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MCM TTA Mask Prior WA-MJE ↓ RTE ↓ MPJPE ↓ MPS ↑

155.517 7.279 116.183 0.732
✓ 149.081 7.292 113.580 0.742
✓ ✓ 129.736 5.049 98.246 0.765
✓ ✓ ✓ 131.872 5.213 93.896 0.806
✓ ✓ ✓ ✓ 123.365 4.850 94.037 0.806

Table 1. Additional Ablation Study on AIST++.

1. Additional Experimental Results001

Additional Ablation Study for Motion Restoration. To002
further exemplify the effectiveness of the various parts of003
our approach in more general scenarios, we performed abla-004
tion experiments on the AIST++ dataset. As shown in Table005
1, all parts of our method show beneficial effects. The test-006
time adaptation strategy and the prior motion enhanced var-007
ious metrics, especially the globally relevant WA-MPJPE008
and RTE. Meanwhile, the role of Mask guidance in the009
adaptation process is mainly manifested in the MPJPE and010
MPS metrics in the camera coordinate system. In addi-011
tion, although there are relatively few difficult motions in012
the AIST++ dataset, our MCM still reflects a positive role013
in motion restoration.014

Physical transfer ability (Motion tracking ability).015
We conduct experiments on three datasets, AIST++, H36M,016
and kungfu, to verify the effectiveness of PTM on the mo-017
tion tracking task; the results are presented in Table 2. On018
all three datasets, our PTM outperforms current mainstream019
reinforcement learning methods. The improvement in met-020
rics is attributed to our proposed pre-training and adaptation021
design tailored for complex motions and the ability of mo-022
tion prior to mitigate the forgetting phenomenon and overfit023
issues. Previous studies have indicated that motion imita-024
tion can suffer from a rapid loss of earlier knowledge when025
attempting to imitate newer motions [7]. In our PTM, the026
motion prior and the pre-trained controller serve as a corner-027
stone for learning new actions, allowing the optimization of028
specific data samples with respect to human motion patterns029
it learned before. We aim for the model to proactively ex-030
plore solutions rather than merely reproducing answers it031
has memorized.032

2. Additional Visualization033

Flaw Motion Cases. In Figure 1, we provide additional034
cases of flawed motion shown in the advanced video mo-035
tion capture method GVHMR [11], flawed motion usually036
happens from the rapid and extreme movement of high-037
difficulty motions and the blurred frames. Our method038

Datasets Method SR ↑ Eg mpjpe ↓ Empjpe ↓ Epa mpjpe ↓ Eacc ↓ Evel ↓

AIST++
UHC 47.34% 147.5 67.83 49.42 5.59 7.76
PHC+ 69.85% 93.17 51.92 46.6 3.05 4.16
PTM 94.43% 62.28 31.68 29.73 2.59 3.41

H36M
UHC 23.6% 133.14 67.4 52.91 14.9 17.2
PHC+ 92.9% 50.31 33.34 30.34 3.74 5.52
PTM 98.84% 44.73 30.82 24.65 2.06 3.12

kungfu
UHC 42.91% 86.23 48.91 39.73 12.11 9.57
PHC+ 76.41% 84.86 47.98 39.43 5.54 7.89
PTM 98.16% 72.13 33.45 26.12 3.95 4.23

Table 2. Physical transfer ability.

successfully corrected these flawed motions and converted 039
them to physical realism motions. 040

Physical Restoration Visualization. In Figure 2, we 041
select high-difficulty in-the-wild motions (taekwondo and 042
rhythmic gymnastics) and illustrate a comparison before 043
and after our restoration. As shown in the figure, our 044
method effectively eliminates issues of ground penetration 045
and floating in the original motions, successfully transfer- 046
ring the raw movements into physical space. Despite the 047
original motions containing multiple continuous complex 048
actions that are challenging to reproduce in physical space, 049
our method effectively eliminates issues of ground pene- 050
tration and floating in the original motions while success- 051
fully maintaining the original motion patterns. Notably, our 052
method has never seen taekwondo or rhythmic gymnastics 053
motions before, which underscores the strong generaliza- 054
tion ability of our method. 055

Physical Restoration for Motion Generated by 056
Text2motion Method. In Figure 3, although the state-of- 057
the-art motion generation method Momask still generates 058
motion with physical inaccuracies such as mold penetration 059
and levitation, our method successfully repairs the physical 060
realism of the generated results while maintaining motion 061
quality comparable to that of the original generated results. 062

Visualization of different motion types. In Figures 063
4 and 5, we demonstrate the performance of our method 064
on various types of challenging motions, including Taek- 065
wondo, Chinese kungfu, breakdancing, rhythmic gymnas- 066
tics, and ballet. The visualized results show that our method 067
can effectively perform physics-based motion restoration 068
for a diverse range of high-difficulty movements, produc- 069
ing high-fidelity motions to the original video. Notably, 070
our training dataset does not include such a wide variety of 071
complex motions, nor does it rely on any expensive 3D an- 072
notations, which further proves the effectiveness and broad 073
applicability of our approach. 074

Additional SOTA Comparison. In Figure 6, we pro- 075
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