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In the supplementary material, we first provide addi-
tional implementation details to facilitate the reproduction
of our experiments (Sec. 1). Subsequently, we present more
ablation studies and results across different scenarios to fur-
ther demonstrate the performance of our method (Sec. 2).
Extensive qualitative results and comparisons are also in-
cluded in the supplementary video. Finally, we discuss
the broader impacts of our work (Sec. 3).

1. Implementation details

We adopt the PyTorch implementation of DWT [5] to con-
struct the framework, with the decomposition level set to 1.
We adopt the perspective camera used in CLIFF [11], where
the principal point is assumed to lie at the image center, and
the focal length is estimated as vw? + h?, with w and h
representing the full image width and height, respectively.
With this camera, the estimated poses are in the global cam-
era coordinate system. For the prior encoder, we employ
two separate transformers [6] to capture long-term spatial
and temporal information in the frequency domain. The de-
coder of the 2D branch consists of only a LayerNorm [1]
and a linear layer, enabling the features encoded by the
prior to represent a complete motion. The 3D decoder is
also implemented as a transformer. To train the diffusion
model, the number of timesteps is set to 100. We employ
VitPose++-B model [18] for 2D detection, which runs at
900 FPS. During inference, we adopt the DDIM sampling
strategy [14] with 5 timesteps for regression, and thus the
model runs at 32.3 FPS. The model is trained using the
AdamW [12] optimizer with a learning rate of le-4. All
experiments use a batch size of 32 and are conducted on
a single NVIDIA RTX 4090 GPU with 24GB of memory
over 45 epochs.

Data augmentation. Due to the limited amount of hu-
man motion data, we apply data augmentation techniques
to train a more generalizable model. Specifically, we use
the following three strategies: 1) Mirror flipping the motion:
Leveraging the symmetry of the human body, we mirror flip

the motion based on the kinematic tree of the human model.
2) Sampling at different rates: We resample the original se-
quences at various frame rates to generate new motion data.
3) Sampling in reverse order: By inverting the original se-
quences, we create additional motion sequences.

Occlusion synthesis. We further synthesize realistic oc-
clusions on non-occluded motions to generate diverse oc-
cluded data. The synthetic occluded motions are used for
training both the prior and the 3D decoder. Specifically, we
calculate the bounding box of a motion clip and synthesize
occlusions based on the intersection-over-union (IoU) be-
tween the bounding box and the occluder. The IoU values
range from 0.3 to 0.7. By utilizing the synthetic data, the
trained prior and decoders can effectively learn strong prior
knowledge of occluded motions, making them robust to oc-
clusions.

Dataset split. In the OcMotion dataset, we provide stan-
dard training and testing splits. The test set consists of 3
subjects, including the sequences 0013, 0015, 0017, 0019,
0038, 0039, 0040, 0041, 0044, 0045, 0046, 0047. All re-
maining sequences are used for training.

2. Extended experiments

2.1. The performance on non-occluded cases

To quantitatively evaluate our method on non-occluded
data, we conducted experiments on the Human3.6M dataset
to further validate its effectiveness. Since the detected 2D
keypoints are generally accurate, ScoreHMR demonstrates
satisfactory performance in such scenarios. As shown
in Sec. 1, our method achieves competitive results on Hu-
man3.6M in terms of MPJPE.

2.2. Diffusion timesteps

We also investigate the affect of diffusion timesteps. As
shown in Tab. 6, 5 timesteps achieve the optimal trade-off
between efficiency and accuracy.
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Figure 2. Our method achieves good performance in both occluded and non-occluded cases.

2.3. Window sizes and occlusion period

Temporal window size is important for frequency-based
methods. A small window fails to capture sufficient motion
cycles, which hinders effective frequency analysis. How-
ever, unlike DCT, we utilize DWT to capture local period-
icity, which mitigates the impact of occlusions and reduces
the need for a large window size. The influence of window

size is summarized in Tab. 3. To balance efficiency and ac-
curacy, we adopt a window size of 36 frames—equivalent
to 3.6 seconds on OcMotion.

Occlusion often occurs during interactions. Since human
interactions are dynamic, in most cases, specific body parts
are not fully occluded for extended periods. In such cases,
DWT can exploit local periodicity to alleviate the impact
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Figure 3. Qualitative results on consecutive frames in occlusion scenario. More results can refer to our supplemental video.

Figure 4. Our method can also predict satisfactory results with absolute positions in some multi-person cases.

