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Fig. 1. Soccer motions

Playing with a soccer ball is not easy even for a real human because of
dynamic foot contacts with the moving ball while chasing and controlling it.
The problem of online full-body soccer motion synthesis is challenging and
has not been fully solved yet. In this paper, we present a novel motion control
system that produces physically-correct full-body soccer motions: dribbling
forward, dribbling to the side, and shooting, in response to an online user
motion prescription specified by a motion type, a running speed, and a
turning angle. This system performs two tightly-coupled tasks: data-driven
motion prediction and physics-based motion synthesis. Given example mo-
tion data, the former synthesizes a reference motion in accordance with an
online user input and further refines the motion to make the character kick
the ball at a right time and place. Provided with the reference motion, the
latter then adopts a Model Predictive Control (MPC) framework to generate
a physically-correct soccer motion, by solving an optimal control problem
that is formulated based on dynamics for a full-body character and the
moving ball together with their interactions. Our demonstration shows the
effectiveness of the proposed system that synthesizes convincing full-body
soccer motions in various scenarios such as adjusting the desired running
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maintaining balance against external forces.
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1 INTRODUCTION

Playing with a soccer ball is not easy even for a real human. To
dribble a soccer ball, for example, the player runs after the ball,
following a time-varying trajectory while occasionally touching
it with a foot in the desired direction and speed, which involves
highly complex, subtle dynamics for full-body human motions and
their interactions with the ball. Soccer motions have been studied
extensively in robotics and character animation [Barrett et al. 2010;
Choi et al. 2015, 2016; Hester et al. 2010; Jain and Liu 2009; Leottau
et al. 2014; Sung et al. 2013; Yi et al. 2013]. However, fundamental
issues still remain unsolved in the synthesis of even basic soccer
motions such as dribbling and shooting: how to adjust the footsteps
of the character to make it kick the ball with a foot at a right time and
place, how to achieve physics-based online motion control over the
character that interacts with a ball, and how to make the character
balance against unexpected external forces while controlling the
ball. These issues have not been settled yet although there are partial
solutions for simple cases: kicking a ball in a stationary stance [Ha
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and Liu 2016] and dribbling a large sphere at a low speed [Peng
et al. 2017].

In order to deal with these issues comprehensively, we present
a data-driven, online motion control system that synthesizes a
physically-correct full-body character motion based on a Model
Predictive Control (MPC) framework, in response to an online user
specification. Our system predicts a reference motion in accordance
with the ball trajectory and generates the corresponding character
motions, to make the character kick the moving ball at a correct
time and position. The system consists of two tightly-coupled com-
ponents: data-driven motion prediction and physics-based motion
synthesis. Given the previous character motion, the first component
synthesizes a reference motion in an online manner, using a motion
library. This component also adjusts the character footsteps so as
to touch the ball timely in the next component. Provided with the
reference motion, the second component solves an optimal control
problem formulated based on dynamics for the full-body charac-
ter and the moving ball as well as their interactions, to generate a
physically-correct soccer motion. Built on the MPC framework with
smoothed contact dynamics [Han et al. 2016; Todorov 2014], our sys-
tem achieves an interactive performance for robust motion tracking
while ensuring the balancing of the character against unexpected
perturbation forces. Unlike the previous work, our system can syn-
thesize full-body dribbling and shooting motions that controls a
dynamically-moving soccer ball in a physically-correct manner.

The contributions of this paper are three-fold: First, our approach
provides the physically-based control system for full-body soccer
motions that interact with a moving soccer ball, employing predic-
tive motion synthesis and optimal feedback control. The generated
motions are physically-correct and cover fundamental soccer mo-
tions such as dribbling forward, dribbling to the side, and shooting.
To our knowledge, those are the first non-trivial, plausible soccer
motions synthesized in character animation. Second, our system
is equipped with a feedback loop to synthesize a reference motion
with the footsteps automatically adjusted to the ball-kicking pose.
The reference motion guides the swing foot to kick the rolling ball
at a right moment and position. The use of the feedback loop fur-
ther enhances the quality of synthesized motions. Finally, based
on a differentiable dynamics model with smoothed contacts, we
formulate an optimal control problem with novel cost terms for
soccer-specific physics-based motion control, which facilitates both
timely ball kicking and reference motion tracking. Guided by the
reference motion that is generated by data-driven motion prediction,
our full-body character performs soccer tasks such as dribbling and
shooting successfully while preserving the efficiency and robustness
of the baseline MPC method.

