A. Overview

The supplementary material includes the subsequent com-
ponents.

* Relative Concept Explanation
- Explanation of the up-to-scale estimation of the SLAM
system (Sec. B — Sec. 3.3).
- Implementation details and numerical quantification re-
garding spectrogram analysis (Sec. C — Sec. 3.4).
¢ Supplementary Experiments and Analysis.
- Details of the main experiment (Sec. D — Sec. 3.2 &
Sec. 4.1).
- Ablation on sliding window size shown by camera co-
ordinate human reconstruction metrics (Sec. E — Sec.
5).
- Ablation on different masking strategies for world
HMR precision. (Sec. F — Sec. 5).
¢ Additional Visualization
- World HMR visualization on custom videos (Sec. G —
Sec. 4.2).
- World HMR visualization on multi-individual and di-
verse scene cases (Sec. H — Sec. 4.2).
- Visualization on ablation results (Sec. I — Sec. 5).
- Visualization on failure cases. (Sec. J — Sec. 6).
¢ Supplementary Video (on website)

B. Up-to-Scale SLAM System

In Sec. 3.3, we adopt MASt3R-SLAM [4] to estimate the
world-coordinate camera trajectory and mentioned its up-
to-scale reconstruction of camera transformation.

Built upon the two-view 3D reconstruction model
MASIt3R [3], MASt3R-SLAM [4] is among the first to in-
tegrate strong 3D priors into an incremental SLAM frame-
work, achieving fast inference of up to 15 FPS on a single
RTX 4090 GPU. Although MASt3R [3] is trained with a
metric regression loss, where the normalization factor used
in its predecessor DUSt3R [5] is removed to enable metric-
scale reconstruction, MASt3R-SLAM still produces up-to-
scale results.

This is because MASt3R-SLAM does not explicitly con-
strain the incremental camera pose as T, € SE(3) dur-
ing training. Instead, it defines all camera poses as T.,, €
Sim(3), allowing an additional scale component. Conse-
quently, while the scale of the estimated scene and cam-
era trajectory are temporally consistent, they remain up-
to-scale rather than metrically scaled. We estimate the
scaler s from metric depth. In practice, we find that the
scaler is around 1 in most of the testset sequences, indicat-
ing an inheritated metric scale reconstruction ability from
MASt3R [3]. But for texture-less and highly dynamic se-
quences, the scaler factor drifts away from 1 and plays an
important role in metric scale recovery.

C. Details about Frequency Domain Metrics

In Section 3.4, we propose a frequency-domain representa-
tion of jittering effects. The mathematical formulation and
implementation details are as follows.

As mentioned in the main paper, we obtain the mo-
tion spectrogram using the Short Time Fourier Transform
(STFT) to preserve both the time-axis and frequency-axis.
The reason for directly flattening the 3D joint position to
1D is that we care about jittering among all dimensions of
the space and all joints. So there is no subsample of joints
or separation of xyz axes.

We use a Hann window with length N,, = ng = 128,
hop length L = 32. After transforming the flattened sig-
nal using STFT, we apply abs(-) to get the magnitude, and
interpolate it to the original sequence length. After these
operations, the spectrogram |S(4, f)| has its y-axis repre-
senting frequency bins, and x-axis denoting temporal frame
index.

Following prior work on signal processing [2], we cal-
culate the root mean square error (RMSE) and correlation
(Corr) based on the spectrogram statistics, and derive met-
rics based on that:
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where oy is the standard deviation of Sigtf. For Corr, we
first calculate its mean:
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We use the RMSE,o;, and the Corrporm, as dependent met-
rics and show an example of our OnlineHMR checkpoints
trained by 1K iters and 52K iters. Both metrics are the lower
the better, as shown in Fig. 1.

Corr =

Corrtyorm = 100 X

Table 1. RMSE] / Corr | results.

Dataset GVHMR TRAM Ours
3DPW 3.59/0.02 17.01/0.64 19.91/0.82
EMDB-1 75.52/0.12  25.82/1.24 2498/1.41

We report camera coordinate results on recent methods
and ours, as shown in Tab. 1. Ours (focus online) is compa-
rable to the offline baseline TRAM in frequency amplitude
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Figure 1. Difference spectrograms computed as GT-Pred, visualizing discrepancies in the time—frequency domain. The left figure corre-
sponds to a model trained for 1K iterations, and the right for 52K iterations. Lower values (darker/closer to zero) indicate better alignment
with the ground truth. The converged model (52K) exhibits substantially reduced differences.

(RMSE) and pattern (Corr) distribution similarity w.r.t GT.
Interestingly, GVHMR shows better pattern reconstruction
but slightly larger deviation in amplitude on EMDB-1.

D. Details about the Main Experiment

Loss functions. The standard per-frame HMR loss func-
tion in Sec.3.2 includes 3D keypoints, 2D keypoints, SMPL
parameters, and 3D vertices components, shown as.

