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RAM: Recover Any 3D Human Motion in-the-Wild

Supplementary Material

1. More Evaluation Details001

1.1. Comparison with MOT Tracker002

To further assess RAM’s tracking capability, we com-003
pare SegFollow with a wide range of state-of-the-art MOT004
methods on DanceTrack test set, a dataset tailored for005
tracking tasks. We evaluate four SegFollow variants006
(Tiny/Small/Base/Large) on this benchmark, each using a007
different SAM2 backbone to analyze the impact of model008
scale. Across the board, SegFollow consistently outper-009
forms both traditional and modern supervised MOT ap-010
proaches, even in a zero-shot setting.011

As shown in Table 3, SegFollow-L achieves 83.7 HOTA,012
90.8 IDF1, and 85.2 AssA, substantiall outperforming re-013
cent supervised models like MOTIP and ColTrack. IDF1014
and AssA show the most substantial improvements, under-015
scoring SegFollow’s superior ability to maintain identity in-016
tegrity and handle frame-to-frame associations, which are017
two core challenges in multi-object tracking, where it im-018
proves IDF1 and AssA by over 10% compared to the lead-019
ing supervised methods. Notably, even SegFollow-T, the020
smallest variant, exceeds all supervised baselines on HOTA021
and AssA, suggesting that SegFollow’s tracking strength is022
not solely dependent on the parameter size of the backbone.023

These results highlight the strong zero-shot generaliza-024
tion capabilities and tracking identity stability of SegFol-025
low, positioning it as a strong foundation for RAM’s long-026
term, in-the-wild 3D recovery pipeline.027

Reconstruction Ablation Study on 3DPW. We conduct028
ablations on the 3DPW dataset to evaluate the contribution029
of each component in RAM. As shown in Table 4. Adding030
the T-HMR module substantially improves the overall per-031
formance, reducing MPJPE by 13.3 mm, which highlights032
the importance of temporal memory for stable reconstruc-033
tion. Including the Predictor brings further gains, espe-034
cially in frames with occlusion or uncertainty, by leverag-035
ing motion history. Then, the Combiner improves tempo-036
ral smoothness by balancing predicted and observed cues.037
Without it, we simply concatenate the T-HMR and Predic-038
tor features, which lacks an adaptive mechanism to handle039
noisy inputs. Finally, training with the masking strategy040
improves the robustness of the RAM. Each component con-041
tributes meaningfully, and the full model achieves the best042
overall accuracy.043

1.2. Parameter Selection Experiment044

Effect of the Kalman Fusion Weight. We conduct abla-045
tion studies on the TrackID3x3 (Indoor) benchmark, which046

Table 1. Ablation of the decay factor α in Kalman-based fusion
on the TrackID3x3 (Indoor) set.

α TI-HOTA↑ TI-DetA↑ TI-AssA↑
0.50 72.91 61.76 86.07
0.75 75.07 62.87 89.66
0.85 73.88 62.10 87.90
1.00 72.73 61.6 85.92

features motion in the real-world, occlusion, and fast mo- 047
tions. This setting provides a solid foundation for evaluating 048
fusion weight in Kalman fusion. We vary the decay factor α 049
in our Kalman-based memory fusion to assess its effect on 050
tracking accuracy. As shown in Table 1, setting α = 0.75 051
yields the best performance, achieving the optimal balance 052
between historical consistency and responsiveness to new 053
observations. While lower (α = 0.5) or higher (α = 1.0) 054
values lead to minor drops, the overall performance remains 055
stable, demonstrating the robustness of our fusion scheme. 056

Table 2. Ablation of the gating threshold τγ in motion consistency
fusion on the TrackID3x3 (Indoor) set.

