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Fig. 1. Given a monocular video (a), (b) kinematic-based methods (e.g., GVHMR [Shen et al. 2024]) often cannot produce physically plausible results and suffer
from artifacts like foot floating. (c) While tracking-based controllers (e.g., PHC+ [Luo et al. 2023]) can enforce physical plausibility, they may amplify errors
from inaccurate motion reconstruction, leading to unnatural behaviors. (d) In contrast, our PhysHMR model learns a visual-to-action policy that directly
predicts control signals from visual input, preventing error amplification and producing motions that are both physically plausible and visually aligned with the
input video (a). As videos are the most effective way to assess the physical plausibility of the results, we encourage readers to view our supplementary video.

Reconstructing physically plausible human motion from monocular videos
remains a challenging problem in computer vision and graphics. Existing
methods primarily focus on kinematics-based pose estimation, often leading
to unrealistic results due to the lack of physical constraints. To address
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such artifacts, prior methods have typically relied on physics-based post-
processing following the initial kinematics-based motion estimation. How-
ever, this two-stage design introduces error accumulation, ultimately limiting
the overall reconstruction quality. In this paper, we present PhysHMR, a uni-
fied framework that directly learns a visual-to-action policy for humanoid
control in a physics-based simulator, enabling motion reconstruction that
is both physically grounded and visually aligned with the input video. A
key component of our approach is the pixel-as-ray strategy, which lifts 2D
keypoints into 3D spatial rays and transforms them into global space. These
rays are incorporated as policy inputs, providing robust global pose guidance
without depending on noisy 3D root predictions. This soft global grounding,
combined with local visual features from a pretrained encoder, allows the
policy to reason over both detailed pose and global positioning. To overcome
the sample inefficiency of reinforcement learning, we further introduce a
distillation scheme that transfers motion knowledge from a mocap-trained
expert to the vision-conditioned policy, which is then refined using phys-
ically motivated reinforcement learning rewards. Extensive experiments
demonstrate that PhysHMR produces high-fidelity, physically plausible mo-
tion across diverse scenarios, outperforming prior approaches in both visual
accuracy and physical realism.
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1 Introduction

Faithfully reconstructing human body dynamics from monocular
videos, also known as Human Mesh Recovery (HMR), is a funda-
mental problem in computer vision, graphics, and robotics. Recent
advances in human motion reconstruction [Rajasegaran et al. 2022;
Shen et al. 2024; Shin et al. 2024; Sun et al. 2023; Wang et al. 2024a; Ye
et al. 2023; Yuan et al. 2022] have achieved high accuracy in estimat-
ing body pose and shape. However, most existing methods overlook
physically plausible body dynamics, leading to various artifacts such
as foot sliding, ground penetration, and inconsistent contact behav-
ior (see Fig. 1(b)). Achieving physically plausible human motion
reconstruction remains an open and challenging problem.

Prior works have attempted to introduce physical constraints
through a post-hoc correction stage. Some approaches incorporate
analytical priors derived from rigid body dynamics, such as the
Euler-Lagrange equation [Jiang et al. 2023; Zhang et al. 2024b,a],
while others leverage reinforcement learning to train humanoid
controllers that track pre-reconstructed motion [Yuan et al. 2021].
Although these methods improve physical realism to some extent,
they share a common limitation: motion is first reconstructed from
visual cues alone and then refined by a separate physics module. This
decoupled design overlooks the ambiguity inherent in monocular
videos, where multiple plausible motions can explain the same visual
observation. Once a single solution is selected in the reconstruction
stage, the downstream physics module can no longer access the full
observational context, leading to suboptimal corrections and limited
consistency with the visual evidence (see Fig. 1c).

In light of these limitations, we argue that a more effective ap-
proach is to unify motion estimation and physical reasoning
within a single framework, allowing visual cues and physical
constraints to inform the same decision process. To this end, we
propose PhysHMR, a novel framework that directly learns a visual-
to-action policy to control a simulated humanoid directly from
monocular video observations, resulting in reconstructed motion
that is both visually consistent and physically plausible. Unlike prior
two-stage approaches, PhysHMR unifies the two stages through a
single policy network that jointly reasons over visual observations
and physical dynamics. By executing motion within a physics-based
simulator [Makoviychuk et al. 2021], it naturally enforces physical
constraints such as ground contact, joint limits, and momentum
conservation. By conditioning the policy directly on image features,
we can exploit rich visual context beyond skeletal pose estimations,
enabling the humanoid to produce motion that faithfully aligns with
the input video while adhering to physical laws.

SA Conference Papers ’25, December 15-18, 2025, Hong Kong, Hong Kong.

Training high-dimensional visual-control policies purely with re-
inforcement learning is often sample-inefficient and unstable [Luo
et al. 2024a]. To address these issues, PhysHMR proposes a dis-
tillation strategy that transfers knowledge from a mocap-trained
imitation expert, thereby facilitating the training of the visual-to-
action policy. Specifically, a pretrained visual encoder[Shen et al.
2024] extracts features from each video frame, which serve as local
pose references for the control policy. These features retain rich pose
information without committing to potentially inaccurate 3D recon-
structions. The expert controller, trained on high-quality motion
capture data, provides action supervision that imparts strong hu-
man motion priors, which significantly accelerates convergence and
stabilizes learning. The policy is further refined with reinforcement
learning, using a composite reward that balances motion imitation,
realism through adversarial motion priors, and physical smoothness.

