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Fig. 1. Our predict-and-simulate policy creates an agile, interactively-controllable, physically-simulated character equipped with various motor skills learned
from unorganized motion data.

The goal of this research is to create physically simulated biped characters
equipped with a rich repertoire of motor skills. The user can control the
characters interactively by modulating their control objectives. The charac-
ters can interact physically with each other and with the environment. We
present a novel network-based algorithm that learns control policies from
unorganized, minimally-labeled human motion data. The network architec-
ture for interactive character animation incorporates an RNN-based motion
generator into a DRL-based controller for physics simulation and control.
The motion generator guides forward dynamics simulation by feeding a
sequence of future motion frames to track. The rich future prediction facili-
tates policy learning from large training data sets. We will demonstrate the
effectiveness of our approach with biped characters that learn a variety of
dynamic motor skills from large, unorganized data and react to unexpected
perturbation beyond the scope of the training data.
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1 INTRODUCTION
Creating a virtual character from a collection of human motion
data has been a long-standing problem in computer graphics. The
motion data set serves as a source of plausible actions and behavioral
patterns available to the character. It is challenging to understand
what actions are available from unorganized motion data sets, how
the actions generalize, and how to generate a sequence of plausible
actions to animate a virtual character. The problem becomes even
more challenging if wewant the character to be physically simulated
and interactively controlled to perform task-driven actions while
maintaining its balance under gravity.

The recent advancement of Deep Reinforcement Learning (DRL)
has made drastic improvements in physically based biped control. It
has been demonstrated that the control policy of an under-actuated
dynamics system can be effectively learned and compactly repre-
sented by deep networks. DRL approaches can be classified into
three categories. The first category includes uninformed DRL algo-
rithms that learn control policies from scratch without any example
or reference data [Heess et al. 2017]. The second category includes
imitation learning algorithms that take reference motion data as
input and control the character to mimic the reference data [Peng
et al. 2018]. The algorithms in the third category exploit a collection
of motion data to learn a diversity of human actions and transitions
between the actions in a single control policy. The algorithms in the
first category are ideal if reference data are unavailable. For example,
motion data are unavailable or difficult to acquire if the character
is non-anthropomorphic or imaginary. From the graphics point of
view, the best-looking results are often produced by imitation learn-
ing with a short clip of reference data. We are particularly interested
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in the third category, where the motion data set is unorganized,
unlabeled, and has rich variability in the action repertoire.
In this paper, we will present a novel network-based algorithm

that learns a multi-objective control policy from unorganized mo-
tion data, which may include various actions and styles driven by
different tasks or objectives. The character is equipped with a rich
repertoire of motor skills and physically simulated driven by the
control policy. The user can control the character interactively by
modulating control objectives (e.g., walk towards a target direc-
tion at a certain speed and move to a target location in a certain
time). The character is resilient against external perturbation and
can interact physically with the environment. This problem poses
several technical challenges. First, the system should be able to gen-
erate a conditioned sequence of human-like, physically-plausible
actions from unorganized, minimally-labeled motion data. Second,
the control policy should be learned from a large set of training data
that can accommodate rich variability in human motion. Lastly, the
character should be able to physically interact with the environment
and other characters. It is very difficult, if not impossible, to capture
all possible physical interactions between full-body characters in
the training data. So, the character has to learn how to react to
unexpected perturbation beyond the scope of the training data.

To address the issues, we present a novel architecture for interac-
tive character animation that incorporates an RNN-based motion
generator into a DRL-based controller for physics simulation and
control. The motion generator guides forward dynamics simula-
tion by feeding a sequence of future motion frames and also learns
physical plausibility from forward dynamics simulation and the
control policy. The rich future prediction facilitates policy learning
from large training data sets. We will demonstrate that our predict-
and-simulate framework makes it possible to learn robust control
policies from large, unorganized training data.

2 RELATED WORK

2.1 Data-Driven Animation
Creating an interactively-controllable character from a collection
of unorganized motion capture data has been a fundamental goal
of data-driven animation. A classical approach constructs a mo-
tion graph from the data set [Lee et al. 2002]. The motion graph
includes a collection of short motion segments connected to each
other. Given a user-specified control objective, state-space search
through the motion graph reshuffles motion segments and con-
sequently generates a novel sequence of motion. The concept of
reinforcement learning was introduced to the computer graphics
community by Lee et al.[2004] to pre-compute state-space search
on the motion graph and tabulate the resultant control policies for
interactive character animation. This approach has further been im-
proved by employing linear function approximators, which encodes
the control policies memory-efficiently [Treuille et al. 2007]. Motion
synthesis based on the motion graph is discrete and combinatorial
because short motion segments serve as basic building blocks in the
synthesis process. Alternatively, motion synthesis in continuous
space through low-dimensional embeddings of motion data has also
been explored by many researchers [Grochow et al. 2004; Lee et al.
2010b; Levine et al. 2012; Shin and Lee 2006]. In general, interactive

motion synthesis is a complex process that deals with both combina-
torial sequencing in discrete action space and their spatiotemporal
variations in continuous space [Hyun et al. 2016; Min and Chai 2012;
Won et al. 2017].

