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A. Datasets

3DPW [11] is an outdoor in-the-wild dataset containing
challenging scenarios, such as walking in the city and going
upstairs, with ground-truth SMPL annotations. We use the
test split of 3DPW for evaluation of our model.
EMDB [6] is a recently-captured dataset that recoded 10
participants in 81 indoor and outdoor environments us-
ing body-worn electromagnetic (EM) sensors and provides
ground-truth SMPL parameters. It has two test splits,
EMDB 1 for evaluation of 3D pose and shape in camera
coordinates, and EMDB 2 for global trajectory estimation.
We evaluate our model on EMDB 1 test split.
BEDLAM [1] is a large-scale synthetic dataset containing
1 million video frames with ground-truth SMPL/SMPL-X
parameters. We use the train split of BEDLAM to train our
network.
Human3.6M [5] is a large-scale motion capture dataset
captured in indoor environment. it contains 3.6 million
video frames of 11 subjects performing 15 distinct actions
recorded using a single motion-capture system and 4 cali-
brated video cameras. Our network is trained using motion
capture data from five subjects (S1, S5, S6, S7, and S8),
with the data downsampled to 25 fps.
MPI-INF-3DHP[10] is a markerless dataset that spans both
indoor and outdoor environments, featuring a variety of
camera viewpoints, clothing styles, and human poses, along
with ground-truth 3D keypoint annotations. The training
dataset consists of 8 subjects, each captured in 16 videos.
AMASS[9] is a large motion-capture dataset that unifies 15
different optical marker-based mocap datasets and represent
them all using SMPL [8] parametrization. It includes over
40 hours of motion data, covering more than 300 subjects
and over 11,000 distinct motions.

B. Additional Ablation Studies

Effect of swing-twist decomposition. HybrIK [7] intro-
duces an inverse kinematics approach to decompose SMPL
pose parameters into joint locations and twist rotations.
Tab. 1 shows that this decomposition reduces MPJPE by 33
mm, demonstrating a notable improvement in model per-
formance. This enhancement can be attributed to two key
factors. First, representing the pose parameters in the SO(3)
space makes it challenging for the diffusion denoiser to de-
noise effectively. In SMPL’s hierarchical structure, each
joint rotation is defined relative to its parent joint. Con-
sequently, when denoising a joint rotation like the wrist, the

Data representation PA-MPJPE MPJPE MVE

w/o HybrIK 58.1 95.1 109.2
w/ HybrIK 37.0 62.1 72.6

Table 1. Ablation study on the effect decomposing pose parameter
into joint location and twist rotation using HybrIK [7] method. All
the evaluations are with a single-step diffusion model on 3DPW
dataset. Errors are in mm.

Method MPJPE (3DPW) MPJPE (EMDB)

w/ merging 62.2 71.6
w/o merging 60.3 72.6

Table 2. Impact of merging (Mask-ToMe + ECLM) on model per-
formance after introducing the diffusion decoder. The MPJPE er-
rors are reported in mm.

denoiser may also adjust the parent joint, such as the elbow,
to reduce error. However, this can unintentionally alter the
elbow’s position from the true location. Second, since the
pose parameters are defined in the SO(3) space, attributes
like bone length depend on the shape parameters, which we
estimate using HMR 2.0 [4] and may contain errors. Bone
length, however, is critical for accurately determining joint
positions. By decomposing the pose parameter into joint
location and wrist rotation, the model reduces its reliance
on the shape parameter, allowing it to be used for other at-
tributes, such as body mass.
Using diffusion alone. We propose diffusion decoder as a
replacement of the naive MLP decoder used in transformer-
based HMR models to enhance the robustness of model
against merging methods proposed to enhance the through-
put. Tab. 2 shows that removing the merging methods
from FastHMR and using only the diffusion decoder re-
duces MPJPE by 1.9 mm on the 3DPW dataset (used for
hyperparameter tuning), but increases it by 1 mm on the
EMDB benchmark (an external evaluation set). This in-
dicates that while Mask-ToMe alone slightly worsens per-
formance likely due to the MLP being less robust to token
changes. the diffusion decoder can recover this loss. More-
over, Mask-ToMe supports the diffusion decoder by merg-
ing background tokens, which improves the model’s gener-
alizability.
Effect of Segmentor. Tab. 3 shows the effect of using dif-
ferent segmentors in Mask-ToMe on throughput and estima-
tion error. Although YOLO11x-seg slightly reduces the es-



Segmentor Throughput (fps) MPJPE (mm)

YOLO11n-seg 1500 62.2
YOLO11x-seg 300 61.7

Table 3. Performance comparison when using different segmen-
tors.

nl MPJPE (3DPW) MPJPE (EMDB)

Baseline 62.1 73.3
10 74.8 85.3
20 74.7 85.0
40 73.6 84.0
60 73.1 83.8
80 74.2 85.3
100 80.2 93.5

Table 4. The effect of merging ratio nl in Mask-ToMe, evaluated
on CameraHMR model.