Since physical plausibility must be assessed in the global pose
space rather than the local pose space, it is necessary to estimate
global pose information (i.e., the root joint position) in addition to
local pose references from images. However, predicting the 3D root
joint position from monocular video is often noisy, which signifi-
cantly compromises the robustness of policy generalization. This
is because inconsistencies between local pose estimates and erro-
neous 3D root predictions can lead to unnatural global motions—for
example, the local pose may indicate forward movement, while the
noisy root prediction pulls the motion backward, resulting in jit-
tery or unstable behavior. Such mismatches make it difficult for the
policy to produce physically consistent dynamics in global space.
To address this, instead of relying on explicit 3D root prediction,
we lift multiple detected 2D keypoints into 3D rays, which serve
as a soft global pose reference. These spatial rays condition the
policy to predict actions that transform the humanoid into globally
consistent poses without requiring strict absolute 3D root input.
This approach provides gentle global information, improves the
robustness of policy execution, and enables physically plausible
human motion reconstruction.

We evaluate PhysHMR on challenging motion datasets, including
Human3.6M, AIST++, and EMDB2, showing comparable motion
accuracy to state-of-the-art kinematics-based methods while signif-
icantly improving physical plausibility. Our approach reduces com-
mon non-physical artifacts (e.g. foot sliding, ground penetration),
improving the suitability of reconstructed motion for downstream
applications such as simulation, animation, and robotics.

In summary, our contributions are three-fold:

e We present PhysHMR, the first unified framework for jointly
performing human motion perception and control, enabling high-
quality and physically plausible human motion reconstruction
from monocular videos.

e We introduce a distillation approach to distill a visual-to-action
policy from a pretrained mocap imitation policy, which acceler-
ates convergence and stabilizes policy learning.

e We propose a soft global grounding strategy by lifting 2D key-
points into 3D spatial rays, avoiding the need for noisy 3D root
predictions and enabling robust policy learning of physically plau-
sible motion in global space.
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2 Related Works
2.1 Kinematics-Based Human Mesh Recovery

Parametric human models [Loper et al. 2015; Osman et al. 2020;
Pavlakos et al. 2019; Xu et al. 2020] have been widely adopted to re-
construct human motion from monocular video. Early works [Arnab
et al. 2019; Bogo et al. 2016; Huang et al. 2017; Xiang et al. 2019]
focus on fitting these models to individual image frames. More
recently, regression-based approaches, which leverage large-scale
datasets, have gained attention for their ability to achieve general-
purpose human mesh recovery [Cai et al. 2023; Goel et al. 2023;
Yin et al. 2025]. To account for dynamic camera movements, data-
driven methods have been extended to estimate per-frame camera
poses [Shin et al. 2024; Sun et al. 2023; Yuan et al. 2022]. Addition-
ally, SLAM (Simultaneous Localization and Mapping) techniques
have proven effective for robust camera motion estimation, further
enhancing human motion recovery in complex scenarios [Wang
et al. 2024a]. HuMoR [Rempe et al. 2021] learns a generative motion
prior that improves temporal consistency and robustness in pose
estimation. Despite these advances in human mesh recovery, purely
kinematic methods often exhibit artifacts like foot sliding, ground
penetration, and momentum inconsistency.

To address such artifacts, prior works have used physical pri-
ors as an auxiliary supervision to encourage plausible dynamics.
PhysPT [Zhang et al. 2024b] proposes a neural module that re-
fines kinematic motion using differentiable Euler-Lagrange losses to
enforce rigid-body dynamics. IPMAN [Tripathi et al. 2023] incorpo-
rates intuitive physics cues through loss functions into monocular
pose estimation, but remains a kinematics-based approach with-
out enforcing full physical dynamics. D&D [Li et al. 2022a] refines
kinematic motion by estimating external forces and applying analyt-
ical physical computation to enforce consistency with Newtonian
dynamics. While these methods improve physical realism to some
extent, they operate as post-hoc refinement on kinematic recon-
structions, making it difficult to recover from the ambiguity in the
kinematics-based human mesh recovery stage. Moreover, the physi-
cal consistency is enforced through neural approximations rather
than explicit physical simulation, leaving the overall pipeline fun-
damentally kinematics-based and decoupled from physical control.

