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Abstract

The computational cost of biomechanically accurate simu-
lation and the scarcity of validated, open full-body models
hinders learning policies for muscle-driven musculoskeletal
models. We present MuscleMimic, an open-source frame-
work for scalable motion imitation learning with physiologi-
cally realistic, muscle-actuated humanoids. MuscleMimic
provides two validated musculoskeletal models, a fixed-root
upper-body model (126 muscles) for bimanual manipulation
and a full-body model (416 muscles) for locomotion, together
with a retargeting pipeline that maps SMPL-format motion
capture data onto musculoskeletal structures while preserv-
ing kinematic and dynamic consistency. Leveraging mas-
sively parallel GPU simulation, the framework achieves one
order-of-magnitude training speedups over prior CPU-based
approaches, enabling a single generalist policy to be trained
on hundreds of diverse motions within days. Biomechanical
validation against experimental data demonstrates strong
kinematic agreement for walking (r=0.90) and running
(r=0.79), while muscle activation analysis reveals both the
promise and fundamental challenges of achieving physiologi-
cal fidelity through kinematic imitation. Code, musculoskele-
tal models, policy checkpoints, and retargeted datasets are
available at https://github.com/amathislab/musclemimic.

1. Introduction
Perceiving and understanding human motion from visual
data is a cornerstone of computer vision. The past decade
has seen tremendous progress in 3D human pose estimation,
transitioning from sparse 2D eypoints to dense 3D surface
meshes driven by parametric models like SMPL [14]. This
progress has yielded large-scale kinematic datasets such as
AMASS [16], which capture a vast repertoire of human be-
haviors. However, visual kinematics alone are insufficient
for a physical understanding of movement: they ignore mass,
inertia, ground reaction forces, and internal actuation, fre-
quently resulting in physically implausible artifacts such as
foot sliding, ground penetration, and dynamically impossible

accelerations.
To bridge the gap between visual perception and physi-

cal embodiment, many recent works leverage reinforcement
learning to imitate visual reference motions [15, 17, 24]. Yet
these physics-based approaches typically rely on simplified
torque-driven models, circumventing the human neuromo-
tor system. If Embodied AI is to move beyond superficial
motion synthesis toward a true physical understanding, we
must transition to anatomically grounded musculoskeletal
(MSK) models [3, 11]. However, simulating complex muscle
pathways and collision dynamics on traditional CPU-bound
engines is exceptionally slow, confining MSK motor learning
to narrow movement repertoires [5, 6, 8, 13, 19, 21].

We present MuscleMimic, an open-source framework
that bridges the scale of computer vision motion data with
the fidelity of biomechanical simulation. Our contributions
are: (1) Two highly detailed MSK models (hereafter inter-
changably referred to as embodiments): a bimanual upper-
body model (126 muscles) and a full-body model (416 mus-
cles); (2) A retargeting pipeline that maps standard SMPL-
format motion capture data, the dominant representation
in computer vision and computer graphics, into physically
viable MSK trajectories, enabling direct use of existing
datasets like AMASS; and (3) A massively parallel train-
ing environment that achieves 1.4×104 steps/sec on a single
GPU, fueling a single generalist policy to be trained on hun-
dreds of diverse motions within hours rather than days.

2. Method

2.1. Musculoskeletal Models
MuscleMimic provides two complementary musculoskele-
tal embodiments (Table 1), both built upon established
MyoSuite components [4]. Muscle actuators follow the
Hill-type model [10] with first-order nonlinear activation
dynamics, where control signals are transformed through
state-dependent time constants (τact=0.01s, τdeact=0.04s).
Both models enforce bilateral symmetry in joint constraints,
muscle moment arms, and force–length curves.

BimanualMuscle is designed for upper-body manipula-
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Table 1. Overview of the two musculoskeletal embodiments. ∗:
finger muscles disabled.

Model Type Joints Muscles DoFs Focus

BimanualMuscle Fixed-base 76 (36∗) 126 (64∗) 54 (14∗) Upper body
MyoFullBody Free-root 123 (83∗) 416 (354∗) 72 (32∗) Full body
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Figure 1. The 17 mimic sites used for full-body motion imitation,
with corresponding anatomical landmarks. For BimanualMuscle, a
subset of 7 upper-limb sites is used.

tion with a fixed thorax, 126 Hill-type muscle actuators with
bilateral symmetry, and 7 mimic sites for motion tracking.
MyoFullBody provides a complete full-body system with
123 joints from pelvis to fingertips, 416 muscles, 17 mimic
sites at key anatomical landmarks (Fig. 1), and comprehen-
sive collision detection supporting both self-collision and
environment contact.