τγ TI-HOTA↑ TI-DetA↑ TI-AssA↑
0.50 73.26 61.81 88.01
0.70 74.25 62.05 88.92
0.85 75.07 62.87 89.66
1.00 74.01 62.03 88.50

Effect of the Temporal Buffer Update Threshold. We 057
further analyze the role of the gating threshold τγ , which 058
determines the contribution of the current features based on 059
its motion consistency score. The experiment is conducted 060
on the TrackID3x3 (Indoor) benchmark, where frequent oc- 061
clusions and complex motion make memory fusion espe- 062
cially critical. As shown in Table 2, setting τγ = 0.85 063
achieves the highest performance across all metrics. This 064
value strikes a balance between preserving reliable history 065
and adapting to new consistent observations. Lower thresh- 066
olds (e.g., τγ = 0.5) result in overly conservative updates, 067
while higher values (e.g., τγ = 1.0) may introduce noisy in- 068
formation. Overall, the performance remains robust across 069
a range of values, confirming the stability of our gating 070
strategy. 071

Effect of the Selected frames k We evaluate the impact 072
of the temporal selected frame size k in our T-HMR mod- 073
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Table 3. Comparison with other popular MOT methods on DanceTrack test set.

Methods Publication HOTA↑ MOTA↑ IDF1↑ AssA↑ DetA↑

Supervised Methods
SORT[1] ICIP2016 47.9 91.8 50.8 31.2 72.0
DeepSORT[9] ICIP2017 45.6 87.8 47.9 29.7 71.0
FairMOT[12] IJCV2021 39.7 82.2 40.8 23.8 66.7
CenterTrack[15] ECCV2020 41.8 86.8 35.7 22.6 78.1
GTR[16] CVPR2022 48.0 84.7 50.3 31.9 72.5
ByteTrack[13] ECCV2022 47.3 89.5 52.5 31.4 71.6
MOTR[11] ECCV2022 54.2 79.7 51.5 40.2 73.5
SUSHI[3] CVPR2023 63.3 88.7 63.4 50.1 80.1
MOTRv2[14] CVPR2022 69.9 91.9 71.7 59.0 83.0
ColTrack[6] ICCV2023 72.6 92.1 74.0 62.3 -
FineTrack[8] CVPR2023 52.7 89.9 59.8 38.5 72.4
OC-SORT[2] CVPR2023 54.6 89.6 54.6 40.2 80.4
DiffMOT[7] CVPR2024 62.3 92.8 63.0 47.2 82.5
Hybrid-SORT[10] AAAI2024 65.7 91.8 67.4 - -
AED[4] TIP2025 66.6 92.2 69.7 54.3 82.0
MOTIP[5] CVPR2025 73.7 92.7 79.4 65.9 82.6

Zero-Shot
SegFollow-T Ours 77.9 88.7 85.8 78.4 77.4
SegFollow-S Ours 79.6 90.3 87.0 79.8 79.4
SegFollow-B Ours 80.2 91.5 87.9 80.5 79.9
SegFollow-L Ours 83.7 93.2 90.8 85.2 82.2

Table 4. Ablation study of each component in our framework on 3DPW. We report MPJPE and PA-MPJPE (in mm).

T-HMR Predictor Combiner Masked Train MPJPE↓ PA-MPJPE↓

✗ ✗ ✗ ✗ 81.3 54.3
✓ ✗ ✗ ✗ 68.0 44.5
✓ ✓ ✗ ✗ 59.5 37.0
✓ ✓ ✓ ✗ 56.5 35.8
✓ ✓ ✓ ✓ 53.0 34.1

ule on the 3DPW benchmark. We vary the number of top-k074
selected in adjacent L frames window (set L as 30) and re-075
port results in Table 5. The setting k = 7 yields the best076
overall performance, with an MPJPE of 68.0 mm and PA-077
MPJPE of 44.5 mm. A smaller k limits the temporal con-078
text and thus is suboptimal, while overly large values may079
introduce some noisy frames and degrade precision. These080

results confirm that a moderate context window allows for 081
more reliable cross-frame fusion while maintaining tempo- 082
ral coherence. 083