2.2 Physics-based Human Motion Imitation

Physics simulation platforms [Makoviychuk et al. 2021; Todorov
et al. 2012], combined with reinforcement learning, have enabled
physically grounded control of simulated characters, producing
highly realistic human motion [Dou et al. 2023; Peng et al. 2018a,
2022, 2021a; Tessler et al. 2023; Wang et al. 2024b]. PPR [Yang et al.
2023] leverages physics priors for plausible video-based reconstruc-
tion, and differentiable dynamics models [Gértner et al. 2022] in-
tegrate physics into end-to-end optimization. By training policies
on large-scale motion capture datasets [Kobayashi et al. 2023; Mah-
mood et al. 2019; Peng et al. 2021b], many works have demonstrated
high-fidelity motion imitation through learned control policies [Luo
et al. 2024b, 2023, 2022; Peng et al. 2018b; Tessler et al. 2024; Wa-
gener et al. 2022; Winkler et al. 2022a]. PhysCap [Shimada et al.
2020] constrains monocular capture with real-time physical simula-
tion. However, these policies are trained to track clean 3D motion

references, struggling to generalize when such data is unavailable.
PHC [Luo et al. 2023] estimates 3D keypoints from video as motion
references, but its two-stage design decouples control from visual
input, often leading to jitter and unnatural motion.

Moreover, prior methods rely heavily on reinforcement learn-
ing, which typically suffers from low sample efficiency. Hence, they
struggle to fully exploit rich visual information and instead depend
primarily on sparse, deterministic inputs such as 3D keypoints or
kinematics-based representations. simXR [Luo et al. 2024a] employs
a distillation-only scheme in a VR setting to train vision-to-action
policies. While this avoids the need for reinforcement learning, it
lacks robustness due to limited data and the absence of exploration.
In contrast, our joint PPO+Distillation training substantially im-
proves stability and generalization, demonstrating clear advantages
over a pure distillation approach.

Learning vision-conditioned policies for human motion recon-
struction that directly aligns with visual evidence remains a largely
underexplored challenge.

3 Preliminaries

We formulate physically plausible human motion reconstruction as
a goal-conditioned, physics-based motion imitation problem. Specif-
ically, we use deep reinforcement learning (DRL) to train a policy
that drives a simulated humanoid [Luo et al. 2023] to imitate motion
sequences within a physical environment, with the goal signals as
guidance. The policy, 7, is modeled as a Markov Decision Process
(MDP), defined by the tuple M = (S, A, T, R, y), where S, A, T, R, and
y denote the state space, action space, transition dynamics, reward
function, and discount factor, respectively.

At each timestep t, the state s; consists of proprioceptive informa-
tion s‘f and goal information sf . Here, sf includes the local 3D pose
qr and velocity g;. In traditional motion imitation tasks, the goal s/
is typically defined by a reference trajectory (6;, I}, 7;), encoding
the local pose, global translation, and global rotation. In our method,
the goal information is extracted from the input video, including
frame-level visual features and global spatial guidance computed
by a pixel-as-ray strategy. This design enables the policy to directly
leverage visual observations for motion imitation (see Sec. 4).

The action, a;, specifies target joint rotations, which are provided
as control targets to a proportional-derivative (PD) controller to
generate physically valid motion. At each timestep ¢, the humanoid
agent samples an action a; € A from the policy 7 (a;|s;), where s; €
S is the current state of the humanoid. The action is then executed
in a physics simulator, producing the next state s;4+1 = T(s;, a;) and
the reward r; = R(s;, a;) for this action. We optimize the policy
using Proximal Policy Optimization (PPO), with the objective of
maximizing the expected discounted return: E [L)¥, y*~'r,] .

4 Method

Fig. 2 provides an overview of our method. Given a monocular
video with N frames {I,})Y |, our goal is to reconstruct a physically
plausible human motion sequence, which consists of local poses
{0, € R*3}N | global translation {I; € R*}Y , and orientation
{r; € R*}Y | in the world.
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Fig. 2. Overview of our pipeline. A visual-to-action policy reconstructs physically plausible motion from monocular videos. Training efficiency is improved by
combining reinforcement learning and knowledge distillation. Global motion is guided using a pixel-as-ray module that lifts 2D keypoints into 3D rays.

Our visual-to-action policy, PhysHMR, starts by extracting lo-
cal visual features for each video frame using a pre-trained HMR
model [Shen et al. 2024]. These features are then used as input to
the policy network, which predicts control actions for the humanoid
(Sec. 4.1). To provide spatial grounding, we propose a pixel-as-ray
strategy that lifts 2D keypoints into 3D rays and transforms them
into global space using camera poses. These global rays provide soft
global guidance to the policy without enforcing strict positional
constraints (Sec. 4.2). Finally, we enhance the training of our visual-
to-action policy through knowledge distillation from a pre-trained
motion imitation expert, leading to improved sample efficiency and
policy robustness (Sec. 4.3).

4.1 Local Reference from Visual Observations

Prior works [Shen et al. 2024; Ye et al. 2023] show that local motion
features that capture relative joint articulation while being invariant
to global root transformations are critical for effective motion learn-
ing. Such features are difficult to infer explicitly from images due to
camera motion and depth ambiguity. Hence, we propose to use the
pretrained video encoder from GVHMR [Shen et al. 2024], which is
trained to predict SMPL joint rotations relative to their parent joints.
This naturally yields root-invariant visual features that serve as
structured and physically meaningful input for local control. Unlike
explicit pose reconstructions that commit to a single, potentially
inaccurate estimate, these visual features retain rich pose-related
information without collapsing to a deterministic pose.