The remainder of this paper is organized as follows: Section 2
reviews previous work related to our framework. In Section 3, we
present an overview of our system. Section 4 presents how to gen-
erate a reference motion, and Section 5 discusses physics-based
simulation for soccer motion synthesis. In Section 6, we show re-
sults to demonstrate the effectiveness of the proposed system. In
Section 7, we conclude this paper with the summary of our research.
Finally, Section 8 discusses the limitations and future work.
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2 RELATED WORK

We begin with a literature survey on kinematic motion synthesis
and physics-based motion control, which are related to data-driven
motion prediction and physics-based motion synthesis, respectively.
We then review previous work on soccer motion synthesis in robot-
ics and character animation.

Kinematic Locomotion Control: Graph-based methods were pop-
ular in the early stage of data-driven motion synthesis research
[Arikan and Forsyth 2002; Kovar et al. 2002; Lee et al. 2002]. Al-
lowing motion transitions between example motion clips only at
pre-chosen transition points, such a method is difficult to be used for
the online synthesis of highly reactive motions to the ever-changing
environment, according to a user motion specification. Recently,
learning-based approaches have been proposed for real-time motion
synthesis [Holden et al. 2017, 2016; Lee et al. 2010b; Levine et al.
2012; Treuille et al. 2007]. However, it is not clear how to extend
these approaches to deal with a moving external object such as a
soccer ball in an online manner. For our data-driven motion predic-
tion, we propose a variant of the motion matching scheme [Clavet
2016] based on the motion field technique [Lee et al. 2010b]. Unlike
learning-based approaches, our scheme enables agile and smooth
motion transitions for the synthesis of soccer motions such as drib-
bling and shooting without heavy preprocessing.

Physics-based Motion Control: Physics-based motion control has
been studied intensively for the last decade. It has dealt with not
only locomotive motions [Da Silva et al. 2008; De Lasa et al. 2010;
Han et al. 2014; Lee et al. 2010a; Mordatch et al. 2010; Muico et al.
2011; Peng et al. 2017; Yu et al. 2018], but also non-locomotive mo-
tions such as martial arts kicks, cartwheels, crawling, jumping, and
dancing [Al Borno et al. 2013; Han et al. 2016; Liu et al. 2016, 2012,
2010; Peng et al. 2018]. In general, dynamics equations for full-body
locomotion control suffer from discontinuities caused by the change
of contact points with the environment. This precludes a derivative-
based optimization technique from determining contact points and
their timings with the environment. Liu et al. [2016] addressed this
issue with a control graph that represents rapid contact changes in
example motion clips. Han et al. [2016] resolved contact disconti-
nuities by exploiting smoothed contact dynamics [Todorov 2014].
Their methods focused on reference motion tracking and did not
consider the interaction of the character with a moving external ob-
ject. To synthesize soccer motions with interactive performance, we
adapt an MPC framework [Han et al. 2016] to our problem setting
in two aspects. First, we build the soccer-specific framework that
controls the character to timely kick a moving ball while chasing it.
Second, we enhance the framework to equip with a feedback con-
trol loop between data-driven motion prediction and physics-based
motion simulation.

Soccer Motions: Few results have appeared in literature for physics-
based full-body soccer motion control. In robotics, there have been
attempts for a humanoid robot to play with a soccer ball [Barrett
et al. 2010; Hester et al. 2010; Leottau et al. 2014; Sung et al. 2013;
Yi et al. 2013]. Due to complex physical mechanisms of humanoid
robots, their soccer motions were limited to stationary kicking or
walk-kicks. In character animation, various techniques for soccer
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motion synthesis have been reported. Jain and Liu [2009] proposed
an interactive motion editing method for human interactions with
a soccer ball. Given captured human motions, this method auto-
matically created the ballistic path of a ball based on simple rigid
body dynamics, considering its contact with a human body part.
The contact timing and position between the ball and the body part
were manually specified by the user. Focusing on the editing of hu-
man motions and ballistic ball paths, their method did not take into
account full-body dynamics. Choi et al. [2015; 2016] proposed a data-
driven method that can generate 2D juggling motions including
hand juggling, soccer juggling, and in-place basketball dribbling, by
analyzing kinematic information such as end-effector velocities. In
physics-based soccer motion synthesis, Ding et al. [2015] proposed
a low-dimensional linear feedback strategy that effectively searches
for a control policy to generate a simple ball-kicking motion with
the hips fixed. Peng et al. [2017] suggested a scheme that learns a
control policy for walking motions using a soccer-specific reward
function, in order to make the character dribble a ball toward the
desired destination. Unfortunately, the resulting motion looks more
like simply pushing a large sphere with a foot, instead of dribbling
a soccer ball.

Commercial soccer games such as Pro Evolution Soccer series
[KONAMI] and FIFA series [EASports] have been popular around
the world for a long time. Mainly based on example-based motion
synthesis, these games show a variety of visually-plausible soccer
motions. However, these motions often exhibit visual artifacts in
dribbling and shooting due to the lack of physics. To the best of
our knowledge, there have been no games that exhibit physically-
correct full-body soccer motions such as dribbling and shooting in
an online manner.

