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Figure 1. Overview. Given a monocular video captured from a static camera, MoRo robustly reconstructs accurate and physically plausible
human motion (middle), even under challenging occlusion scenarios where detections cover only portions of the subject (on both sides).
Leveraging masked modeling, our method iteratively synthesizes motion in a globally consistent coordinate by integrating both visual cues
and motion priors, facilitated by our cross-modality training strategy. Compared to baselines such as GVHMR [57] and RoHM [79], MoRo
consistently achieves better performance in terms of both per-frame accuracy and global motion realism, particularly in the presence of

occlusions.

Abstract

Human motion reconstruction from monocular videos
is a fundamental challenge in computer vision, with broad
applications in AR/VR, robotics, and digital content cre-
ation, but remains challenging under frequent occlusions
in real-world settings. Existing regression-based meth-
ods are efficient but fragile to missing observations, while
optimization- and diffusion-based approaches improve ro-
bustness at the cost of slow inference speed and heavy pre-
processing steps. To address these limitations, we leverage
recent advances in generative masked modeling and present
MoRo: Masked mQdeling for human motion Recovery un-
der Occlusions. MoRo is an occlusion-robust, end-to-end
generative framework that formulates motion reconstruction
as a video-conditioned task, and efficiently recover human
motion in a consistent global coordinate system from RGB
videos. By masked modeling, MoRo naturally handles oc-
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clusions while enabling efficient, end-to-end inference. To
overcome the scarcity of paired video—motion data, we de-
sign a cross-modality learning scheme that learns multi-
modal priors from a set of heterogeneous datasets: (i) a
trajectory-aware motion prior trained on MoCap datasets,
(ii) an image-conditioned pose prior trained on image-pose
datasets, capturing diverse frame-level poses, and (iii) a
video-conditioned masked transformer that fuses motion and
pose priors, finetuned on video—motion datasets to integrate
visual cues with motion dynamics for robust inference. Ex-
tensive experiments on EgoBody and RICH demonstrate that
MoRo substantially outperforms state-of-the-art methods in
accuracy and motion realism under occlusions, while per-
Sforming on-par in non-occluded scenarios. MoRo achieves
real-time inference at 70 FPS on a single H200 GPU. Project
page: https://mikeqzy.github.io/MoRo.

1. Introduction

Reconstructing 3D human pose and motion from monoc-
ular RGB inputs is a long-standing problem in computer
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vision [3, 8-11, 15, 24, 26-29, 35, 36, 38, 41, 46, 47, 50, 54,
69, 74, 78, 80, 82], with broad applications in augmented
and virtual reality, assistive robotics, and healthcare. How-
ever, the limited field of view of monocular cameras often
leads to body occlusions when capturing people moving
in real-world environments, making motion reconstruction
challenging. Despite the recent rapid progress in this area
driven by advances in deep neural network architectures [65],
existing methods still struggle with such occlusions.

Most regression-based approaches [10, 25, 27, 47] offer
end-to-end fast inference, but perform poorly under heavy
occlusions. Recent methods tackle dynamic camera sce-
narios [30, 57, 59, 66, 71, 73] by jointly estimating human
and camera motion in global space, but without explicitly
addressing occlusion scenarios. Generative modeling is well-
suited to tackle the motion ambiguities caused by occlu-
sions. Optimization-based methods such as HuMoR [53]
and PhaseMP [58] incorporate VAE-based motion priors
within optimization loops [53, 58], yielding more robust per-
formance than regressors but at the cost of slow inference,
sensitivity to initialization, and susceptibility to local min-
ima. RoHM [79] surpasses optimization-based methods in
speed and robustness by casting the task as conditional diffu-
sion, but does not provide real-time performance, still fails
under severe occlusions, and relies on pose initialization and
precomputed body visibility. Moreover, most of these meth-
ods depend solely on precomputed 2D/3D joints and discard
the rich visual context available in videos. These limitations
underscore the need for occlusion-robust, end-to-end models
capable of real-time inference.

To fill this gap we propose MoRo, a generative frame-
work for robust, efficient motion reconstruction from videos,
which builds on recent advances in Masked Generative Trans-
formers [5, 12, 19, 52, 75, 83]. Namely, MoRo reformulates
motion reconstruction as a video-conditioned generative task
via masked modeling. Masked modeling with transformers
has been widely adopted in text [12], image [5], and mo-
tion [19, 52, 83] generation. By randomly masking sequence
segments, the model learns to reconstruct missing parts - an
intuitive fit for handling occlusions. Unlike optimization-
or diffusion-based methods [53, 58, 79], which are slow
and initialization-sensitive, masked modeling can enable
efficient, end-to-end inference. While prior works such
as GenHMR [55] and MEGA [17] apply this paradigm to
single-frame mesh recovery, extending it to video is far more
challenging: it requires not only resolving per-frame ambi-
guities but also modeling long-term dynamics across local
and global pose spaces while remaining faithful to visual
evidence under severe occlusions.