Given video frames {It}fi |» we first preprocess each frame I; to ex-
tract image features [Goel et al. 2023], bounding boxes [Jocher et al.
2023; Li et al. 2022b], 2D keypoints [Xu et al. 2022], and relative cam-
era rotations [Teed et al. 2023], denoted as ftfeat, ﬁbb"x, tkPZd, £,
respectively. These per-frame features are then fed into the video
encoder, which aggregates information across frames:

. kpad
{F: 3L, = Encovianr (L £22°5 £, f£2m L) € RVXP,
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where D is the feature dimension. The cross-frame fusion process
not only enhances stability under occlusion but also supports flex-
ible feature masking, allowing the model to operate with partial
inputs. This flexibility enables the use of motion-only datasets like
AMASS [Mahmood et al. 2019] during training, even without paired
RGB images, i.e., < is dropped.

Although local features bolster reconstruction robustness, accu-
rate physics learning still demands global guidance, because sim-
ulations must be carried out in the world coordinate frame. Thus,
we enhance the local observation by leveraging GVHMR’s multi-
task MLP head to explicitly regress the future root orientation 7;11
from the visual features F;. This auxiliary prediction provides a
forward-looking estimate of the global root orientation in the cam-
era coordinate system. We transform 7, into the world frame and
compute its relative difference from the current root pose z; of the
humanoid agent as:

=1z
Aty =1, Tiq.

This signal provides an explicit orientation cue that guides the
agent’s future heading. We include both the visual feature F; and
the relative root orientation Az, in the observation passed to the
policy at each timestep ¢.

4.2 Global Guidance via Pixel-as-Ray

Accurate global positioning is critical for physically plausible motion
reconstruction, especially when camera motion is involved. How-
ever, directly predicting 3D trajectories from a monocular video is
often unreliable due to depth ambiguity and motion noise. These tra-
jectory errors can significantly degrade the performance of tracking-
based control policies, leading to unstable motion. To circumvent
this issue, we propose a pixel-as-ray strategy that encodes global
guidance without enforcing explicit positional targets.

4.2.1 Keypoint Lifting to 3D Rays. Given extracted 2D keypoints,
f,kpZd = {(ul, Uf)}{:l, that represent the image-space locations of
each joint i of the simulated humanoid in frame ¢, and the camera

intrinsics matrix K, we back-project each keypoint to obtain a 3D
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ray in the camera coordinate system:

rayi(s) =o;+s-1h, $>0, (1)
0 ul

o, =(0], 1} =K! v;' , (2)
0 1

where o; is the camera origin in frame t, and ri is the viewing
direction for keypoint i. This ray represents all possible 3D positions
of joint i along the corresponding viewing direction.

To align the ray with the simulation world, we further transform it
using the camera-to-world transformation T$?%, which is estimated
via off-the-shelf methods [Shen et al. 2024; Wang et al. 2024a]:

6; =TS - h(oy), 1 =T . h(r), (3)

where T$*W € R is a transformation matrix consisting of rota-
tion and translation, h(-) is the homogeneous lifting function that
augments a 3D vector with a 1, 6, denotes the ray origin in world
coordinates, and £ is the transformed ray direction for keypoint i.

4.2.2 Computing Ray Displacement Vectors. For each humanoid
joint i at time ¢, we compute the shortest vector from the joint posi-
tion j: to the corresponding ray defined by origin 6, and direction
#, yielding a displacement vector di:

d; = proj, (j;, 61, 11), 4
where proj, (+) denotes the perpendicular offset from the point j: to
the ray 6, + s - £, and j! is obtained from the simulated humanoid
proprioception sf . These displacements {dil}{:1 are concatenated
and passed to the policy network as global spatial observations.
Compared to using noisy 3D joint positions, this formulation enables
more flexible and robust spatial grounding for humanoid control.

Unlike reprojection error, which is typically used as a training
loss, our pixel-as-ray formulation is explicitly used as part of the
policy input, allowing the network to exploit these signals during
inference for robust global alignment.

To account for potentially unreliable 2D keypoint estimates, we
append the keypoint confidence scores predicted by the 2D key-
point estimator to the displacement vectors, enabling the policy
to adaptively modulate its reliance on uncertain inputs. Addition-
ally, inspired by [Goel et al. 2023], we introduce random masking
and perturbation of keypoint inputs during training to improve
robustness under in-the-wild conditions.

4.3 Policy Learning with Reinforcement and Distillation

4.3.1 Distillation. Although we’ve used a pretrained visual encoder
to extract informative features from monocular images, directly
training a control policy from these features using reinforcement
learning remains highly sample-inefficient. To address this, we in-
troduce a knowledge distillation framework that transfers motion
expertise from a pretrained teacher policy, ieach (a; | sf ,0;), which
is trained to perform standard motion imitation using ground-truth
pose supervision from the AMASS dataset [Mahmood et al. 2019].
The teacher policy takes as input the agent’s proprioceptive state
s and the target kinematic pose 6, and outputs physically valid
actions that track the reference motion.