2.2. SMPL-to-MSK Retargeting Pipeline
A key contribution is our retargeting pipeline that bridges
SMPL-format motion data, the standard in computer vision,
with biomechanically constrained musculoskeletal simula-
tion, enabling large-scale training on existing motion datasets
like AMASS [16].

The pipeline (Fig. 2) consists of three stages. Pre-
processing: AMASS motion sequences, parameterized by
SMPL shape (β) and pose parameters, undergo shape fitting
in a T-pose to estimate body proportions, a global scale s, and
joint-wise offsets (∆p,∆R) that map SMPL morphology
to the MSK model. Inverse kinematics: Scaled motions are
retargeted via two complementary methods: Mocap-Body,
using MuJoCo’s internal IK, and GMR-Fit [2], which en-
forces model-defined joint constraints and reduces posture
jumps between frames. Post-processing: Retargeted tra-
jectories are interpolated to 100 Hz control frequency and

corrected for ground penetration and floating artifacts.
GMR-Fit achieves substantially lower joint-limit viola-

tions (0.27% vs. 12.26%) and tendon jump rates (3.2%
vs. 30.1%) compared to Mocap-Body on the KINESIS
dataset [20], while Mocap-Body is ∼3× faster. In practice,
we use GMR-Fit due to its superior kinematic fidelity.

3. Results
3.1. Training Efficiency
Training muscle-actuated MSK models has traditionally
been hampered by simulation cost. Our pipeline uses Mu-
JoCo Warp [7] for massively parallel GPU simulation with
comprehensive contact handling, coupled with a JAX-based
training framework extending LocoMuJoCo [1] for end-to-
end learning on a single GPU.

We benchmark end-to-end training throughput for My-
oFullBody with a 100M-parameter policy on a single
NVIDIA H100 80GB GPU (Fig. 3). We observe that training
steps per second (SPS) increase from 174 SPS at n=16 to
1.4×104 SPS at n=8,192 parallel environments. One billion
environment steps complete in ∼20 hours on a single GPU.
For reference, KINESIS [20] required ∼10 days on 128 CPU
cores with an A100 GPU for a 290-actuator model; while
the embodiments and hardware differ, our 416-actuator My-
oFullBody model trained to convergence in under 3 days on
a single GPU.

3.2. Motion Imitation
Qualitative results. By imitating human motion capture
data, our generalist policy acquired diverse motor skills
while controlling over 400 independent muscle actuators.
The MyoFullBody model produced diverse locomotion skills
including walking, running, turning, and dancing (Fig. 4).
The BimanualMuscle model reproduced a broad range of
upper-body movements spanning sports, object interactions,
and daily activities. Beyond the generalist policy, Muscle-
Mimic supports fine-tuning: gentle motions such as dancing
require <100M steps, while complex dynamics like vertical
jumping and kick-twists require ∼1B steps.

Quantitative results. We evaluated both embodiments on
training and test sets using pretrained checkpoints with three
seeds (Table 2). A motion is considered successful if the
agent completes it without early termination, which is trig-
gered when the mean mimic site deviation relative to the
root exceeds 0.5m (MyoFullBody, 17 sites) or 0.25m (Bi-
manualMuscle, 6 sites). MyoFullBody achieved 95.5±0.4%
success rate on 972 training motions and 92.6±0.0% on 108
held-out test motions, with a mean joint angle error of 6.63◦

and relative site position error of 2.26 cm. BimanualMuscle
achieved even higher performance (>98% success) on its
1770-motion training set.
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Figure 2. Overview of the SMPL-to-MSK retargeting pipeline. Human motion in SMPL format is shape-fitted, retargeted via inverse
kinematics (Mocap-Body or GMR-Fit), and post-processed to correct artifacts, producing biomechanically valid reference trajectories.
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Figure 3. End-to-end training throughput (steps/sec) for MyoFull-
Body with a 100M-parameter policy as the number of parallel
environments scales from 16 to 8192 on a single H100 GPU.

Table 2. Key validation metrics for both embodiments (GMR-Fit
retargeting, N=3 seeds). Full results include 972/108 training/test
motions for MyoFullBody and 1770/312 for BimanualMuscle.