Directly learning the video-to-motion mapping under
body occlusions as in [16] is challenging due to the scarcity
of paired video—motion data. To address this, we decom-
pose the learning process across diverse modalities span-

ning motion, image, and video datasets, and integrate them
into a unified framework with end-to-end inference. Fol-
lowing [16], we represent 3D human meshes by discrete
local pose tokens using a pre-trained Vector Quantized Varia-
tional Autoencoder (VQ-VAE) [64]. To recover motion from
missing observations, it is crucial to model natural human
dynamics. We begin by training a trajectory-aware motion
prior on large-scale MoCap datasets [44] with masked mod-
eling, where the model jointly denoises a noisy input root
trajectory and predicts missing local pose tokens. To over-
come the limited pose diversity in MoCap, we then train
an image-conditioned pose prior on large-scale image—pose
datasets [1, 22, 40, 45] for pose reconstruction, while the
image encoder of this prior also estimates a coarse global
trajectory that serves as input to the motion prior. Finally, we
fine-tune a video-conditioned masked motion transformer
— combining the pretrained motion prior, pretrained image-
conditioned pose prior, and a cross-modality decoder — on
video datasets [2, 77] via masked modeling, enabling the
recovery of missing pose tokens and denoising of the global
trajectory conditioned on video evidence. A multi-step in-
ference process iteratively recovers pose tokens from video
evidence while refining the global trajectory. Unlike prior
occlusion-handling methods [53, 58, 76, 79] that overlook vi-
sual context in motion prior learning, MoRo unifies learning
across diverse datasets and modalities in a single end-to-
end framework, eliminating reliance on preprocessing and
efficiently leveraging multi-modality priors to enhance ro-
bustness for motion recovery under occlusions.

In summary, our contributions are: 1) MoRo, a novel
generative framework that leverages masked modeling for
robust and efficient motion recovery from monocular videos;
2) a cross-modality learning scheme that fuses multi-modal
priors learnt across motion, image and video data, effectively
learning a video-conditioned motion distribution. Extensive
evaluations show that MoRo significantly outperforms state-
of-the-art methods in both reconstruction accuracy and mo-
tion realism in challenging occlusion cases, while achieving
comparable performance in non-occluded scenarios.

2. Related Work

Human mesh recovery (HMR) from a single image has
seen significant progress in recent years. We can distinguish
regression-based methods [8, 9, 18, 24, 28, 29, 32, 33, 35,
38, 39, 46, 48, 56, 69, 74, 82], optimization-based meth-
ods [3, 15, 34, 50] and hybrid methods [31, 60]. Most meth-
ods regress SMPL [42] or SMPL-X [50] parameters, while
others predict non-parametric mesh vertices [8, 9, 39, 46] or
arbitrary human volume points [56] from images. Recently,
VQ-HPS [16] and TokenHMR [14] reformulate HMR from
continuous regression to discrete classification by tokenizing
human poses, showing improved accuracy. HMR methods
vary in focus: most aim for higher accuracy in generic sce-



narios, some enhance camera modeling [29, 38, 49], and
others handle occlusions and truncations [28, 33, 67]. Build-
ing on tokenized pose representations, MEGA [17] and
GenHMR [55] employ generative masked modeling to re-
solve pose ambiguities, producing multiple hypotheses from
a single image. However, these approaches remain limited
to static images and cannot model temporal correlations.

Human motion reconstruction from videos aims at esti-
mating plausible 3D human motion from frames. Dealing
with occlusions in the temporal domain is even more chal-
lenging. Early regression-based methods [7, 10, 25, 43, 47,
68, 72] primarily predict local motion in the camera space
without modeling the global trajectory, thus exhibiting mo-
tion artifacts. Other optimization-based methods [53, 58, 76]
refine noisy per-frame estimates using motion priors and/or
scene constraints, improving robustness under occlusions.
However, they are slow, sensitive to local minima, and re-
quire extensive manual tuning. Moreover, their reliance
on noisy per-frame estimates makes them fragile when the
initialization is unreliable. More recently, diffusion-based
approaches such as RoOHM [79] tackle motion reconstruction
under occlusions by conditioning on partial observations,
yet they still rely on per-frame initialization and remain too
slow for real-time use. In contrast, we propose to lever-
age the generative masked modeling framework to enable
end-to-end and real-time inference. Another recent line
of work addresses dynamic camera scenarios. Some train
regressors [57, 59], while others integrate motion priors
with SLAM-based reconstructions in optimization frame-
works [30, 37, 71] to jointly estimate human and camera
trajectories. However, when applied to videos with occlu-
sions even under static cameras, these methods struggle to
robustly reconstruct consistent motion (as shown in Sec. 5.5).