The advancement of deep learning impacted data-driven anima-
tion recently. Holden et al. [2016] stacked a deep feedforward neural
network on top of the trained autoencoder to animate the character
to walk along a curved trajectory and punch/kick at a target. In
their follow-up study, they built a Phase-Functioned Neural Network
to learn the motion repertoire of the character traversing uneven
terrain [Holden et al. 2017]. The Mode-Adaptive Neural Network by
Zhang et al. [2018] exploited a mixture of experts model to learn
quadruped locomotion using feedforward neural networks. Alter-
natively, there has been a stream of research that exploits recurrent
neural networks [Fragkiadaki et al. 2015; Ghosh et al. 2017; Har-
vey and Pal 2018; Zhou et al. 2018]. Lee et al. [2018b] constructed
an RNN-based framework for interactive character animation and
discussed the concept of multi-objective control. The feedforward
networks and recurrent networks are all learned in a supervised
manner. Since deep networks are adept at approximating the be-
havior of any complex function, it is known that the representation
power of deep networks can cope with both combinatorial and
continuous variations simultaneously from the training data.

2.2 Physically Based Animation
Designing a physics-based controller for biped locomotion has
long been a notoriously challenging problem for decades in com-
puter graphics and robotics. Early (before the advent of deep rein-
forcement learning) approaches made use of hand-craft feedback
rules [Ha et al. 2012; Yin et al. 2007], simplified dynamics models
(e.g., inverted pendulum [Kwon and Hodgins 2010; Tsai et al. 2010]
and pendulum-on-cart [Kwon and Hodgins 2017]), data-driven con-
trol with motion capture references [Lee et al. 2010a], stochastic
optimal control [Al Borno et al. 2013; Barbič et al. 2009; Ha and
Liu 2014; Liu et al. 2016, 2012; Mordatch et al. 2012; Tan et al. 2014;
Wang et al. 2010, 2012], and model predictive control [Hämäläinen
et al. 2015; Tassa et al. 2012, 2014]. Sok et al. [2007] learned biped
controllers from a small collection of motion capture data using
trajectory optimization and locally-weighted linear regression. A
similar local regression method was used to learn the flapping con-
troller from the motion capture of flying birds [Ju et al. 2013]. Since
the representation power of linear regression functions is limited,
the linear function can approximate only a small portion of the train-
ing data. This limitation can be overcome by using more powerful
regression functions, such as deep networks.
Deep reinforcement learning has been very successful in many

control problems [Bansal et al. 2017; Heess et al. 2017]. Peng et
al. [2017] built a hierarchical RL architecture that provides con-
trol over the character to meet user-specified goals. The high-level
controller generates footsteps to achieve the goals at coarse time-
scales, while the low-level controller directly actuates joints to move
the full-body and follow the footsteps at fine time-scales. In the
follow-up study [Peng et al. 2018], control policies are constructed
to imitate the dynamic behaviors captured in short motion clips. Liu
et al. [2017] used deep Q-learning to schedule control fragments.
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Each control fragment allows the character to perform a short motor
skill. They also constructed the control policy of basketball dribbling
skills using trajectory optimization and DRL [Liu and Hodgins 2018].
Flying creatures have also been simulated and controlled using DRL
algorithms that are enhanced by evolutionary exploration [Won
et al. 2017] and self-regulated learning [Won et al. 2018]. Genera-
tive Adversarial Imitation Learning (GAIL) [Ho and Ermon 2016;
Merel et al. 2017] is an alternative approach that learns an imita-
tion policy in a manner similar to Generative Adversarial Networks
(GAN) [Goodfellow et al. 2014]. A classifier is trained to discriminate
motion capture demonstrations from the imitation data, while the
imitation policy is given reward for fooling the discriminator. GAIL
approaches aim at constructing more robust controllers from fewer
demonstrations with exceptions [Wang et al. 2017], which aims at
learning diverse behaviors.

2.3 Combining Data-Driven and Physically Based
Animation

There have been continual efforts to combine the interactivity and
flexibility of data-driven animation with the responsiveness and
plausibility of physically based simulation and control. Data-driven
methods and physically based methods can interact with and rein-
force each other in several ways. The motion capture data are often
used to guide physics-based simulation [Chentanez et al. 2018; Lee
et al. 2019, 2010a; Merel et al. 2018; Peng et al. 2018]. Furthermore,
interactively controlling physics-based character in real-time is at-
tainable by combining a motion matching technique and DRL-based
control policy [Bergamin et al. 2019]. Conversely, physics laws allow
motion data to be manipulated and edited in a physically plausible
manner [Sok et al. 2010; Ye and Liu 2010]. The characters in data-
driven animation are often encumbered to stay on the course of
observed actions or their limited generalization. To alleviate this
limitation, the character can be allowed to deviate from the course
to react to external pushes by adapting the motion data [Zordan and
Hodgins 2002]. Alternatively, it is also possible to switch between
data-driven and physics simulation modes so that the character is
physically simulated between example motion data trajectories to
react to external hit and push [Zordan et al. 2007]. Whereas tran-
sitioning from data to simulation is straightforward, transitioning
back from simulation to data is a challenging problem that requires
searching through a database of motions. Our system also com-
bines data-driven modules (e.g., RNN-based motion generator) with
physics-based modules (e.g., DRL-based control policy). They con-
tinuously interact with each other to accentuate individual strengths
and address their limitations.