3 OVERVIEW
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Fig. 2. System overview

Our system consists of two components: data-driven soccer mo-
tion prediction and physics-based soccer motion simulation, as de-
picted in Figure 2. The two components work in tandem with each
other to generate soccer motions. Given a motion library, the first
component synthesizes a reference motion, which is sufficiently
lengthy to contain a kick pose, via predictive motion search in the
motion library, given the user prescription. The resulting motion
is further refined to place the swing foot at the kick frame at the
target ball position that is automatically determined.
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Fig. 3. Shifting window

Given reference motion M, the second component produces a
locally-optimal feedback control vector, which is used for physics-
based full-body motion simulation in accordance with a simulated
ball trajectory. To produce the control vector, this component solves
an optimal control problem within the optimization window of Ny
frames while repeatedly shifting the window m times along M by
Nipif frames per shift, as depicted in Figure 3. At each window, the
optimal control is guided by the corresponding portion of M. The
first component synthesizes M such that the last window contains
a kick pose in its first Nyp;f, frames. The resulting motion from
the second component is fed back to the first component for the
prediction of the next reference motion.

4 SOCCER MOTION PREDICTION

In this section, we describe how to decide both the ball-kicking time
and position while synthesizing a reference motion. We also explain
how to refine the reference motion so as to place the swing foot of
the kick pose at a simulated ball position. We begin with providing
the representation of a reference motion as well as that of the ball
trajectory.

4.1 Motion and trajectory representations

Our system performs physics-based motion control for soccer mo-
tion synthesis, guided by reference motion M that is represented
as follows:

M ={C"i=1,2..,Np}

where each C! is a character state at frame i, and Np is the size of
M. C! consists of pose Q' and displacement D! that are defined as
follows:

C! = (Q%, D'), where
Qi = (pé,qé, qi, ...,qfvj_l)and D! = (Apé, Aqé,Aqi, Aq;-\]]_l).
Here, pé € R and qé € S respectively are the position and the

orientation of the root, and q} € S3 is the orientation of joint . Ap(i) €

R3 and Aq(i) € S3 are the positional and the angular displacements of
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the root from frame i to frame i + 1, respectively. Similarly, Aq; es?
is the angular displacement of joint j. N is the number of joints of
a character. We specify the trajectory 8 of a moving ball as follows:

B={Bi=1,2,...,Np},
where each B’ € R? is the ball position. Ny, is the size of B, that is,
the length of the ball trajectory for reference motion synthesis.

4.2 Predictive motion synthesis

Our system synthesizes a new reference motion upon receiving a
motion specification, having used up the current reference motion,
or experiencing large external forces unexpectedly. As preprocess-
ing, we first annotate the example motions in the motion library to
classify motion clips into three groups according to their motion
types: dribbling forward, dribbling to the side, and shooting. We
then manually mark all kick poses in the motion data. We also mark
each short motion sub-clip containing a kick pose in the middle as
a pre-specified kick motion. Specifying the turning angle of each
motion clip when capturing it, we finally label the angle at each
frame in the clip automatically with the same turning angle. Let
G = {gfwdvgsideagshoot} and K = {Qk|k =12, ---sNK} be a set
of all motion groups and that of all kick poses, respectively. Here,
9fwd> Gsides ad gspoor denote the groups containing motion data
for dribbling forward, dribbling to the side, and shooting, respec-
tively. Ox and Nk represent a kick pose and the total number of
kick poses in the motion data, respectively.

Our system produces a reference motion according to user motion
specification U = {t, v, 0}, where t € {fwd, side, shoot} is the type
of the soccer motion, and v and 0 are the desired speed and the
turning angle, respectively. Motion type ¢ determines the group of
motion clips to work with for reference motion synthesis. Provided
with user motion specification U and character state Cl = (Q!, DY at
current frame i of the reference motion, our system selects character
state CP = (QP, DP) from the motion clips in the motion group
corresponding to motion type t, where superscript p denotes the
frame index of the chosen character state in the motion clip. To
choose C?, the system minimizes our task-dependent cost function
(to be given soon) over all character states ¢/ = (07, D/) in the
motion group.

There are two cases depending on whether or not C? is contained
in a pre-specified motion. Suppose that C? is contained in a pre-
specified motion. In this case, the system replays the pre-specified
kick motion starting from C? to complete the reference motion. Now,
suppose that C? is not contained in a pre-specified kick motion. In
this case, C? together with next state CP*! in the same motion clip is
used to generate next character state C**1 = (Q*1, D'*1). To achieve
it, our system first computes guiding character state C** as follows:

G = (O Pi*Yy = (0F @ DP, DP*1), where
Q' ® D = (py + ABG- AGH Y. ATV Q] - ATy 1 d,—)-

This system then acquires next character pose Q**! by blending
Q1 and OP*! with a larger weight used for the former, to make the
resulting motion as smooth as possible. Next character displacement
D*! is obtained by blending D'*! and D*! in the similar manner.
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This process is repeated to generate character states one by one until
CP is contained in a pre-specified kick motion. For the details on
how to update and blend the character states, we refer the readers
to [Lee et al. 2010b].

