of Comparsion Results.



Figure 7. More visualization results on UE dataset.



Figure 8. More visualization results on in the wild data
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