Effect of the Window Size L To evaluate the effect of the 084
memory length L in our T-HMR module, we conduct exper- 085
iments on the 3DPW dataset, which features long-term real- 086
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Table 5. Ablation of the Top-K selected frames parameter in T-
HMR module on 3DPW.

k MPJPE↓ PA-MPJPE↓
5 70.1 46.2
7 68.0 44.5
9 69.3 45.1
10 70.5 46.5

world motion. As shown in Table 6, using L = 30 yields the087
best results, achieving the lowest MPJPE and PA-MPJPE. A088
smaller window may not retain enough historical context for089
effective temporal modeling, while an overly long memory090
introduces noisy or redundant features, slightly degrading091
performance. These results confirm that moderate temporal092
horizons are critical for accurate human motion recovery in093
T-HMR module design.094

Table 6. Ablation of the temporal window size L in T-HMR on the
3DPW dataset.

Window Size L MPJPE↓ PA-MPJPE↓
20 71.5 47.2
26 69.1 46.0
30 68.0 44.5
36 68.9 45.3

Effect of Predictor Queue Length T . We evaluate the095
impact of the predictor queue length T on the 3DPW dataset096
to determine the temporal context length required for ac-097
curate motion prediction. As shown in Table 7, we vary098
T from 6 to 10. The results show that performance im-099
proves as T increases, reaching its best at T = 8 with the100
lowest MPJPE of 56.5 mm and PA-MPJPE of 35.8 mm.101
Further increasing the window size slightly degrades per-102
formance, possibly due to the inclusion of less relevant or103
noisy frames. These findings indicate that a moderate tem-104
poral window provides sufficient context for accurate mo-105
tion refinement, while excessive history can dilute relevant106
information. These results demonstrate that the Predictor is107
robustness across window sizes, but benefits most from an108
appropriate queue length.109

Effect of Masking Ratios During Traning During stage-110
3 training, we apply temporal masking with a per-frame111
probability of 1/8 to simulate partial occlusion events, en-112
couraging the model to rely on motion priors when visual113
cues are absent. We also performed ablation studies on the114
masking ratio applied in the training to assess its impact115
on temporal robustness. As shown in Table 8, a moderate116

Table 7. Ablation of the predictor queue length T on the 3DPW
dataset (without masking strategy).

Queue Length T MPJPE↓ PA-MPJPE↓
6 58.2 37.0
7 57.0 36.3
8 56.5 35.8
9 56.9 36.0
10 57.3 36.1

amount of masking helps the model learn to recover miss- 117
ing temporal cues. Compared to the unmasked baseline, 118
introducing 50% masking yields a clear performance gain. 119
Increasing the masking ratio to 60% leads to the best results, 120
achieving 53.0 mm MPJPE and 34.1 mm PA-MPJPE. How- 121
ever, pushing the masking further to 75% results in a slight 122
degradation, suggesting that overly sparse temporal input 123
may impair learning. These results indicate that masking 124
serves as an effective regularization strategy for RAM. 125

Table 8. Ablation of the masking ratio during stage-3 training on
the 3DPW dataset.

Masking Ratio MPJPE↓ PA-MPJPE↓
None 56.5 35.8
50% 54.1 34.9
60% 53.0 34.1
75% 53.6 34.3

2. Training Set Up 126

We follow a three-stage training strategy as described in the 127
main paper. All models are implemented in PyTorch and 128
optimized using AdamW. For Stage 1 and 2, we use a base 129
learning rate of 4e-4. In Stage 3, we keep the T-HMR and 130
Predictor frozen, and fine-tune the full RAM model with 131
simulated occlusion using masking strategy. The training 132
is conducted on 4×A100 GPUs with a batch size of 64 un- 133
less otherwise specified. We adopt mixed-precision and dis- 134
tributed training for efficiency. Our training runs for up to 135
120 epochs. 136

3. Code Availability Statement 137

Due to current constraints, the code and models are not re- 138
leased at submission time. We commit to making the code 139
and models publicly available upon publication. 140
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