Generative masked modeling. Masked modeling, ini-
tially introduced in BERT [12] for language tasks, was
later adapted to vision through masked autoencoders [20],
where models learn to reconstruct masked tokens from vis-
ible context. Building on this idea, masked generative
modeling extends the paradigm by starting from a fully
masked sequence and progressively generating tokens in
fixed steps [5, 6]. It has been applied to human motion
generation [19, 23, 51, 52], achieving state-of-the-art perfor-
mance while being significantly faster than diffusion-based
methods. Recent works like GenHMR [55] and MEGA [17]
extend the idea to human mesh recovery to generate mul-
tiple pose hypotheses from a single image, demonstrating
its effectiveness when dealing with amgituities. Still, these
methods are limited to static images. In contrast, we further
extend the generative masked modeling framework to the
video domain, reconstructing natural human motions from
videos under occlusions.

3. Motion Representation

SMPL-X [50] is a parametric body model that represents
the 3D human body as a function M (v, ®,0, 3,0y, ¢),
which returns a triangle mesh M with 10,475 vertices. It
is parameterized by global translation -y, global orientation
®, body pose 6, body shape 3, hand pose 0y, and facial
expression ¢. In this paper we consider only the main body
parts while omitting 8}, and ¢.

3D Body Mesh Tokenization. Following prior works [ 14,
16, 17], we utilize a tokenized representation of the human
mesh. A local pose tokenizer is pre-trained to learn a discrete
latent representation for the human mesh, adopting the convo-
lutional autoencoder architecture from Mesh-VQ-VAE [16].
Given a SMPL-X mesh v € R'0475%3 in Jocal coordinates
(setting the global orientation and translation to zero to dis-
entangle global trajectory and local pose), the pose tokenizer
encoder maps it into latent embeddings z € R”*L where
P = 87 is the number of tokens and L = 9 is the dimension
of each token. Each latent embedding z; is then quantized
into a discrete token z; by finding its nearest neighbor in the
codebook C of size 512, as z; = argmin,, ¢ ||Z; — ¢ 3.
The quantized tokens z are mapped back to a human mesh \%
by a symmetric decoder. The local pose tokenizer is trained
on AMASS [44], BEDLAM [2] and MOYO [63], providing
a strong prior on plausible human meshes.

Motion representation. We represent a motion sequence
of T frames by X = (R, Z), where R € RT*% and Z €
RT*PxL denote the pelvis global trajectory, and quantized
local body tokens, respectively. For frame ¢, the global
trajectory R' consists of the SMPL-X global orientation
& < RS in 6D representation [81] and the translation v €
R3. The tokenized local body pose Z" € RP* L is obtained
from the pose tokenizer, consisting of P discrete pose tokens
with the dimension of each token as L.

4. Method

We introduce MoRo, a novel generative masked modeling
framework for 3D human motion recovery from monocular
videos under body occlusions. Given a monocular video I
with F' frames captured by a static camera, MoRo aims to
learn a conditional distribution of the human motion p(X|I).

MoRo features three main components: an image en-
coder pretrained on large-scale image-pose datasets for vi-
sual conditioning and image-conditioned pose prior learning
(Sec. 4.1), a motion encoder pretrained on large-scale Mo-
Cap datasets via masked modeling for motion prior learning
(Sec. 4.2), and a cross-modal decoder finetuned on video-
motion data to fuse cross-modality information and effi-
ciently recovering the human motion from videos (Sec. 4.3).
A multi-step inference schedule iteratively predicts pose
tokens and refines the global trajectory (Sec. 4.4), further
improving motion realism under occlusions. The multi-stage
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Figure 2. Overview of our masked transformer, which consists of three main components: the image encoder, the motion encoder and the
decoder. Given a monocular video sequence, we utilize the image encoder to extract per-frame image features and estimate a coarse global
trajectory, which is canonicalized and serves as the input to the motion encoder (Sec. 4.1). Along with masked local pose tokens, the motion
encoder encodes a trajectory-aware motion prior via recovering the complete local pose tokens and denoising the global trajectory (Sec. 4.2).
The cross-modality decoder fuses the intermediate feature from both encoders via a spatial-temporal transformer to refine the camera-space
global trajectory and predict a conditional categorical distribution for sampling the local pose tokens, which are then smoothed for enhanced

motion realism (Sec. 4.3).

training scheme is explained in Sec. 4.5. Fig. 2 shows an
overview of the proposed approach.