Given paired supervision data (I, 6;), where I; is the input im-
age and 0, is the corresponding target kinematic pose, we use the
teacher’s action as a supervision signal to guide the training of our
visual-to-action policy, 7physamr (a; | sf ,Fy, Aty, {di}{:l). This pol-
icy takes as input the agent’s proprioceptive state s‘f , frame-level
visual features F;, relative root orientation Ar;, and pixel-to-ray
spatial displacements {di}{:l, and is trained to imitate the teacher’s
actions without using ground-truth pose targets as explicit input.
The training objective minimizes a distillation loss between the
actions predicted by the student and teacher policies:

i 2
Laistin = ||7TPhysHMR(at | Sf;Ft, Az, {dl;}z) — Treach (s | Sf, 9t)||

Note that both policies operate on the same proprioceptive state
sf obtained from simulation, but differ in how goal information is
provided: the teacher policy is conditioned on the explicit ground-
truth pose 8, while the PhysHMR policy relies on features extracted
from the input image. This objective encourages our PhysHMR
policy to learn a control strategy capable of effectively imitating
motion depicted in the input video without explicit pose signals.

4.3.2  Overall Loss. While distillation enables efficient learning from
a strong teacher, it is inherently limited by the accuracy and diversity
of the teacher’s actions. To enable more accurate and adaptable
motion control that goes beyond the fixed supervision provided by
the teacher, we complement supervised knowledge distillation with
reinforcement learning, allowing the PhysHMR policy to refine
its behavior through dynamic interaction with the environment.
Specifically, we utilize a composite reward function:

R(S‘f, 0;) = alRpose + a2Ramp + a3Renergys (5

where 0; is the target reference pose. Rose is an imitation reward
that promotes alignment with the reference pose, 6; [Luo et al.
2023]. Rymp is a style-based reward via Adversarial Motion Priors
(AMP) [Peng et al. 2021a] that encourages the generation of real-
istic, human-like motion aligned with the motion prior. Renergy is
an energy reward that penalizes excessive joint accelerations to
improve smoothness and reduce jitter [Winkler et al. 2022b]. Ad-
ditional details about the reward formulation are provided in the
suppl. document.

The overall training objective combines both supervised and
reinforcement signals:

L = Lyigtint + Lppo, (6)

where Lppo is the loss term calculated by PPO using the reward
in Eq. 5. By jointly training with distillation and reinforcement
learning, our visual-to-action policy benefits from both sample-
efficient supervision and environment-driven refinement, resulting
in not only accelerated convergence but also enhanced policy per-
formance.

5 Experiments
5.1 Implementation Details

We use Isaac Gym [Makoviychuk et al. 2021] as the physics simula-
tor and train our model on a single NVIDIA L40 GPU. The physics
simulation runs at 60 Hz, while control actions are issued at 30 Hz.

SA Conference Papers '25, December 15-18, 2025, Hong Kong, Hong Kong.



6 + Qiaoetal

Input
Video |

=
o

GVHMRX
PhysPT

GVHMR x
PHC+

=
>

I N S

|

Ours

KB

¥
Y ileN
¢ ¥

Fig. 3. Comparison against two physics-based methods. The black line indicates the ground. PhysPT (row 2) uses neural networks to approximate physics, but
still suffers from ground penetration. PHC+ (row 3) amplifies motion reconstruction errors during tracking, leading to unstable results. Both methods cannot
correct upstream errors. In contrast, our visual-to-action approach produces motion that is both physically plausible and visually aligned.

Table 1. Comparison of our motion reconstruction variants on AIST++ and EMDB2 under kinematic and physical plausibility metrics. Lower is better.

Phys. Type Method EMDB2

AIST++

PA WA MP] FS HV

ACC VEL PA WA MP] FS HV ~ACC VEL

4.77 877 50.18 189.44 7630 2318 793 931 21.85
540 10.19 5343 175.64 79.05 1154 4.64 10.19 14.40

6.72 1992 70.72  260.07 108.57 13.68 3.71 9.21 17.05
538 17.71  52.79  250.30 83.93 1094 355 859 16.00
5.35 17.24 5529  235.66 83.93 11.24 346 890 15.36

9.56 14.00 71.21  212.28 101.70 36.57 4.95 12.55 22.74
7.43 1221 67.38 193.23 109.77 2479 6.05 10.05 17.10

Kin TRAM 35.51 148.05 56.74 11.76 22.97
' GVHMR 40.95  228.67 6521  5.65  26.42
PhysPT (CLIFF) 48.40 762.78 77.00 11.02  6.54

Neural TRAM X PhysPT 39.90 704.57 61.42 849 7.02
GVHMR x PhysPT 4134 682.03 66.08 10.71 8.46

Track TRAM x PHC+ 5294 158.58 7434 2341 7.64
’ GVHMR x PHC+ 46.24  193.01 7250 1271 7.71

V2A Ours 3934 189.26 55.48 4.60 5.04

549 1053 5040 18742 63.94 9.14 3.10 6.58 12.13

All videos and motion sequences are sampled at 30 FPS for con-
sistency. The physical model parameters (e.g., masses, joint torque
limits, friction coefficients) all follow the settings in PHC [Luo et al.
2023].