3 INTERACTIVE CHARACTER ANIMATION
We consider a humanoid character that takes a control command
from the user and makes a move by actuating its joints. The char-
acter is capable of performing various actions, and each individual
action may take different control objectives. We adopt the concept
of multi-objective control to formulate the framework of interac-
tive character control [Lee et al. 2018b]. The objective of control
is given as a tuple C = (α , {βi }) that includes an action label α ,
and a list of continuous control objectives {βi } chosen from many

possible ones, such as target direction, speed, position, timing, and
target height of COM (Center of Mass). The control objective has
either a maintenance goal or an achievement goal. For example,
commanding the character to walk continuously towards direction
v ∈ R2 at speed 0.3 meter/second is a maintenance goal described
by (Walk, {v, 0.3}). Commanding the character to punch at a target
p ∈ R2 in 2 seconds is an achievement goal (Punch, {p, 2}).

It is not necessary for the user to specify values for all control
objectives all the time. For example, the moving direction and the
speed are relevant parameters while the character is walking. If
the character falls over, the height of COM becomes a key control
objective that commands the character to stand up while the moving
direction and the speed become less relevant. The user can leave
irrelevant parameters unspecified.

Our system consists of two main components: The motion gener-
ator and the tracking controller (see Figure 2). The motion generator
is a discrete-time model that sequentially generates the kinematic
motion of the character conditioned by control objectives. Let st be
the current state of the character at time t . The motion generator is
a network-based recurrent model

(P̂t+1, Ĉt+1) = G
∗(st ,Ct ). (1)

Given a control objective Ct , the output of the motion generator
includes the prediction P̂ of the full-body poses of the character and
its location at forthcoming time steps, which serves as a reference
guide for physics-based simulation (see Figure 3). The prediction Ĉ

of control objectives is used to fill in unspecified control objectives
at the next time step. The tracking controller runs forward dynamics
simulation to produce the actual state at time t + 1 driven by the
control policy

st+1 = Simulation
(
st ,π (a|st , P̂t+1)

)
. (2)

The control policy learned through DRL generates appropriate ac-
tuation at the character’s joints to track the reference guide while
maintaining its balance under gravity. The trace of forward dy-
namics simulation is fed back into the motion generator for the
prediction of the next motion.
This architecture has technical advantages addressing the lim-

itations of data-driven and physically based animation. From the
viewpoint of data-driven animation, the robust control policy from
DRL allows the output of themotion generator to be fed into forward
dynamics simulation and thus the character can physically inter-
act with the environment. From the viewpoint of physically based
animation, the interactivity and controllability of data-driven ani-
mation allow us to have direct control over the action of physically-
simulated characters, which can be controlled with spatiotemporal
goals and continuous control objectives rather than simply con-
trolled to trace a pre-defined course of action. Physical interaction
and response allow the character to deviate from the scope of ac-
tion repertoires captured in the training data. The generalization
capability of data-driven modeling makes it possible for the char-
acter to come back to the regular routine of data-driven animation
after deviation. Consequently, we can have direct control over the
character against unexpected occurrences of physical events (e.g.,
falling down, tripping over, the response against push and hit) not
recorded in the training data.
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Fig. 2. System overview for interactive character animation. In the preprocessing phase (left in the figure), the system learns motion generator G and control
policy π from the training data, which are integrated into the system for runtime simulation (right in the figure).

Fig. 3. The state, the prediction and the control objective.

4 MOTION GENERATOR
Our motion generator is a recurrent model of human activities
learned from a collection of humanmotion data. Its key functionality
is to predict future motion given a control objective. The per-frame
generator G is defined by

(ŝt+1, Ĉt+1) = G(st ,Ct ), (3)

which takes the current state as input and outputs the prediction
for the next time step. The per-frame generator consists of multiple
layers of LSTM (Long Short-Term Memory) units with encoder
and decoder layers. The state includes the position and orientation
of the skeletal root, angles at all joints, 3D positions of all joints
and a binary vector encoding whether individual body parts, such
as forefeet and heels, are in contact with the ground surface. The
description of the state is redundant because it includes both joint
angles and joint positions simultaneously. This redundancy is useful
for data-driven learning of articulated figure motion as reported in
previous studies [Holden et al. 2017; Lee et al. 2018b; Zhang et al.
2018].
The motion generatorG∗ in equation (1) is defined by applying

the per-frame generator recursively to produce the prediction

P̂t+1 = (q̂t+τ1 , v̂t+τ1 , · · · , q̂t+τn , v̂t+τn ), (4)

where τi are temporal offsets, q̂t+τi are pose predictions, and v̂t+τi =
(q̂t+τi+1 − q̂t+τi )/∆t are velocity predictions, where ∆t is the time

step size (1/30 seconds). The pose and velocity predictions are de-
signed to match the dynamic state of the character. The first tempo-
ral offset is one time step ahead and the subsequent temporal offsets
are sampled sparser than the control frame rates.

