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Fig. 1. Physics-based simulation and control of dynamic motor skills actuated by 284 to 346 musculotendon units. (Left to right) Musculoskeletal model with
multi-segment feet, two-toe feet, and prosthetic legs.

Many anatomical factors, such as bone geometry and muscle condition,
interact to affect human movements. This work aims to build a comprehen-
sive musculoskeletal model and its control system that reproduces realistic
human movements driven by muscle contraction dynamics. The variations
in the anatomic model generate a spectrum of human movements ranging
from typical to highly stylistic movements. To do so, we discuss scalable and
reliable simulation of anatomical features, robust control of under-actuated
dynamical systems based on deep reinforcement learning, and modeling of
pose-dependent joint limits. The key technical contribution is a scalable,
two-level imitation learning algorithm that can deal with a comprehensive
full-body musculoskeletal model with 346 muscles. We demonstrate the
predictive simulation of dynamic motor skills under anatomical conditions
including bone deformity, muscle weakness, contracture, and the use of
a prosthesis. We also simulate various pathological gaits and predictively
visualize how orthopedic surgeries improve post-operative gaits.
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1 INTRODUCTION
Human motion is affected by many anatomical factors such as the
geometry of bones, muscle conditions, fatigue, habits, and even emo-
tion. Small changes in anatomical conditions often alter the overall
motion and result in distinctive movement patterns of each indi-
vidual. The musculoskeleton of a human body is a highly-complex
dynamic system. The human body has over 600 muscles and the
half of them participate in joint movements. Muscle contraction
and relaxation are a dynamic process of activating and deactivating
tension-generating sites within muscle fibers. The brain sends exci-
tation signal through the nervous system to activate and deactivate
individual muscles and thus coordinates full-body movements.

This work aims to build a comprehensive musculoskeletal model
and its control system that reproduces realistic human movements
driven by muscle contraction dynamics. The variations in the model
generate a wide spectrum of human movements ranging from nor-
mal (or typical) movements to highly stylistic variants, even to
pathologic ones as well. The key technical challenges include accu-
rate and comprehensive musculoskeletal modeling, the scalable and
reliable simulation of anatomical features, and the robust control of
the under-actuated dynamical system. Our model includes most of
the skeletal muscles that serve for moving major joints. Our simula-
tion system reliably deals with muscle contraction dynamics and
joint range of motion (ROM) induced by background elasticity of
muscles. We also present a new control algorithm based on Deep
Reinforcement Learning (DRL).

Recently, DRL has shown its potentials for the control of physically-
simulated articulated figures. The control policy represented by
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deep neural networks has successfully reproduced highly-detailed
human movements including walking, running, cartwheel, and �ip-
ping [Peng et al. 2018a]. It has been reported that the performance
of DRL for continuous control depends on the choice of actuator
types [Peng and van de Panne 2017]. It works better when the con-
trol policy outputs Proportional-Derivative (PD) targets rather than
outputs joint torques directly. Policy learning becomes even more
challenging if we are to learn a policy that generates activation
levels of musculotendon actuators. There are successful cases of
learning to run with a simple musculoskeletal model with merely
18 muscles [Kidzi«ski et al. 2018]. However, its generalization to
deal with a comprehensive 3D model has not been reported yet. In
this work, we present a new two-level algorithm equipped with a
hierarchical structure of policy networks. The skeleton layers learn
the kinematics and dynamics of articulated skeletal motion at low
frame rates, while the musculature layers learn muscle activations
at higher frame rates. Our two-level algorithm is scalable to deal
with the full-body musculoskeletal model with 346 muscles. We
will demonstrate the e�ectiveness of our algorithm with various
examples:

� Our simulation and control algorithm predicts how anatomi-
cal symptoms, such as bone deformity and contracture, a�ect
full-body movements. Based on this capability, we will demon-
strate stylistic, anatomic variations of human movements,
including highly dynamic motor skills.

� We can predict and evaluate the e�ectiveness of prostheses
by simulating their dynamic models with our musculoskeletal
model. We experiment with both transtibial and transfemoral
prostheses. Walking, running, and dancing with a prosthetic
leg will be demonstrated.