4.1. Per-frame Image Conditioning

The image encoder processes each frame to extract image
features and estimate a coarse global trajectory. A ViT-
H/16 [13] backbone &7 initialized with pretrained weights
from ViTPose [70] encodes the cropped video frames I into
image tokens &;(I) € RI*192x1280 " where 192 denotes
the number of image tokens. Inspired by [38, 78], the ad-
ditional bounding box feature B = (b, b,,s)/f € RF*3
is utilized to better infer the global positional information,
where b, b, denote the bounding box center x-y coordinates
relative to the principle point, s is the bounding box size in
the original full image, and f is the focal length.

Tokens from £7(I) and B are projected to the same latent
dimension of 1024 by linear layers, concatenated and fed
into a transformer network 7; to further model the visual
context:

YIyR:ﬂ(gI(I)7B)’ (])

where Y7 € RF*192x1024 denotes the encoded latent image
feature, serving as the visual conditioning for the cross-
modal decoder.

The weak-perspective camera parameters Rcmp in the
cropped view are obtained by applying a linear layer to the
latent feature at the bounding box token position. These
parameters are then converted back to the full camera space
using the CLIFF [38] transformation and temporally stacked
to form the coarse global trajectory initialization R. Note
that in the image encoder, each frame is processed separately

without incorporating temporal information.

Specifically, the image encoder is combined with a pose
decoder (architecturally identical to the cross-modal decoder
in Sec. 4.3 without modeling temporal information) and
pre-trained on image—pose datasets [1, 22, 40, 45] to learn
an image-conditioned pose prior via body pose reconstruc-
tion. This prior captures diverse poses present in image
datasets but absent in video datasets, thereby facilitating
video-conditioned motion learning in later stages.

4.2. Trajectory-aware Motion Prior

Directly recovering global human motion from image fea-
tures leads to degraded motion quality under occlusions (see
Sec. 5.6). To address this, we introduce a data-driven motion
prior learned from the AMASS motion capture dataset [44],
which models natural human dynamics from partial obser-
vations, improving temporal consistency and robustness to
occlusions while reducing reliance on large-scale paired
video—motion data. Provided the noisy global trajectory R
predicted by the image encoder, inspired by the insight that
human local pose is strongly correlated with its movement in
the global space, we design the motion prior in a trajectory-
aware manner to further model the strong inter-dependencies
between local pose and global trajectory.

We transform R into a canonicalized coordinate system
in which each frame is represented by its motion toward
the next frame, yielding the canonicalized global trajectory

R 0. For each frame ¢, the canonicalized global orientation
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This canonicalization makes the global trajectory indepen-
dent of the coordinate system and sequence length, which
is crucial for motion modeling. We further apply a binary
mask M € {0,1}*F to partially mask local pose tokens
Z following the paradigm of masked modeling, resulting
in the corrupted motion (Reuno, Z) where Z = M © Z.
For motion pretraining on AMASS, R o is obtained by
manually corrupting the clean global trajectory by adding
Gaussian noise to the body orientation and translation (see
Supp. Mat. for details).

A motion transformer 7Ty, aims to recover the complete
pose tokens and denoise the global trajectory simultaneously:

2

Z; Rcanm YZ7 YRmo = TM(Za Rcano)7 (3)

where Z and Rcano denote the reconstructed pose tokens
and trajectory, respectively. Yz and Yg,_ are their corre-
sponding latent features encoded by T/, and later fed to the
cross-modal decoder (Sec. 4.3) for video-conditioned mo-
tion recovery. During motion pretraining, the recovered local
pose tokens Z are further mapped back to the original SMPL-
X mesh sequence by the pose tokenizer for self-supervision
in the vertex space.

Unlike previous works [53, 58, 79] where motion priors
solely model motion itself, our proposed prior also acts as the
motion encoder in the video-conditioned masked transformer
and can be fine-tuned with video data, providing strong
knowledge of natural human dynamics while conditioning
on video inputs.