4.1 Motion Data Processing
The per-frame generator is learned from training data sets that
can be as small as a few motion clips of less than ten seconds in
playtime and as large as several hours. We label the training data
sets with action types. A single motion frame may have multiple
action labels. Fortunately, our learning algorithm is not sensitive to
the exact boundary of labels, so the manual process is not laborious.
Foot-ground contacts can be detected and labeled automatically
from motion capture data to indicate when the right and left foot
touch the ground.
Training data sets often lack combinatorial variations (e.g., se-

quential transitions between actions) and spatiotemporal variations
(e.g., turning angles and walking speed). Rich combinatorial varia-
tions make the character more responsive, while rich spatiotemporal
variations allow the character to follow the commandmore precisely.
In order to enrich combinatorial variabilities, we first construct a
motion graph [Lee et al. 2002] from the training data and generate a
sequence of motions via a random walk through the graph. Random
walk reshuffles motion frames in the data set and thus generates
a large variety of sequential combinations of actions. We further
process the random data to enrich spatial and temporal variations
by using Laplacian editing [Kim et al. 2009]. Given a random se-
quence of motion, we divide it into segments of random lengths (2
to 5 seconds) and lengthens/shortens/bends the spatial trajectory of
each individual segments randomly within the range of its length
from 70% to 130% and its angle from −45◦ to 45◦. We concatenate
all modified segments back together to generate the augmented
training data, which is denoted by {mt }. mt is the full-body pose
of the character at frame t .

In our experiments, we generated a sufficiently large (ten minutes
to five hours) set of augmented data for each example depending on
the size of the original data set and the complexity of the tasks. The
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redundancy of the training data does not affect the performance
of network training because the learning process requires a lot of
iterations until it plateaus and will consume the data repeatedly if
the data set is small.

4.2 Generator Network Training
The per-frame generator is trained through supervised learning.
The motion capture data records what the subject performs, but
his/her intention is not recorded in the data set. Understanding the
intention of taking action is important because it clarifies whether
the action serves for achieving a particular control objective. The
subject might have a multitude of intentions while performing an
action. We infer control objectives at every frame of the motion
data as follows. LetC = (α , {βi }) be a template of control objectives
we want to infer from the data set. If action α has a maintenance
goal, for every motion frame mt with the action label, we assume
that the character at frame t has intention to perform the action
with parameters βi (e.g., average moving direction and average
speed) estimated in the interval [t + tmin, t + tmax]. If the action
α has an achievement goal, for every motion frame mt with the
action label, we assume that the character at frame t − τ , for τ < T ,
has the intention to perform the action in time τ at the position
and orientation indicated by mt . Here, T is the duration of time
the character looks ahead. In our experiments, we set tmin = 0.5s ,
tmax = 1.0s and T = 3.0s .

Given a sequence of states st and inferred intentions Ct in the
training data, supervised learning minimizes the loss function in-
cluding four terms.

E = w1Emotion +w2Eobjective +w3Econtact +w4Erigid. (5)

Emotion and Eobjective penalize the discrepancy between training
data and network outputs.

Emotion =
∑
t

∥st+1 − ŝt+1∥2,

Eobjective =
∑
t

∑
i

∥βit+1 − β̂it+1∥
2,

(6)

where (ŝt+1, Ĉt+1) = G(st ,Ct ) be the output of the network, Ct =
(αt , {β

i
t }) and Ĉt = (α̂t , {β̂

i
t }). The hat symbol indicates the quanti-

ties generated by the network. Econtact penalizes foot sliding.

Econtact =
∑
t

∑
k ∈Feet

ĉkt ĉ
k
t+1∥ĥ

k
t − ĥkt+1∥

2, (7)

where ĥk is the position of the k-th joint in the reference coordinate
system. Here, ĉkt = 1 if jointk is in contact with the ground surface at
time step t . Otherwise, ĉkt = 0. The condition ĉkt = ĉ

k
t+1 = 1 indicates

that the contact remains for the time step and thus the joint should
not slide. Erigid penalizes the lengthening and shortening of body
links.

Erigid =
∑
t

∑
(k,m)∈Links

(∥ĥkt − ĥmt ∥ − lkm )2, (8)

where joint k and jointm are adjacent to each other connected by a
rigid link and lkm is the length of the link. The distance between the
adjacent pair of joints should be preserved. In our experiments, we
setw1 = 1,w2 = 0.3,w3 = 6 andw4 = 0.01. Given the loss function,

the multi-layer encoder-LSTMs-decoder network is learned using
backpropagation through time and layers.
Our implementation of the motion generator is largely based

on the work of Lee et al. [2018b] with a key difference that our
motion generator takes dynamics states from the physics simulator
as input rather than feeding the output of the network directly into
the input for the next time step. This simple change allows a lot of
flexibility in network learning and applications. Most importantly,
this setup allows the motion generator to deviate from the training
data, react to external perturbation, and physically interact with the
environment.

5 TRACKING CONTROLLER
Example-guided approaches have been successful in physically
based character animation [Lee et al. 2010a; Peng et al. 2018]. Given
a short motion clip, the example-guided control policy produces
appropriate actuation at joints to imitate the reference motion. The
target state is often simplified to a phase variable in the duration of
the reference motion data. This approach with DRL algorithms is
capable of reproducing high-quality human movements in physics
simulation. However, the performance of the algorithm and the qual-
ity of the results degrade as the size of the reference data increases.