We parallelize training with 1,536 environments to improve sam-
ple efficiency. The main policy network is implemented as an MLP
with hidden layer dimensions of [2048, 1536, 1024, 1024, 512, 512]
and SiLU as the activation function. Reinforcement learning is con-
ducted with Proximal Policy Optimization (PPO), using a clip coef-
ficient of 0.2. PHC+[Luo et al. 2024b] is used as the teacher policy.
The distillation loss is jointly optimized with the PPO objective. We
apply gradient clipping with a threshold of 50 to ensure stability.
Early termination is enabled to reduce ineffective exploration on
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failed episodes and accelerate convergence. The model typically
converges after approximately three days of training.

The current pipeline depends on the pretrained GVHMR image
encoder, which is not real-time, and therefore the entire system
operates offline. Extending this framework with causal attention
and efficient encoders could make online deployment feasible in
future work.

Our approach does not rely on explicit shape information. We
estimate the human shape parameters of the SMPL model with
an off-the-shelf tool and compute the scale difference relative to a
zero-shape SMPL model. This scales the simulation space to match
real-world units, such that the humanoid retains canonical zero-
shape.
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5.2 Datasets

We utilize Human3.6M [Ionescu et al. 2014], AIST++ [Li et al. 2021],
EMDB2 [Kaufmann et al. 2023], and AMASS [Mahmood et al. 2019]
for our experiments. Human3.6M contains 3.6M 3D human poses
from 11 actors across 4 viewpoints, with accurate 3D keypoints but
no SMPL ground truth. We exclude sequences involving chairs to
avoid simulator inconsistencies. SMPL parameters are estimated via
GVHMR and refined using LBFGS by aligning SMPL joints with the
3D keypoints. Note that since the full Human3.6M dataset is used
in training of both TRAM and GVHMR, we only use it to conduct
ablation studies. We use a zero-shape SMPL model and introduce an
additional scale parameter to account for individual body propor-
tions 5.1. AIST++ provides 1,408 dance sequences from 30 subjects
across 9 views, featuring dynamic and diverse movements that are
challenging for physics-based motion learning. AIST++ provides
only a scale parameter without explicit shape information. AMASS
is a large-scale, image-free motion capture dataset. EMDB2 con-
tains long-range, moving-camera sequences. We remove sequences
like skateboarding and stair climbing that are incompatible with
simulation. We train PhysHMR on the combined training splits of
Human3.6M, AIST++, and AMASS (image-free). Only AMASS is
used for the AMP reward. EMDB2 is used for evaluation only.

5.3 Metrics

To evaluate the accuracy and physical plausibility of the recon-
structed motion, we use the following metrics: (1) MPJ (Mean Per
Joint Position Error, MPJPE, mm): Measures the average Euclidean
distance between predicted and ground-truth 3D joint positions af-
ter aligning the root joint. (2) WA (World-aware MPJPE, WA-MPJPE,
mm): Similar to MPJPE, but computed in the global coordinate sys-
tem, capturing errors in both pose and global translation. (3) PA
(Procrustes Aligned MPJPE, PA-MPJPE, mm): Computes MPJPE af-
ter applying rigid alignment (scale, rotation, translation) to isolate
pose errors independent of global position. (4) VEL (Velocity Er-
ror, mm/s) and (5) ACC (Acceleration Error, mm/s?): Measure the
temporal consistency of joint movement across frames.

To assess physical realism, we introduce a new metric: (6) HV
(Foot Height Variance, mm): In every frame, we record the vertical
position of the lowest foot joint. We select the lowest 25 % across
all frames and compute their variance; smaller HV indicates more
stable, physically realistic contact. This kinematic proxy evaluates
contact consistency without requiring an explicit ground plane.
Additionally, we use (7) FS (Foot Sliding, mm) to measure undesired
foot movement when the foot is expected to be in contact with the
ground. Together, these metrics provide a comprehensive evaluation
of both motion accuracy and physical plausibility.

Physics-based methods are less stable than kinematic ones: once
a failure occurs, the humanoid usually falls and remains collapsed,
causing large errors to dominate the averages. To mitigate this, we
split all test sequences into 100-frame clips and evaluate them indi-
vidually. This protocol, also common in kinematics-based methods,
ensures fairness. Following PHC+, we compute metrics only on suc-
cessful clips (discarding those with PA-MPJPE > 100), which avoids
excessive sequence removal while keeping the results representa-
tive.

5.4 Comparisons

We compare our method with both kinematic and physics-based
state-of-the-art approaches. Kinematic methods, TRAM [Wang et al.
2024a] and GVHMR [Shen et al. 2024], estimate human motion
from videos without enforcing physical constraints. In contrast,
PhysPT [Zhang et al. 2024b] introduces a physics-based approach
by first estimating SMPL parameters using CLIFF [Li et al. 2022b]
and then refining the motion with a transformer-based model to
improve physical plausibility. We also provide results for GVHMR X
PhysPT and TRAM X PhysPT, where the SMPL estimation backbone
of PhysPT is replaced with TRAM and GVHMR, respectively, to
ensure a fair comparison. Additionally, we evaluate tracking-based
methods, TRAM x PHC+ and GVHMR x PHC+, where the tracking
policy PHC+ [Luo et al. 2024b] is applied to track the outputs of
TRAM and GVHMR, respectively, providing a direct comparison
between motion reconstruction via traditional tracking policies and
our visual-to-action policy.