Ly =MLop+ XLsp+ AsLswpL + ALy (1)

We denote J3p as the integration of 3D position for all the
joints {p1,p2,...,Pj,...,ps}. Similarly, © indicates the
SMPL pose parameters, V' denotes 3D vertices for all the
joints. Then each component in (1) is:
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where "indicates the ground truth, F is the total frame num-
ber, and II is the projection function. The loss weights
A1 = 5.0, Ao = 5.0, A\3 = 1.0, Ay, = 1.0. And the ve-
locity regularization weights mentioned in the main paper
are A5 = 10.0, A\¢ = 5.0.

Parameters setup. In training, we first process the input
video feature sequence into 16-frame chunks, with training
batch size=24, as used in TRAM [6]. Then apply a window
slicing using length N = 3, stepsize = 1. Within each
window, we estimate the result of frame N — 1 only, while
taking frame N —3 and N —2 as conditions, which we name
as intra-window information fusion. This is supervised by
frame-level HMR losses. Then, for inter-window temporal

modeling, we stack the output of all windows together into a
14-frame chunk, and add additional supervision of velocity
regularizations. The model is trained on an Nvidia 80GB
H100 GPU.

E. More Ablation on Sliding Window Size.

We ablate on the sliding window size 3-6 as reported in
Tab. 2. Results show the accuracy reach optimal at win-
dow size=4, but Accel increases along with the window size
getting larger. We infer this is due to the temporal sensitiv-
ity of Accel Metric. Larger windows fuse more past frames,
introducing a delay effect that amplifies the acceleration de-
viations from GT.

Table 2. Ablation study on sliding window size (SWS).

3DPW EMDB-1
SWS PA-MPJPE| MPJPE| PVE| ACCEL, PA-MPJPE| MPJPE| PVE| ACCEL]
3 437 699 837 6.4 46.0 740  86.1 9.0
4 41.7 649  78.6 6.4 46.8 738 853 9.1
5 432 70.8  85.7 6.6 46.7 745 865 9.4
6 42.5 655 80.1 6.6 46.9 743 844 9.6

F. More Ablation on Masking Strategy

Table 3. Comparison of different masking strategies on world co-
ordinate human reconstruction upon MASt3R-SLAM [4]

Strategy | WA-MPIPE | W-MPJPE | RTE | ERVE
Vanilla 119.6 4129 | 41 | 144
Hard Mask 112.6 3868 | 32 | 133
Soft Mask 93.5 3104 | 22 | 124

In Sec. 5, we provided a comparison of the camera tra-
jectory accuracy on different masking strategies. Here, we
additionally present the world coordinates human recon-
struction metrics that are also affected by the camera tra-
jectory estimation results, as shown in Tab. 3.



G. Additional Visualization on Custom Video

As shown by Fig. 5 and Fig. 7, our OnlineHMR reconstructs
a more faithful world coordinate camera trajectory and hu-
man mesh compared to concurrent work Human3R [1].
Fig. 7 additionally shows that Human3R sometimes loses
tracking of the person (blue) in the video and mixes up with
a second person (red). Dynamic results are in the supple-
mentary video.

H. Visualization on Multi-Individual and Di-
verse Scene

As stated in the main paper, our main focus is on world
coordinate human mesh recovery. However, we can also
obtain the scene point cloud from the SLAM part. We il-
lustrate an example of a human mesh and camera trajectory
with scene geometry.

OnlineHMR Human3R

Figure 2. Using the same video input with Fig. 5, we show the
global human mesh, camera trajectory, and the final updated scene.

Our method is also able to generalize to multi-individual
and complex scene scenarios. Examples are shown in
Fig. 6.

I. Visualization on Ablation Results

EMA Correction. As stated in Sec. 3.3, EMA correc-
tion on camera translation and rotation indirectly imposes a
smoothness for world coordinate human motion. We show
a qualitative comparison of custom video in Fig. 3. The
results demonstrate less jittering effect on the camera and
world coordinate human translation with EMA correction.

J. Visualization on Failure Cases

As shown in Fig. 4, our method fails on inputs with repet-
itive textures and dynamic environments, such as shadow.
Also, the current design is not suitable for camera switch-
ing cases.

w/o EMA Correction w/ EMA Correction
Figure 3. Qualitative results w/ and w/o EMA correction on cus-
tom videos.

Figure 4. Example of failure cases.
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Figure 5. Quantitative comparison of OnlineHMR and Human3R on a custom video of a famous dancer. OnlineHMR produces a faithful
reconstruction of the human trajectory, whereas Human3R yields trajectories that appear compressed and crowded together.

OnlineHMR B Human3r

Figure 7. Quantitative comparison of OnlineHMR and Human3R on a custom video of running up stairs.
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