The functionality of our tracking controller is similar to example-
guided control policies in the sense that it takes a stream of motion
frames as input and physically simulates the biped character to
reproduce the input stream. Our tracking controller addresses two
fundamental problems of example-guided approaches. First, the
input stream is not fixed, but it may change unpredictably. The mo-
tion generator produces a stream of motion frames in accordance
with the user’s interactive control and thus the prediction of future
frames may change dynamically. The tracking controller should be
able to cope with interactive changes at the run-time simulation.
Secondly, learning a control policy from a large variety of unorga-
nized motor skills is a technical challenge. To address this issue,
we come up with two ideas. We found that the predictive informa-
tion produced by the motion generator improves the discriminative
power of RL control policies to deal with rich combinatorial and
spatiotemporal variations. We also found that adaptive sampling
of initial state distribution improves the overall performance by
exploring easy-to-learn motor skills and difficult-to-learn motor
skills in a balanced manner.

5.1 DRL formulation
The goal of reinforcement learning is to find the parameters θ∗ for
the optimal policy πθ ∗ (a|s) that maximizes the expected cumulative
reward.

θ∗ = argmax
θ
Est+1∼p(st+1 |st ,at ),at∼πθ (at |st )

[∑
t
γ t rt

]
(9)

where st , at and rt are the state, action and reward at time t,
p(st+1 |st , at ) is a dynamics simulator that generates the charac-
ter’s next pose from the current pose and the action it takes during
the time step. γ ∈ [0, 1] is a discount factor.
The state of the motion generator network was designed to rep-

resent the kinematics of the full-body, including joint positions and
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joint angles. The state of the policy network includes additional fea-
tures to represent the full-body dynamics effectively. To distinguish
the dynamic state from the kinematic state, we denote the input to
the policy network by sdynamic. The dynamic state sdynamic includes
the generalized coordinates of the full-body pose, its generalized
velocity, the up-vector θup of the trunk, the end-effector positions,
the height of the skeletal root and the ground clearance at both feet.
The action a is defined by a target pose of PD controllers. The

future prediction at the next time step serves as a target pose q̂ to
track. The action of RL modulates the predicted target to control
the full-body motion precisely.

qd = q̂ + ∆qd, (10)

where qd is the PD target and∆qd is the output (action) of the control
policy. We use stable PD control [Tan et al. 2011] for improved
stability.
The goal of the control policy is to track the future prediction P̂

reliably at every frame of the simulation. The reward is set to meet
this goal.

r = rq · rv · re · rcom, (11)
where pose, velocity, end-effector, and COM matching rewards re-
spectively are

rq = exp
(
−

1
σ 2q

∑
i

∥ q̂i ⊖ qi ∥
2
)

rv = exp
(
−

1
σ 2v

∑
i

∥ v̂i −vi ∥
2
)

re = exp
(
−

1
σ 2e

∑
j

∥ p̂j − pj ∥
2
)

rcom = exp
(
−

1
σ 2com

∥ p̂com − pcom ∥2
)

Here, qi are joint orientations described by quaternions, vi are joint
angular velocities, pj are end-effector (left and right feet) positions,
and pcom is the center of mass position. The hat symbol indicates
desired values in the prediction. i and j are the indices of joints
and end-effectors. In our implementation, σq = 14.4,σv = 72,σe =
9.6 and σcom = 0.6. We multiply reward terms to combine them
rather than adding them with individual weights. As discussed by
Lee et al. [2019], the multiplication of the terms gets rewards only
when all conditions are met simultaneously. In our experiments, the
multiplicative composition produces more accurate control policies
at increased computational costs.

5.2 Value and Policy Network Training
We use two sets of motion trajectories for training. The augmented
motion data set we used to learn the motion generator is also em-
ployed for training the policy and value functions. The motion data
set provides us with available ranges of control objectives, such
as the ranges of walking speeds and steering directions. We can
generate a plausible sequence of random control inputs within the
ranges, from which the motion generator produces the second set
of synthetic motion trajectories. The benefits of using the synthetic
data set for RL are twofold. First, the synthetic data set enriches the
correlation between control inputs and resultant actions. Secondly,
the quality and distribution of the augmented data set are similar

Fig. 4. Uniform vs adaptive sampling of initial states. (Left) The average
cumulative reward starting at a segment is influenced by the difficulty of
learning upcoming motor skills. (Right) Adaptive sampling provides uniform
chances to improve motor skills through out the entire data set.

to those of the original data set. Though the motion generator is
also supposed to preserve the characteristics of the training data as
much as possible, this goal is not perfectly satisfied in practice. The
RL policies are expected to learn the characteristics of the motion
generator from the synthetic data set.

The policyπθ and value functionVψ aremodeled as fully-connected
neural networks, where θ andψ are network parameters. The policy
network πθ maps a state sdynamic and prediction P̂ to a Gaussian
distribution over action

πθ (a|sdynamic, P̂) = N(µ(sdynamic, P̂), diag(σ )) (12)

with a diagonal covariance matrix diag(σ ). The sizes of the input and
output layers are the dimension of states and actions, respectively.
We adopt proximal policy optimization [Schulman et al. 2017] and
generalized advantage estimation [Schulman et al. 2015] to learn
the policy and value functions. The value function is updated using
target values computed with TD(λ) [Sutton and Barto 1998].

The learning algorithm is episodic. It collects a batch of experience
tuples from many episodic simulations. Each episode starts with
an initial state s0 randomly chosen from the training trajectory.
Rollouts are generated by sampling actions from the policy at every
step. Each episode terminates when it reaches the end of the training
trajectory or a termination condition is met (e.g., falling over or
deviating from the trajectory beyond a user-specified threshold).