Table 1. Quantitative comparisons on Human3.6M dataset. Table 2. The impact of window sizes.
gléihl(l)ldeglod achieves competitive performance as state-of-the-art Window sive 3 36 ]
MPJPE 52.1 485 46.7
Method Protocol 2
MPJPE PA-MPJPE  Accel. of occlusions. We find that using 36 frames for both dif-

HMMR [§] - 56.9 - fusion and DWT is sufficient to handle the majority of ex-
11\)//[3:?[[13] Z?g 4513; ;g g amples in the datasets. However, in our OcMotion dataset,
Pose2Mesh [3] 64.9 47.0 ~ there are indeed 2 sequences in which a certalp body part
DSD-SATN [16] | 59.1 0.4 _ may be completely occluded throughout the entire temporal
VIBE [9] 65.9 415 273 window size. In such cases, it is also difficult for humans to
OOH [21] 61.8 412 353 accurately estimate the body pose from a single-view video.
TCMR [4] 62.3 411 5.3 In these cases, our model can only estimate plausible poses
Chen et al. [2] 389 387 - for the occluded parts based on the observations of the visi-
Wan et al. [17] 6.3 387 B ble regions and frequency-domain motion priors.
HMR2.0 [7] 52.8 35.6 -
ScoreHMR [15] 44.7 29.0 -
Ours 44.8 322 13.0 2.4. Occlusion ratio

We further analyzed the occlusion ratio of each joint on oc-
cluded frames in the OcMotion dataset and evaluated the



Figure 5. Failure cases. The detected incorrect 2D joints with high confidences may affect the reconstructed results.

MPIJPE for each joint. In motion capture, end effectors typ-
ically exhibit larger errors, which is also consistent with our
experimental results (e.g., ankle and wrist). However, our
evaluation shows that although the ankle has a higher oc-
clusion ratio (34.3%) than the wrist (15.2%), their MPJPEs
are 76.5 and 79.7 respectively, indicating that the ankle’s
accuracy is not more adversely affected. This demonstrates
the effectiveness of our method in handling occlusions.

2.5. Keypoint confidence

We have conducted a performance analysis with differ-
ent confidence thresholds using VitPose++-B. Setting the
threshold too high may lead to the loss of valuable key-
point information, while a threshold that is too low may fail
to effectively filter out invisible keypoints. The results in
Tab. 4 indicate that a threshold of 0.7 achieves the best per-
formance on the OcMotion dataset.

2.6. Qualitative reuslts

As shown in Fig. 2, our method produces satisfactory re-
sults on both occluded and non-occluded data. Leveraging
the strengths of frequency modeling, the prior facilitates the
recovery of accurate joint positions while preserving nat-
ural dynamics. Additional results on synthetic occlusion
data are presented in Fig. 1. The first 3 columns display
results from the OcMotion dataset, which features real oc-
clusions along with realistic synthetic occluders that further
increase the ambiguities. We observed that synthetic oc-
clusions impact the accuracy of 2D pose detection; how-
ever, the frequency domain prior effectively suppresses in-
correct joint coordinates. Consequently, our method can ac-
curately recover 3D human motion by utilizing the learned
prior knowledge. In the last 3 columns, we conducted ex-
periments on the Human3.6M dataset. Since this is a non-
occluded dataset, we introduced occlusions with a greater
proportion. The results in Fig. | demonstrate that the model
remains reliable even when approximately 40% of body
parts are occluded.

We present additional results on in-the-wild occluded
and non-occluded data in Fig. 6. The last 2 rows showcase

results on internet images, demonstrating that our method
performs effectively in these scenarios. Leveraging the
prior, our method generates temporally coherent outputs on
the occlusion dataset, as illustrated in Fig. 3. Further re-
sults on monocular videos are provided in the supplemen-
tary video.

2.7. More comparisons

RoHM [20] is an appropriate baseline method that recov-
ers occluded motions using temporal priors through diffu-
sion models. To quantitatively compare to RoHM, we eval-
uate our model on EgoBody dataset [19] using the same
sequences as RoHM. The results show that our method out-
performs RoHM in both occluded and non-occluded parts,
which demonstrate the effectiveness of our frequency-based
framework.

3. Broader Impacts

This work advances the field of human motion capture by
addressing a critical and underexplored challenge: recov-
ering 3D human motion under long-term occlusions. Our
method leverages frequency-domain priors to extract pe-
riodic and physically plausible motion patterns, enabling
more reliable motion reconstruction in scenarios where tra-
ditional image- or video-based approaches fail. This has
promising implications for a wide range of real-world appli-
cations, including human-computer interaction, animation,
sports analysis, and healthcare, where occlusions are com-
mon (e.g., crowded scenes, home environments, or clinical
settings).

Furthermore, by releasing the OcMotion dataset—the
first 3D human motion dataset specifically focused on oc-
clusion—we provide a valuable resource to the community
that can foster further research in robust motion estimation.
While our approach enhances motion understanding under
occlusion, care must be taken in its deployment to ensure
ethical use, particularly in surveillance or biometric iden-
tification scenarios where privacy concerns are paramount.
Overall, we believe this work contributes both technical in-



Figure 6. Results on the videos from Human3.6M, OcMotion, 3DPW and internet. Our method can achieve great performance in these
cases. More qualitative results can be found in the supplementary video.



Table 3. The impact of occlusion ratio.

Part RAnkle RKnee RIIip LHip LKnee LAnkle RW’rist RElme' RShoulder LShoulder LElbow Ll’Vri&t Neck Head
Occlusion rate (%) 33.1 20.3 20.0 208 19.3 354 14.5 10.0 6.0 6.3 11.1 16.0 5.7 429
MPIJPE (mm) 74.6 47.1 9.7 9.7 43.5 78.3 79.6 54.6 34.2 34.7 56.7 79.8 320 482
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