Metric
MyoFullBody BimanualMuscle

Train Test Train Test

Success rate (%) ↑ 95.5±0.4 92.6±0.0 98.6±0.0 99.5±0.0
Joint angle err (◦) ↓ 6.67±0.00 6.63±0.01 6.19±0.01 6.09±0.02
Rel. site err (cm) ↓ 2.26±0.00 2.28±0.02 1.90±0.01 1.84±0.01

4. Biomechanical Validation

To verify biomechanical fidelity beyond training metrics, we
evaluated against independent experimental data on joint
kinematics, ground reaction forces (GRF), and electromyo-
graphy (EMG) [9, 18] for two datasets [12, 23]. Our vali-
dation focused on the canonical features of the gait cycle
[22] rather than trial-specific trajectory tracking to ensure

our policy captures the fundamental physiological principles
of human locomotion.

Kinematics and kinetics. We evaluated the pretrained
MyoFullBody policy on five AMASS walking sequences,
comparing against treadmill walking at 1.2m/s [23] and level
walking [12], both averaged across nine participants. Signals
were aligned by GRF onset and normalized to a single gait
cycle. As shown in Fig. 5, simulated joint kinematics achieve
mean correlations of r=0.9 (treadmill & level walking) with
experimental data, demonstrating accurate reproduction of
the stereotyped hip–knee–ankle coordination pattern and
the characteristic double-peaked GRF profile. For running
at 1.8m/s, the model achieved r=0.79, capturing the key
differences from walking, including the single-peaked GRF
and pronounced swing-phase knee flexion.

Muscle activation analysis. We compared synthetic mus-
cle activations with EMG recordings during walking [12, 23]
(Fig. 6). A central finding was that strong kinematic imitation
does not automatically guarantee physiologically faithful
muscle activations. Across independently trained policies,
the observed muscle–EMG correlations span 0.2 to 0.6; this
range reflects variability across muscles and across training
runs with different random seeds and different reward trade-
offs between kinematic tracking and energy regularization.
Under a similar motion imitation formulation, KINESIS re-
ported correlations of approximately 0 to 0.45 and shows
that non-imitation baselines yield substantially weaker EMG
alignment than imitation-based controllers [20], while our
kinematic tracking error is lower. Repeated experiments
reliably produce positive correlations, but the specific mag-
nitude varied substantially across policies and muscles. This



Figure 4. Motion snapshots from trained MyoFullBody policies.
Top to bottom: walking, running, turning, dancing, vertical jump-
ing, and kick with 360◦ twist.

Figure 5. Left lower-limb joint kinematics over a walking gait
cycle, comparing experimental human data (treadmill [23] and level
walking [12]) with MyoFullBody simulation. Mean correlations:
r=0.9 (treadmill & level walking). Shaded areas represent ±1
standard deviation across all trials.

variability is a principled consequence of muscle redundancy:
many distinct coordination strategies can produce mechani-
cally equivalent joint kinematics, and a controller optimized

Figure 6. Physiological plausibility of synthetic muscle activations
during walking. Left: average muscle–EMG correlation vs. lower-
limb MPJAE; triangles denote human-to-human pairs, dots denote
model-to-human pairs. Right: gait-cycle-averaged activation pat-
terns and per-muscle correlation values.

for kinematic accuracy has no incentive to converge on the
particular strategy employed by human subjects.

5. Discussion and Conclusion
We introduced MuscleMimic, which enables scalable motion
imitation learning with two novel physiologically realistic
musculoskeletal models. By leveraging GPU-accelerated
simulation with massive parallelism, we achieve improve-
ments in training speed while maintaining comprehensive
collision handling.

While our framework demonstrates promising alignment
with experimental kinematic data, musculoskeletal models
remain approximations of biological reality. The Hill-type
muscle model simplifies tendon elasticity and fiber recruit-
ment. Muscle redundancy remains a fundamental challenge:
kinematic accuracy alone does not ensure physiologically
faithful activations. SMPL-based retargeting assumes a
generic morphology, potentially introducing systematic bi-
ases for atypical anthropometrics. Our biomechanical vali-
dation currently focuses on walking and running; extending
to the full range of demonstrated motions (dancing, jumping,
kick-twists) requires corresponding experimental datasets.

By open-sourcing all code, models, checkpoints, and the
retargeted AMASS dataset, we hope to enable the research
community to build on these models and to foster collabo-
ration at the intersection of computer vision, biomechanics
and neuroscience.
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