For fair comparison, all baselines rely on global human trajecto-
ries: GVHMR and TRAM each estimate their own, and variants (e.g.,
GVHMR x PHC+, TRAM x PHC+) follow them. Our method instead
leverages the camera trajectory and 2D keypoints to form the pixel-
as-ray input. Since TRAM estimates extrinsics while GVHMR does
not, we use TRAM’s camera trajectory, rigidly aligned to GVHMR’s
first-frame coordinates, to provide consistent camera input.

We use the GVHMR encoder for image features, ensuring fairness
on the vision side. For physics, policies trained on high-dynamic
datasets (e.g., AIST++) are overly sensitive to noisy estimates, so we
adopt PHC+ as the tracker baseline.

5.4.1 Quantitative Results. As shown in Tab. 1, kinematic-based
methods generally achieve lower errors on MPJPE, PA-MPJPE, and
WA-MPJPE, as they are directly optimized to minimize 3D keypoint
discrepancies and ignore physical constraints. In contrast, physics-
based approaches trade off keypoint accuracy for physical plausibil-
ity. For example, PhysPT, TRAM X PhysPT, and GVHMR x PhysPT
all achieve better physical metrics due to PhysPT’s physics-aware
design. However, its global trajectory relies on foot-ground contact
prediction, which can be inaccurate and result in high WA-MPJPE,
especially for long-range motions in EMDB2.

Traditional tracking-based methods, TRAM x PHC+ and GVHMR
X PHC+, exhibit stable performance when the kinematic estimates
are accurate, but their quality degrades severely when those esti-
mates are poor, as seen on AIST++, where the challenging motions
lead to high PA-MPJPE. Moreover, such methods fails to capitalize
on physical simulation, with subpar FS and HV scores. This is due to
excessive movements of the limbs during balance recovery, which
degrades physical metrics.

In contrast, our method achieves state-of-the-art performance on
FS and HV, demonstrating superior physical realism. It also remains
competitive across MPJPE metrics. By learning policies directly from
visual features, our approach can produce 3D human motion that is
both physically plausible and visually aligned with the input video.

5.4.2  User Study. To further evaluate perceptual quality beyond

quantitative error metrics, we conducted a user study comparing
PhysHMR against PhysPT and GVHMR x PHC+. Participants (26 in
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total) were presented with 5 groups of side-by-side videos and asked
to select the result they perceived as more visually aligned with the
input video and physically plausible. Overall, 66.3% of participants
preferred PhysHMR, compared to 19.9% for PhysPT and 13.8% for
GVHMR x PHC+ (see Table 2), indicating that our method not only
improves numerical accuracy but also provides higher perceptual
fidelity.

Table 2. User study preference results. Values indicate the percentage of
times each method was preferred.

Method PhysHMR PhysPT GVHMR x PHC+
Preference (%) 66.3 19.9 13.8

5.5 Ablation Study

We conduct ablation experiments on H36M to validate the effective-
ness of our proposed pixel-as-ray formulation and the combined
training strategy based on distillation and reinforcement learning.
Effect of Pixel-as-Ray. Table 3 evaluates the impact of different
global instruction strategies. Removing the global instruction en-
tirely (ImgFeat) yields good PA-MPJPE and MPJPE, but significantly
worse WA-MPJPE, indicating that the humanoid mimics local mo-
tions well but fails to track global trajectories. Replacing pixel-as-ray
with global supervision from explicit root-relative displacements
estimated with GVHMR (+ 3D root) results in degraded performance
across all metrics, as errors in root estimation introduce mislead-
ing guidance that conflicts with local motion. In contrast, using 2D
keypoints via pixel-as-ray (+ pixelray) provides more robust and
relaxed global instruction, achieving comparable PA-MPJPE to the
no-global setting while substantially improving WA-MPJPE.
Effect of Distillation. Table 4 and Figure 4 compare different
training strategies. We also report success rates, defined as the
percentage of sequences where PA-MPJPE remains below 50 mm
for all frames. Combining PPO with distillation achieves the highest
success rate, showing that PPO substantially improves long-term
stability. Using PPO Only leads to slow convergence and suboptimal
final performance. The distillation-only setting enables faster early-
stage learning but lacks exploration, resulting in limited reward
improvements. Note that in the Distillation Only setting, the reward
is computed only for evaluation and not used during training. Our
joint training strategy combines the strengths of both: it accelerates
convergence and achieves higher final rewards, while also delivering
better generalization on test sequences.

6 Conclusion

We presented PhysHMR, a unified framework for reconstructing
physically plausible human motion from monocular videos by di-
rectly mapping visual inputs to humanoid control actions. Unlike
prior methods, PhysHMR learns a visual-to-action policy that inte-
grates physical dynamics during inference. To improve efficiency
and robustness, we introduce motion distillation from a mocap-
trained expert and a novel pixel-as-ray strategy that provides soft
global guidance without relying on noisy 3D root predictions.
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Table 3. Ablation on global instruction strategies.