� We also simulate and visualize various pathologic gaits and
how orthopedic surgeries improve the gaits. Pre-operative
gaits are constructed by providing anatomic conditions. We
simulate muscle transplant and osteotomy (bone-editing)
surgeries on our musculoskeletal model to predictively simu-
late post-operative gaits.

2 RELATED WORK

2.1 Musculoskeletal Modeling and Simulation
The simulation of musculoskeletal systems has been studied for
several decades [Thelen et al. 2003; Zajac 1989]. Ever since prototype
systems have been built and released [Damsgaard et al. 2006; Delp
et al. 2007; Lloyd et al. 2012], muscle-based modeling and simulation
have gained a lot of attention in both Biomechanics and Computer
Graphics.

There have been a series of studies for modeling and simulation of
speci�c body parts. Modeling the muscles at the neck and the head
produces complex cervical activities [Lee and Terzopoulos 2006] and
facial animation [Sifakis et al. 2005]. Modeling muscle fatigueness
in lower body generates physiologically retargeted motions [Ko-
mura et al. 2000]. Pai and his colleagues explored the simulation of
hand manipulation, including musculotendinous simulation with
sliding constraints [Sueda et al. 2008] and Eulerian-on-Lagrangian
simulation of constrained strands [Sachdeva et al. 2015].

Comprehensive biomechanical models of the human upper-body
equipped with Hill-type actuators have been built and demon-
strated [Lee et al. 2009]. Lee et al. [2018b] incorporated the simula-
tion of elastic, volume-preserving materials into muscle modeling
and demonstrated the control of dexterous manipulation skills actu-
ated by volumetric muscles. Nakada et al. [2018] modeled human
sensorimotor control using deep neural networks, which emulate
neural pathways from visual perception to the activation of motor
units.

There have been stream of research exploiting the kinematics
and geometry of anatomical models. Saito et al. [2015] generated
variations of human body shapes by simulating hypertrophy and
atrophy of skeletal muscles. Multiple full-body 3D scans in various
poses and a reference anatomical model can produce a personal-
ized model [Kadle£ek et al. 2016]. A volumetric human body model
learned from a collection of full-body 3D scans was able to pro-
duce realistic soft-tissue deformation in response to novel motions
and external forces [Kim et al. 2017]. Akhter and Black [2015] col-
lected a motion capture dataset that includes a variety of stretching
poses and learned a pose-dependent model of joint limits. Jiang
and Liu [2018] used the same dataset to learn a joint limit model
represented by a fully-connected neural network.

2.2 Motion Control and DRL
Locomotion control of an under-actuated biped has been a long-
standing research topic in Computer Graphics, Robotics, and Biome-
chanics. Rule-based [Yin et al. 2007], learning-based [Sok et al.
2007], data-driven [Lee et al. 2010], and optimization-based [Han
et al. 2014] approaches have been explored to generate dynamically-
stable, torque-driven locomotion imitating realistic human move-
ments.

Muscle-driven locomotion control emerged with the help of sto-
chastic optimization methods, such as CMA-ES (Covariant Matrix
Adaptation Evolutionary Strategy). Wang et al. [2012] designed
a lower-body model with eight musculotendon units in each leg,
which generate torques only in the sagittal plane. They parameter-
ized muscle control with hand-crafted feedback rules and optimized
the control parameters using CMA-ES. Geijtenbeek et al. [2013]
applied muscle-driven control to a variety of character morpholo-
gies. To do so, they optimized both the control parameters and
muscle routing simultaneously to cope with varied morphologies.
Lee et al. [2014] designed a comprehensive model with more than
100 musculotendon units. CMA-ES also played an important role
of optimizing trajectories on top of low-level muscle control, for
which Quadratic Programming (QP) e�ectively handled many ac-
tuated degrees of freedom. They also evaluated the robustness of
the optimized controller against external pushes and found that the
controller responds similarly to how humans respond to unexpected
pushes. [Lee et al. 2015].

In 2007, the biped models had less than 10 actuated degrees of
freedom (DOFs) [Sok et al. 2007; Yin et al. 2007]. The DOFs of the
dynamic models increased more than tenfold by 2014 [Lee et al.
2014]. This trend still continues with the recent addition of deep
network models [Nakada et al. 2018] and volumetric muscle mod-
eling [Lee et al. 2018b]. The scalability of stochastic optimization
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