4.3. Video-conditioned Masked Transformer

Given the per-frame image features, the pre-trained mo-
tion prior and image-conditioned pose prior, the video-
conditioned masked transformer further incorporates a spa-
tial-temporal transformer 7p as the cross-modal decoder to
fuse multi-modality information from both image and mo-
tion encoders to recover global motion. Following the same
masked modeling strategy for training the motion prior, it
predicts local pose tokens and the clean global body trajec-
tory conditioning on visual observations.

Firstly, the image encoder predicts per-frame image fea-
tures Y7 and the coarse global trajectory R (Eq. 1). The
canonicalized trajectory R, obtained from R, together
with partially masked pose tokens, are then processed by
the motion encoder to produce the pose features Yz and
trajectory features Yr_  (Eq. 3). Finally, transformer 7p
models the spatial-temporal correlations among the multi-
modal features from image, pose and trajectory, and generate

the complete pose token sequence Z and a refined global
trajectory R:

Z,R="Tp(Yz, YR, Y1, YR), 4)

where Y is obtained by encoding the estimated global tra-
jectory R from Eq. | by a linear layer.

The predicted pose tokens Z are decoded by the pose

tokenizer into the original SMPL-X mesh space, and then
combined with the reconstructed global trajectory Rto pro-
duce the final reconstructed motion in the global space.
Pose token smoother network. Due to the discretization
during tokenization, the generated motion derived from per-
frame pose tokens still exhibits some jittering artifacts. To
address this, we inject a learnable smoother network Fymoother
to map the discrete latent representation Z picked from the
codebook into a continuous representation, before decod-
ing it into the canonical mesh. Fynoother 1S implemented as
a 2-layer MLP, efficiently alleviating the jittering artifacts
(Sec. 5.6).
Architectures. The image encoder 7; employs a trans-
former encoder structure following [65]. Both the mo-
tion encoder Tj; and the cross-modal decoder Tp adopt
the spatial-temporal transformer architecture DSTFormer
from [83]. In addition, we leverage Rotary Positional Em-
bedding (RoPE) [61] by computing the temporal attention
based on relative temporal positions, enabling MoRo to han-
dle sequences with variable length during inference.

4.4. Inference

At inference time, the model iteratively recovers masked
tokens based on uncertainty of each predicted pose token.
The image encoder is first executed once to extract image
features and predict a coarse global trajectory R by Eq. 1.
In the first inference iteration, fully masked pose tokens
together with canonicalized Reano are fed into the motion
encoder 7ys and decoder T to generate the complete pose
tokens and a refined global trajectory R. We then retain the
top- K pose tokens with the highest confidence, along with
the refined global trajectory, as input for the next iteration,
while the remaining tokens are re-masked for regeneration.
For each pose token, the confidence refers to the predicted
logits after the softmax layer. The refined global trajectory R
at each iteration will be canonicalized and fed to the motion
encoder to be refined in the next iteration. The process
repeats until all tokens are recovered. We adopt 7" = 5 as the
number of inference iteration steps. The final pose tokens are
decoded into the SMPL-X mesh and transformed to global
coordinates using predicted trajectory from the last iteration.

4.5. Multi-stage Training

In order to strike the balance between faithfully recovering
motion from available image evidence and generating real-
istic motions for occluded body parts, the proposed model



is trained in a progressive manner, spanning datasets with
different annotation modalities.

Motion Pretraining. The motion encoder is pretrained on
AMASS [44]. In addition to random masking adopted by
previous works [17, 55], we introduce spatial and temporal
masking strategies that either mask all tokens in selected
frames or mask specific tokens across all frames during train-
ing, better reflecting real-world scenarios where occlusions
are typically continuous in space and time.

Image Pretraining. We pretrain the image encoder and the
cross-modal decoder on standard image datasets - including
Human3.6M [22], MPI-INF-3DHP [45], COCO [40] and
MPII [1] - to improve generalization to diverse body poses,
which are less represented in video datasets. During image
pretraining, motion-related features (Yz, Yg_,,,) are simply
masked out in the decoder.

Video Fine-tuning. Finally, the full model is fine-tuned
on two monocular video-motion datasets, EgoBody [77]
and BEDLAM [2]. The spatial-temporal cross-modal de-
coder leverages the pre-trained motion prior information and
image-pose prior information to further model the correla-
tions among multiple modalities from visual inputs, global
trajectory and local motion.