5.3 Adaptive Sampling of Initial States
The motion data set includes many motor skills performed in an
unorganized manner. Some of the motor skills are easy-to-learn,
while some are more difficult-to-learn. This leads to an unbalanced
sampling problem. Peng et al. [2018] proposed random state initial-
ization (RSI) to draw initial states uniformly from the duration of
the reference motion assuming that the duration is reasonable short.
The goal of adaptive sampling is to draw more samples from where
it needs improvements and less samples from where it already mas-
tered skills (see Figure 4). The adaptive sampling is more effective
than uniform sampling with larger training data.

We consider the whole trajectory in the training data parameter-
ized by [0, 1] and divide the trajectory uniformly into n segments,
where ϕk = [kn ,

k+1
n ). Letwk be the average cumulative rewards of

all episodes starting in segment ϕk .

wk = Est+1∼p(st+1 |st ,at ),at∼πθ (at |st ),s0∼U (ϕk )

[∑
t
rt
]

(13)
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Table 1. The size of the original and augmented data sets. The size is
measured by frames. The motion data are sampled at 30 frames per second.

Example Original data Augmented data

zombie 950 10,000
gorilla 342 10,000
chicken hopping 425 10,000
walk, run and stand up 1,845 20,000
obstacle racing 1,816 110,000
fight 4,777 110,000
basketball 21,600 490,000

Whenever a new episode begins, we select a random segment with
Boltzmann weight

ρA(ϕk ) =
exp(−wk/υ)∑
i exp(−wi/υ)

, (14)

where υ is a parameter for regulating the difference in probabilities
according to the difference in average cumulative rewards. In our
implementation, we use a constant value for υ = 5. The initial state
s0 of the new episode is selected uniformly in segment ϕk . The
weights at the end of the trajectory needs normalization because
an episode starting at the end will have less chance to cumulate
rewards than other episodes started earlier.

6 EXPERIMENTS
The simulator is written in C++ with DART open source dynam-
ics toolkit [Lee et al. 2018a]. The neural network operations and
the reinforcement learning algorithms are written in Python with
Tensorflow [Abadi et al. 2016]. The skeleton of the character has 17
ball-and-socket joints and is controlled by applying joint torques at
the joints. The character is 1.5 meter tall and weighs 49 kg. The joint
torques are computed by SPD (Stable Proportional Derivative) con-
troller [Tan et al. 2011]. The PD gains are kp = 1, 000 and kd = 100
for the hip joints and kp = 500 and kd = 50 for the other joints.
The motion generator consists of four LSTM layers with 512 nodes.
The time step for truncated BPTT is 48. The policy network has
four fully-connected layers with 1024 ReLU nodes and the value
network has two fully-connected layers with 512 ReLU nodes. The
clip range of PPO is 0.2, the learning rates are 2e-4 for the policy
function and 1e-3 for the value function, respectively. γ = 0.95 to
0.99, and λ = 0.95. The optimization of the network is executed
after 20,000 transition tuples are collected. The minibatch size is
1024. The sizes of the motion clips and the augmented data sets
are shown in Table 1. We collected motion data from CMU motion
databases, SNU motion databases, and Motionbuilder example sets.
All motion data are sampled at 30 frames per second. The forward
dynamics simulation proceeds at the rate of 600 frames per second.
Learning a motion generator takes 12 to 24 hours and learning a
tracking controller takes 24 to 96 hours on a single PC with Intel
i9-9900k (3.6GHz, 16 cores) and NVidia Geforce RTX 2070.

6.1 Learning from Small Data
Interactive characters, zombie and gorilla, can be trained from a
small motion data set (see Figure 5). The zombie learned its control
policy from a few motion clips of 31.7 seconds playtime including

several steps of straight walking and turning. The gorilla learned
its control policy from a 10.4 second data set including side steps
and roaring. Even with these small data sets, the data augmentation
algorithm enriches combinatorial and spatiotemporal variabilities
to a significant degree. There is only one action id, MoveTo and
the target position {βx , βz } is provided. Their lookahead time for
control inference is 1.0 second. The target position is feasible if the
character can reach the position in the lookahead time. The feasible
range (the angle of moving directions and the distance to the target)
of the target position estimated from the augmented data set is much
broader than the range estimated from the original motion clips. At
the run-time simulation, user-specified target positions outside the
feasible range are projected into the range for stable physics-based
tracking.
Chicken hopping is a game of hopping on one leg and bumping

the opponent to fall him/her over. The character learned to play
the game from a motion data set of only 14 seconds. The learned
controller allows the character to move in any direction and turn
while hopping continuously. The control parameters are identical
to the previous examples. In the multi-player scene, two teams play
the game with three players in each team. Each player moves to the
nearest opponent and bumps while maintaining its balance against
the impulse (see Figure 5).

6.2 Physical Response
The pedestrian character learned to walk and run from a one minute
data set, which also includes the motion of falling forward/backward
and standing up again. In this example, walk, run and stand up, the
control parameters include five action types and three continuous
parameters.