Frame Layer 1 Layer 5 Layer 10 Layer 20 Layer 30

Figure 1. Attention map visualization of CameraHMR.

timation error, it requires significantly more computational
resources. As a result, we use YOLO11n-seg during infer-
ence in the proposed FastHMR framework.
Effect of masking ratio. In the Mask-ToMe method, we
merge nl background tokens at each layer. As shown in
Tab. 4, the choice of nl directly affects MPJPE on the
3DPW and EMDB benchmarks. In general, larger merging
ratios increase the error. For example, nl = 100 produces
the worst results. Interestingly, even smaller ratios such as
10 or 20 also lead to higher errors than expected.

To understand the underlying reason, we analyzed the at-
tention maps (Fig. 1). They reveal that corner background
tokens, which carry little useful information, are repurposed
by the model as register tokens [3]. As the layers progress,
the model gradually shifts important information into these
tokens. When the merging ratio is too low, we risk merg-

Setting PA-MPJPE MPJPE MVE

w/o person mask 67.2 98.1 112.9
+ diffusion decoder 51.0 75.0 84.2

w/ person mask 54.8 84.0 96.7
+ diffusion decoder 46.7 71.6 82.4

Table 5. Ablation of token merging with and without person mask,
and the added benefit of the diffusion decoder.

Method Parameters (M) MACs (G)

HMR2.0
Baseline 670.2 122.6
Baseline + ECLM 591.5 107.5
Baseline + ECLM + Mask-ToMe 591.5 52.8

CameraHMR
Baseline 737.1 144.0
Baseline + ECLM 619.0 121.3
Baseline + ECLM + Mask-ToMe 619.0 70.7

Diffusion Decoder 29.5 6.8

Table 6. Effect of proposed methods on model parameters (M) and
MACs (G).

ing them after they begin storing meaningful information,
which could potentially reduce the accuracy of the final es-
timation.
Excluding person mask in Mask-ToMe We use a person
mask to merge only the background tokens while preserv-
ing the person tokens for human mesh recovery. An alterna-
tive method, proposed in ToMe [2], merges tokens based on
similarity. Table 5 shows that removing the mask increases
the MPJPE by 14.1 mm. Moreover, replacing the MLP de-
coder with a diffusion decoder does not recover this loss.
These results indicate that excluding the person mask risks
merging person tokens, which removes critical information
for mesh recovery. Once that information is lost, even a
strong decoder cannot fully compensate.
Parameters and MACs. Table 6 compares the impact of
ECLM, Mask-ToMe, and the diffusion decoder on model
complexity. For both HMR2.0 and CameraHMR, incorpo-
rating ECLM reduces parameters and multiply–accumulate
operations (MACs), and combining it with Mask-ToMe
yields substantial computational savings. The diffusion de-
coder, shown separately, is a lightweight module with rela-
tively few parameters and MACs, highlighting its efficiency
compared to the backbone models.
In-the-wild Evaluation. Fig. 2 shows qualitative results
of FastHMR on challenging in-the-wild examples, includ-
ing dynamic actions (jumping, weightlifting, climbing) and
complex body articulations. Across diverse settings, our
method reconstructs plausible and temporally consistent hu-
man meshes, even under fast motion, self-occlusion, and



Figure 2. In-the-wild video evaluation of FastHMR

cluttered backgrounds, highlighting its robustness beyond
standard benchmarks.

C. Additional Hyperparameters
Tables 7, 8, and 9 denote the hyperparameters used dur-
ing diffusion training, denoiser configuration, and VAE pre-
training, respectively.

D. Additional Qualitative Comparison
Fig. 3 compares CameraHMR and FastHMR-CameraHMR
across four different frames. Although the results may ap-
pear similar depending on the camera viewpoint, Camer-
aHMR is more likely to produce erroneous estimates for oc-
cluded body parts, whereas FastHMR demonstrates greater
robustness due to its temporal awareness.
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Hyper-parameter Value
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