Confidence-guided masking. Alongside random masking,
we adopt a confidence-guided masking strategy during video
fine-tuning. Starting with fully masked inputs, we perform
one inference step, re-mask a subset of tokens according
to their predicted confidence as in the iterative inference
(Sec. 4.4), and run a subsequent prediction round. This
reduces the train—test gap and enables the model to recover
tokens from imperfect inputs in multi-step inference.
Training objective. MoRo is trained with the cross entropy
loss L., for the local pose token classification, local 3D mesh
vertex loss Ly, ,, global trajectory loss Ly, global 3D joint
position loss L,,, and velocity loss £, . 2D keypoint
reprojection loss L z,,, and foot skating loss Ls;:

L= Ece+£V3D +£traj +£J3D +Lj3D +£J2D +£f57 (5)

where the global joint losses £, ,, £ ;. = are computed from

multiple global trajectory predictions R, Rcano, R from our
model and L penalizes the foot velocity if it exceeds a cer-
tain threshold and is in contact with ground to reduce foot
skating artifacts. Each loss term is weighted by correspond-
ing weights and applied only when it is applicable in the
pretraining stages. Please see Supp. Mat. for more details.

5. Experiments

5.1. Datasets

MoRo is trained on datasets across multiple modalities as
described in Sec. 4.5, and evaluated on EgoBody [77] and
RICH [21]. Both EgoBody and RICH capture human mo-
tions interacting with various 3D environments, recording

multi-modal data streams including third-person view RGB
videos, with the human motion annotated with SMPL-X pa-
rameters. EgoBody includes a notable amount of occlusion
scenarios, and we evaluate the proposed method on a subset
of EgoBody third-view videos with severe body occlusions
following [79], excluding sequences in the EgoBody training
split. This curated subset is denoted as EgoBody-Occ and
consists of 17 video sequences with a total of 23055 frames.
RICH, on the other hand, has relatively uncluttered scenes,
resulting in few occlusions in videos. It has been a standard
evaluation dataset for evaluating video-based motion recon-
struction [30, 57, 59, 66]. We evaluate on 191 test sequences
to assess model performance in non-occluded scenarios.

5.2. Implementation Details

The predicted SMPL-X mesh vertices from our method
are fitted to SMPL-X parameters using a fast fitting algo-
rithm [62] for evaluation. We use the same bounding box
detections across all methods for fair comparison. On Ego-
Body, bounding boxes are derived from OpenPose 2D key-
points [4], excluding keypoints with confidence below 0.2.
On RICH, we adopt the preprocessed bounding boxes pro-
vided by [57]. Ground truth camera intrinsics is employed
in all methods. We perform extreme cropping augmenta-
tion [14] by randomly cropping human body parts from im-
ages to further improve the model’s robustness to truncated
bounding boxes.

5.3. Evaluation Metrics

Accuracy. The local pose and shape accuracy is evalu-
ated via Mean Per Joint Position Error (MPJPE in mm),
Procrustes-aligned MPJPE (PA-MPJPE in mm), and Per
Vertex Error (PVE in mm). Following [79], we report
MPIPE for full-body (-all), visible joints (-vis) and occluded
(-occ) joints separately on EgoBody-occ. For global-space
reconstruction, prior works [57, 59, 66, 67, 73] often re-
port World MPJPE, which aligns predicted and ground-truth
motions by the first frame over each 100-frame segments,
thereby underestimating global translation errors in long se-
quences. Instead, we report Global MPJPE (GMPJPE in
mm) and Root Translation Error (RTE in %) [57] to evaluate
long-term global accuracy.

Motion Quality. We report metrics on motion smoothness
and foot sliding of the reconstructed motion to evaluate the
motion plausibility. Consistent with prior works [57, 59,
66, 67, 73], we report the local acceleration error (Accel, in
m/s?), motion jitter (in m/s3), and foot sliding (in mm).
Additionally, we find that global acceleration error (G-Accel,
in m/s2) better reflects the motion smoothness globally.

5.4. Baselines

We compare MoRo against (1) per-frame pose estimation
methods: MEGA [17], TokenHMR [14], PromptHMR [671,



and (2) video-based motion reconstruction methods:
RoHM [79], WHAM [59], GVHMR [57]. RoHM is
a diffusion-based method that relies on per-frame 3D
body pose initializations and precomputed occlusion masks.
WHAM and GVHMR, though designed for dynamic-camera
settings, also applies to static cameras by fixing camera ex-
trinsics to identity. Both output a camera-space trajectory
and a world-grounded trajectory, which should differ only
by a rigid transform under the static camera setup; how-
ever, we find them inconsistent in practice due to an addi-
tional refinement step on the world-grounded trajectory -
the world-grounded trajectory achieves better motion real-
ism but degrades video—motion alignment (Fig. 3, row 3),
while the camera-space trajectory aligns better with video
but yields lower motion quality. They evaluate per-frame
metrics (PA-MPJPE, MPJPE, PVE) using camera-space pre-
dictions and global metrics (RTE, Jitter, Foot-Sliding) using
world-grounded predictions, whereas a single model should
ideally produce unified outputs consistent across both cam-
era and global space. We therefore report results separately
for each prediction, denoted by -Cam and -World. Please
refer to Supp. Mat. for more details.