C = (α , {βx , βz , βh }), (15)
where α = {Walk | Run | StandUp | FallForward | FallBackward},
(βx , βz ) is the target position and βh is the height of the root seg-
ment. Among the five action types, the character can choose from
the first three actions to control and the other two actions can be
taken only when the character loses its balance by an external per-
turbation. Parameter βh is the key parameter that drives the fall and
stand actions.
If the character deviates from the prediction of the motion gen-

erator, its tracking controller loses its control over the body and
the system intercepts the control. The system first decreases the
PD gains to make the body compliant to an external perturbation
and then switches the action type (either FallForward or FallBack-
ward) to deal with the situation gracefully. The fall actions guide the
falling body to a pre-defined pose lying on the ground, from which
the subsequent StandUp action starts. This feedback architecture
allows the character to respond to physical interactions.
In the obstacle racing example, the user interactively controls

the character rushing through various obstacles. The character is
equipped with running, jumping and rolling motor skills. The con-
trol parameter is defined by

C = (α , {βx , βz , βh , βt }), (16)

where α = {Run | Jump | Roll} and βt is the timing of action. The
lookahead times for running, jumping and rolling are 0.5, 1.33 and
1.33 seconds, respectively. βt is initially set to the lookahead time
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Fig. 5. Screen shots of examples (top to bottom) chicken hopping, obstacle racing, the zombie and the gorilla, fighting, and basketball dribbling.

when the action is triggered by the user and the time to action
decreases gradually as the simulation proceeds.
In the fight example, the user controls two characters to have

them punch and kick each other. The two characters are simulated
and controlled by the same motion generator and the same tracking
controller. The control parameters are

C = (α , {βx , βz , βt }), (17)

where α = {MoveTo | Punch | Kick | FallForward | FallBackward |
StandUp}. The semantics of the continuous parameters may vary
depending on the activated action. (βx , βz ) indicates the target po-
sition the character is heading to when MoveTo is activated. When
the punch or the kick is triggered, (βx , βz ) is the target position on
the opponent’s body to which the end-effector (the fist or the foot)
is heading. While falling over, the character is supposed to lie down
on the ground at position (βx , βz ). We temporally decrease the PD
gains of the character hit by a punch or a kick so that it can respond

to the impact compliantly, analogous to the method suggested by
Hämäläinen et al. [2014], which reacts to impact by lowering the
maximum joint actuation torques.

6.3 Basketball Dribbling
Our basketball character can dribble the ball while both the full-
body and the ball are physically simulated. Since our character does
not have fingers yet, we attach the ball to the palm when the ball is
in the hand and release the ball when it bounces off the ground. At
the release, the velocity of the ball matches the velocity of the palm.

The motion generator was learned from a basketball data set of 12
minutes, which includes a variety of motor skills, such as walking,
running, rapid turning and hand switching while dribbling the ball
continuously. Since we manually labelled the timing of catching and
releasing the ball in the training data, the motion generator outputs
contact flags that indicate when to release the ball and when to catch
the ball with which hand. We also incorporate the ball bouncing
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reward suggested by Lee et al. [2018b] into the motion generator
such that it can produce the prediction of the ball trajectory.
The control policy is learned in two steps. At the first step, we

train the dribbling motion without the ball. The second step of
learning refines the arm and hand motions to push the ball and
catch it precisely. The future prediction from the motion generator
continuously informs the release and catch timing and the ball
position. The reward of the second step includes two additional
terms rball and rhand.

rball = exp
(
−

1
σ 2b

∥ b̂ − b ∥2
)
,

rhand = exp
(
−

1
σ 2h

∥ vhand −vball ∥
2
)
,

(18)

where b and b̂ are the simulated and predicted positions of the
ball, respectively. rball rewards a good match of the simulated and
predicted trajectories of the ball. rhand penalizes the mismatch of the
hand velocity and the ball velocity at the release moment. Putting
the terms into the reward function in Equation(11),

r = rq · rv · re · rcom · rball +whandrhand. (19)

We added rhand with its weight instead of multiplying it to the other
terms because the hand-ball velocity matching is a sparse term that
is rewarded only at the release moment.

6.4 Ablations
We evaluated the effectiveness of data-driven prediction and adap-
tive sampling for policy learning from large data sets (see Figure 6).
If the two technical components are ablated, our tracking controller
is reduced to DeepMimic by Peng et al. [2018], which serves as
a baseline of the comparison. We compare three algorithms: The
baseline algorithm (Algorithm 1), the baseline algorithm driven
by prediction (Algorithm 2), and the baseline algorithm with both
prediction and adaptive sampling (Algorithm 3).
The test data were created from a basketball data set of 12 min-

utes playtime, which generated a larger data set (5 hours) through
data augmentation. We randomly selected four data sets of 200
frames, 800 frames, 3,200 frames, and 12,800 frames. We compared
the completion rate of the three algorithms for four data sets. If the
algorithm is rewarded perfectly at all frames, the completion rate
is 1.0. Otherwise, the completion rate is smaller than 1.0. Motion
capture data are imperfect and have many small glitches. Some body
segments may penetrate through the ground. The stand foot may
stay in the air slightly above the ground. Shallow self-collisions and
inter-penetrations are abundant even in high-quality motion cap-
ture data. Such small glitches are not noticeable if we do not zoom in
the problematic area. Therefore, perfect tracking of the training data
is often physically implausible. Fortunately, the DRL algorithm can
gracefully deal with noises and glitches in the reference data. The
simulation results are almost indistinguishable from the training
data if the completion rate is larger than 0.8. The results look very
satisfactory even at 0.4.
As expected, the baseline algorithm (Algorithm 1) works well

with the smallest data set, but the performance does not scale well
with bigger data sets. The discrimination power of a single phase

Table 2. Resilience tests with and without physical response learning. We
measured howmany impulses the pedestrian character can withstand while
maintaining its balance. The balls are thrown towards the character at 9
meter/second velocity.