Obs. Type PA|l WA| MPJ|
ImgFeat 35.85 142.17 47.78
+ 3D root 38.70  195.59  65.03

+ pixelray (Ours) 36.05 112.60 47.01

Table 4. Comparison of policy learning strategies. Combining reinforcement
learning (PPO) and distillation yields the best performance.

Strategy PAl WA] MPJ| SR?7T

PPO Only 42.18 11733 58.25 65.5%
Distill. Only 39.62 114.69 5241 72.0%
PPO + Distill. 36.05 112.60 47.01 88.4%

= PPO Only
Distillation Only
—— PPO + Distillation

2001

150

100 +

Mean Reward

50

steps (x103)

0 T T T T T
0 20 40 60 80 100

Fig. 4. Mean reward curves during training. PPO Only converges slowly
and underperforms. Distillation Only converges quickly but plateaus early.
Our approach (PPO + Distillation) achieves both faster convergence and
higher final rewards.

Limitation and Future Work. While PhysHMR generates high-
fidelity motion, a real-to-sim gap persists due to differences in body
mechanics and contact properties, which can sometimes lead to
visible artifacts. Future work will incorporate personalized physi-
cal parameters to better reflect real-world dynamics. Additionally,
motion reconstruction from a single monocular video is undercon-
strained due to ambiguity and occlusion; using a conditional gen-
erative model instead of a deterministic policy may better capture
diverse and physically plausible motions. Our current framework
does not explicitly support human-scene interactions (e.g., sitting
or leaning against surfaces), which we plan to address through envi-
ronment reconstruction and interaction-aware control in our future
works.
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A About camera-to-world Transformation

The key to linking the simulated world with the image domain is
the T¢2" transformation. There are multiple ways to compute it,
and our method does not depend on a specific solution.

In the EMDB2 experiments, we combine TRAM and GVHMR.
TRAM provides accurate SLAM-based camera trajectories, but its
result may differ from the global frame by a rigid transformation.
GVHMR, on the other hand, does not model the camera explicitly
but produces outputs in gravity-aligned space, where the gravity
direction is downward.

For moving camera, we ignore translation and compute a global
rotation by aligning the joint positions of GVHMR and TRAM (e.g.,
using Procrustes alignment). Once the rotation is known, we deter-
mine the translation by aligning the first-frame SMPL root position.
We define the floor based on the foot position of the GVHMR result
in the first frame, which is also used to initialize the humanoid in
the simulator, similar to the PHC series. Small alignment errors
are acceptable in practice. While the estimated ground height may
contain small errors, it is acceptable in practice.

For static cameras, the process is simpler: we directly align the
GVHMR first-frame gravity space result with the camera space.

B Dealing with Shape Variance

In practice, the shape of a real human SMPL model can be approx-
imated as a scaled version of the zero-shape SMPL. However, the
humanoid used in the simulator always follows the zero-shape size.
To resolve this mismatch, we apply a scale correction to the trans-
formation:

1

scale

Te2w _ 2w
T =T;""-

C Reward Definition

Following PHC+, we use a SMPL-based humanoid agent, which con-
sists of 24 rigid bodies, 23 of which are actuated. The proprioceptive
state s¥ is defined as:

Sf = (¥, pr, Vs, 1) (7)
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where r;, p;, v;, and w; are the simulated joint rotations, positions,
velocities, and angular velocities, respectively. The reference state
0, is defined as:

0 := (Fra1 © 1t Pra1 — Prs Op41 — 01, Dp41 — Op, Frat, Pra1)  (8)
where © denotes rotation difference. 711, pr+1, 0¢+1, and @;4q repre-

sent the reference joint rotations, positions, velocities, and angular
velocities, respectively. The imitation reward Rpqs. is defined as:

Rpose = wpe—/\pﬂpt—j?tﬂ + Wre—/\rHVt—rtH

©)

+er—lu llor=aell Wwe_l“’ llws=aell

where wy.}, A{.} denote the corresponding weights. We utilize the
same weight settings as PHC+.

To obtain the style reward, Rymp, we train a discriminator D (sf_ 10:)
jointly with the policy network to distinguish real motion sequences
from those generated by the policy. The discriminator produces a
scalar value based on the proprioception of the humanoid, encour-
aging the generation of realistic, human-like motion aligned with
the motion prior.

D Test Data

We exclude AIST++ sequences with high heels and ballet shoes,
resulting in 326 videos from 4 camera views (totaling 1304 videos).
From EMDB2, we remove sequences involving skateboards or stairs,
which cannot be replicated in the simulator. The remaining se-
quences are:
P0_09, P2_19, P2_20, P2_24, P3_27, P3_28, P4_35,

P4_36, P4_37, P5_40, P7_55, P7_61, P8_65, P9_79, P9_80

In P2_24, we removed frames 16501800 due to a step-up motion.
The sequence was split into P2_24_0 and P2_24_1. For P4_36, we
removed the first 300 frames, and for P7_61, the first 600 frames
(sitting or lying).


https://arxiv.org/abs/2501.09782
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