5.5. Results

Performance on videos with occlusions. Tab. 1 shows
the quantitative results on EgoBody-Occ. Our method con-
sistently surpasses baselines in both accuracy and motion
quality, demonstrating strong robustness under occlusions.

For local joint accuracy, our model outperforms all base-
lines on both visible and occluded joints, achieving a 16/31%
MPIJPE improvement over the best baseline PromptHMR
for visible/occluded body parts, respectively. Although
PromptHMR is relatively robust to various bounding box
sizes by encoding full-image context and using the bounding
box only as a spatial prompt, our method still surpasses it. In
terms of global reconstruction, our model exceeds the best
baseline ROHM by a large margin, achieving 58 % better
global joint reconstruction (GMPJPE). RoHM suffers from
poor local pose accuracy (with a high PA-MPJPE) since it ig-
nores visual input during the motion prior learning, whereas
our method effectively addresses visual evidence and the
motion prior within one unified framework.

Regarding motion realism, our method produces remark-
ably plausible motion with the least jitters and the second
least foot sliding. RoHM generates fixed-length clips, lead-
ing to temporal discontinuities for long sequences, while our
RoPE-based [61] transformer maintains consistency over
arbitrary-length videos by attending to local 60-frame con-
texts. As mentioned in Sec. 5.4, WHAM and GVHMR pro-

"While PromptHMR proposes a video-based variant (PromptHMR-Vid),
the code for reproducing its result on RICH is unavailable. Thus we only
evaluate the per-frame model. We will provide evaluation for PromptHMR-
Vid in future versions once the evaluation code is provided.

duce two sets of inconsistent outputs: camera-space predic-
tions (-Cam) yield better per-frame accuracy but suffer from
motion jitter, while world-grounded predictions (-World) im-
prove motion realism by additional neural network blocks
but drift from from visual evidence in the image plane (see
Fig. 3). That is to say, WHAM and GVHMR struggle to
simultaneously deliver accurate per-frame pose and smooth,
physically plausible motion with a unified output. In contrast,
our method leverage the motion prior to enforce temporal
consistency and the video-conditioned decoder to enforce
the predicted motion to align with the visual cues, and both
integrated to an end-to-end framework, producing one uni-
fied trajectory in the global space, achieving a good balance
between motion realism and image alignment.

Qualitative results in Fig. 3 (row 1, 2) further demonstrate
that our method yields substantially improved robustness
under occlusions compared with the baselines.
Performance on occlusion-free videos. We further quan-
titatively evaluate MoRo in an occlusion-free scenario on
RICH (Tab. 2). Our method delivers comparable results as
baselines while yielding more plausible motion (lower Ac-
cel, G-Accel, and Jitter). Fig. 3 (row 2) illustrates that our
reconstructions align closely with the video input.

et

Figure 3. Qualitative examples on EgoBody (row 1, 2) and
RICH (row 3). For row 1-2, from left to right corresponds to
WHAM-Cam, GVHMR-Cam, PromptHMR and ours. For row 3,
from left to right corresponds to WHAM-Cam, WHAM-World,
GVHMR-Cam, GVHMR-World, PromptHMR and ours.

5.6. Ablation Studies

We conduct ablation studies on EgoBody-occ to examine the
impact of key design choices and the number of inference
steps. As shown in Tab. 3, both motion realism and pose
accuracy for occluded body parts improve notably when
incorporating the motion prior (‘ours’ vs. ‘w/o ME’), high-
lighting its effectiveness. The motion encoder (Sec. 4.2)
not only enables masked modeling but, when pretrained on
MoCap data, also better captures natural motion dynamics.
The confidence-guided masking strategy (Sec. 4.5) further
narrows the train—test gap, improving model’s robustness