Ball weight(kg) Without learning With learning

4.0 79.2 % 98.3 %
4.5 59.8 % 85.5 %
5.0 23.7 % 55.9 %
5.5 4.0 % 37.7 %
6.0 1.3 % 15.4 %

variable is not sufficient to disambiguate future frames. Algorithm 2
replaces the phase variable with the future prediction from the
motion generator. In our experiments, the prediction includes future
frames at two temporal offsets 1/30 seconds and 10/30 seconds. The
performance improves substantially for all data sets. Determining
the number of future frames in the prediction is related to the
diversity of actions in the training data. The single-frame prediction
is sufficient with a small data set. The future prediction should
disambiguate the possibilities in the near future, which may affect
the dynamics of the character’s body.

The full version of the algorithm with both data-driven prediction
and adaptive sampling achieves even better performance of tracking
for all four data sets. Onemight notice the undulation of the learning
curves for Algorithm 3. The curve seems to reach its plateau and
then undulate repeatedly. This phenomenon is related to the glitches
in the motion data. Adaptive sampling puts a lot of samples in
the problematic area with low average cumulative rewards. Those
samples are wasted because there remains no room for further
improvements. So, it is reasonable to terminate the learning process
before such undulations occur.
The ablation study shows that the data-driven modeling is an

essential step for physics-based simulation. The prediction from
the motion generator not only improves the learning of control
policies, but makes it possible to control physics-based characters
interactively.

6.5 Learning Physical Responses
No physical hitting, pushing, or physical interactions were captured
in our motion data. The actors only pretended to push, punch, and
kick in the motion capture sessions. Our motion generator never
learned how the character might respond to physical interactions
and perturbations. The lack of physical interactions in the training
data makes the simulated character stiff, less responsive, and less
resilient in the physics simulation.

To address this issue, we collected the simulated responses against
external impulses and re-trained the motion generator with the
simulated data. The pedestrian character was originally trained
with 20,000 frames of the augmented trajectory. We additionally
collected 3,000 frames of simulated data, in which the character
was hit 30 times by 3.8 kg balls thrown at 9 meter/second velocity.
The weight and velocity of the ball were determined so that the
character can withstand the impulses. It turns out that the motion
generator re-trained with the mixed data of 23,000 frames improves
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Fig. 6. The ablation study for tracking control. The x-axis is the number of transitions the algorithm sampled. The y-axis is the completion rate. (Left) The
baseline algorithm. (Middle) The baseline algorithm driven by data-driven prediction. (Right) Our algorithm with both data-driven prediction and adaptive
sampling.

the robustness and resilience of the simulated character significantly
(see Table 2).

7 DISCUSSION
We presented a predict-and-simulate framework for creating interac-
tive physically-simulated characters from unorganized motion data,
which include a range of challenging motor skills. The kinematic
aspects of the motion data are learned in an encoder-recurrent-
decoder network, while the dynamic aspects of the motor skills
are learned in a single policy network. This network architecture
combines the interactivity of motion data modeling and the respon-
siveness of physics-based control to create simulated characters that
can physically interact with each other and with the environment.
Although our experiments demonstrated the flexibility of this

approach, there are still numerous limitations to be addressed in
future work. Our characters look stiff at the presence of unexpected
perturbations. It is a common limitation of example-guided tracking
approaches, which seek for a trade-off among tracking accuracy, en-
ergy efficiency, and motion stiffness. Improving tracking precision
requires higher gains and stiffer control dynamics. The use of PD
servos as an intermediary in torque generation is another reason
for stiff dynamics systems because it is non-trivial to incorporate
an energy minimization framework into PD controllers. Torque-
driven learning without PD servos might be a favorable direction to
pursue for improving energy efficiency and alleviating motion stiff-
ness. Achieving agile, yet compliant control policies is a challenging
research goal.
Simulating physical interactions, such as hit and reaction, re-

quires the understanding of force, impact, and pressure at the con-
tact points. Since our motion data lack such an interaction context,
simulated punches and kicks often lack sufficient power. In fact,
the character just pretends to punch and kick while tracking the
reference trajectory without proper interaction contexts. It would be
interesting to capture, learn, and synthesize the physical interactions
between multiple agents [Kry and Pai 2006].

The learning process is computationally demanding, often requir-
ing several days per data set. The 20-minute basketball data set was
the largest in our experiments. Learning a policy from the data set
took 96 hours. It seems the learning time is highly correlated with

the diversity and difficulty-level of motor skills, but the size of data
augmentation is less relevant.

We believe this work nevertheless is the first step towards frame-
works in which interactive characters learn a broad range of chal-
lenging motor skills, a variety of physical interactions, habitual
patterns, social customs, sports rules, and dance choreography au-
tomatically from truly large data sets.
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