Method PA-MPJPE| —all Mi{fEi oce PVE| | GMPJPE| RTE| | Accell G-accel| Jitter| Sliding|
g MEGA [17] 37.80 86.92 8398 108.17 106.13 - - - - - -
£  TokenHMR [14] 38.07 76.38 7294 101.30 94.71 - - - - - -
g PromptHMR [67] 35.00 48.34 4530 70.42 59.79 - - - - - -
RoHM [79] 54.53 79.01 75.85 101.7  105.18 308.8 2.23 2.81 3.78 12.74 3.28
B WHAM [59] -Cam 44.20 82.03 7733 116.1 98.46 745.23 5.18 3.27 115.68 626.52 72.78
§ WHAM [59] -World 4421 9526 9120 124.64 116.17 739.49 3.98 3.19 3.36 10.27 2.73
% GVHMR [57] -Cam 48.85 71.00 6495 114.87 83.60 877.26 3.53 3.53 81.76 441.84 52.49
§ GVHMR [57] -World 48.85 7333 6740 11629  86.13 875.45 3.06 4.11 5.62 25.11 3.81
Ours 26.72 39.13 37.83 48.53 50.25 129.22 0.58 2.21 2.15 4.60 3.21

Table 1. Quantitative evaluation results on EgoBody-occ. The best / second best results are in boldface, and underlined, respectively. For

per-frame methods, we report only pelvis-aligned accuracy metrics since they lack global or temporal modeling by design.

Method PA-MPJPE| MPJPE| PVE| | GMPJPE| RTE| | Accel] G-Accel| Jitter| Sliding|
2 MEGA[I7] 50.53 108.27 12243 - - - - - -
£ TokenHMR [14] 40.37 77.74 90.68 - - - - - -
2 PromptHMR [67] 38.17 58.56 67.25 - - - - - -
5 WHAM [59] -Cam 44.53 79.80 90.65 557.06 2.94 5.67 49.41 258.94 3329
% WHAM [59] -World 44.53 102.58  117.07 660.60 4.40 5.49 6.51 21.01 3.97
T GVHMR[57]-Cam 39.78 66.07 7571 520.51 242 4.15 17.36 83.92 14.57
£  GVHMR [57] -World 39.78 73.72 83.85 553.66 240 | 4.40 4.46 12.82 2.99
2 OQurs 35.37 74.00 84.47 378.43 145 3.71 3.59 5.90 4.86

Table 2. Quantitative evaluation results on RICH. The best / second best results are in boldface, and underlined, respectively.

Method MPJPEi GMPJPE| G-accel| Jitter] Sliding|
-vis -occ
Ours 37.83 4853 127.17 2.15 4.60 3.21
w/o ME 39.77  55.89 134.31 3.66 14.20 5.92
w/o CGM 4032 53.90 136.38 224 5.13 3.21
W/0 Fymoother ~ 38.66  49.50 133.31 5.12 24.31 5.95
Inference steps
T=1 38.27 51.10 129.22 2.32 6.12 3.57
T=5 37.83 48.53 127.17 2.15 4.60 3.21
T=10 37.85 48.51 129.21 2.15 4.55 3.14
T=20 3792 48.65 129.52 2.15 4.58 3.10

Table 3. Ablation study on EgoBody-occ for the motion en-
coder (‘ME’, Sec. 4.2), pose token smoother (Fsmoother, S€c. 4.3),
confidence-guided masking during training (‘CGM’, Sec. 4.5), and
inference step numbers. The best / second best results are in bold-
face, and underlined, respectively.

during multi-step inference (‘ours’ vs. w/o ‘CGM’). Finally,
the pose token smoother (Sec. 4.3) mitigates motion jitters
resulted from discrete quantization in the tokenizer (‘ours’
vs. W/0 Fsmoother )- Study on inference steps reveals that,
increasing inference steps consistently reduces jitter and
foot sliding, improving overall motion realism. Meanwhile ,
global pose accuracy peaks at T = 5 steps, which we adopt
as our final setup.

6. Conclusion

We introduced MoRo, a masked generative transformer
framework for occlusion-robust human motion reconstruc-
tion from monocular video. MoRo leverages masked mod-
eling and effectively consolidates multi-modal information
across a set of heterogeneous datasets (MoCap, image-pose
and video-motion data). By integrating a trajectory-aware
motion prior and an image-conditioned pose prior into a
video-conditioned generative transformer, MoRo recover
temporally consistent human motion in global space in an
end-to-end manner. Experiments show that MoRo outper-
forms state-of-the-art methods under occlusions while main-
taining real-time performance, offering a practical solution
for various downstream applications.

Limitations and future work. Despite its effectiveness, our
method is currently restricted to static camera setups with
known intrinsics, which limits its applicability to videos
captured by moving cameras. In future work, we plan to in-
corporate techniques for modeling camera motion to extend
MoRo to dynamic camera scenarios.
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