In the remainder of this section, we first present our task-dependent
cost function that guides the predictive motion synthesis. We then
describe how to initialize the reference motion at the beginning of
the predictive motion synthesis.

Cost function: The cost function guides the synthesis of soccer-
specific reference motion M = {C!|i = 1,2, ....Np}, given user
motion specification U = (¢, v, 8). Our system chooses character
state CP from the motion clips in a given motion group using the
cost function that consists of four terms:

cost = arSp(v, C) + agSy(Ct, /) + apSp(CH, C7, B) + apSy(C/, 0),

where, ar, ag, ap, and ag are weights for their respective cost terms.
Sr(v, &) is the cost for achieving desired speed v. S4(C*, (/) en-
hances the inter-frame dependence between consecutive character
states while satisfying the motion specification. S, (C?, /, B) guides
the character to kick the ball at a right time and place. Sy(C/, 6) en-
forces the desired turning angle 6. In the remainder of this section,
we discuss each of the cost terms in detail.
First cost term S, (v, (Y) is defined as follows:

: 2
Nt apy e
_ y
Sr(v, ) = ;‘; (U— OT ,
where C/ is the character state at frame j of a motion clip, Ap{;'l is
the root displacement at the I-th frame from frame j, and h is the

time step size between two consecutive frames. ||Af){)+l||xy is the

projected length of Af){;l onto the ground plane. This term looks
ahead to the future root speed beyond state ¢/ of a motion clip
to select character state CP from the motion data, by minimizing
the sum of squared root speed differences from desired speed v for
Nj states starting from any (/ in every motion clip in the chosen
motion group.

Second term Sy(C!, (/) = ng d(C!,&771) looks back on the
character states starting from current state C’ in the synthesized
reference motion to choose character state C?, where Ny is the
number of previous states that are considered. For motion distance
d(Ci_l, C'j_l) between Ci~! of the reference motion and ¢/=! of a
motion clip, we refer the readers to [Lee et al. 2010b].

Third term S, (C i o, B) is defined as follows:

5,(CL O B) - {uff*k —(BF = (o + PGy IFFF exists

€ otherwise
where f/+% € R3 is the kick foot position for state ¢/*K in the motion
sub-clip starting from state ¢/. Bi*K is the ball position at frame
i+k of ball trajectory 5. p{; is the root displacement of the character
at frame j with respect to pg of the motion clip. This term is used to
select character state CP with the closest kick foot in K to the ball if
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there is any kick foot in a motion clip; otherwise, it returns a small
positive constant €.

Last term Sy(C/, 6) plays a role of finding character state C? such
that the projected root direction onto the ground is close to input
turning angle 6. We set Sg(C/,0) = (67 — 6)?, where &/ is a pre-
specified turning angle of C/.

State initialization: In order to facilitate the looking back feature
with Sy(C i ci ), the reference motion should have at least N; char-
acter states. However, no character states are available in the current
reference motion at the beginning of predictive motion synthesis.
There are two cases depending on whether or not the physics-based
motion simulation has ever been completed. We first consider the
easier case in which the physics-based motion simulation has been
completed. In this case, the latest synthesized motion is available so
that our system initializes reference motion {C'~!|i = 1,2, ..., N;}
with the last Ny states of the simulated motion. This facilitates the
feedback loop between soccer motion prediction and soccer motion
simulation.

The other case occurs at the very beginning of predictive mo-
tion synthesis. In this case, our system initializes reference motion
{C7i = 1,2, ..., Ny} with a motion sub-clip consisting of Ny states.
To do it, the system selects initial character state C;, ., correspond-
ing to initial user specification Uy = (to, v, 8) from the motion clips
in the group corresponding to ty, by minimizing initial cost function
Sinir over all states ¢/ of the motion data, which is defined in the
same manner as first cost term S, (v, &V):

; 2
Nt jiagy”l
~j o llxy
Sinit(@o.C) = > (Uo |

1=0

by minimizing S;p;(vo, C/) over all
1
init’
in the chosen motion clip to

This cost function finds Ciln it
states ¢/ in the motion group. Upon determining C
1
“init
initialize reference motion {C!~%|i = 1,2,..., Ny}, where C1~Nda =
C}n i+ Root orientation and displacement, q(l)_’ and Ap(l)_‘ in each
state C!~% are further refined to be aligned in a direction from the
root of the character to the initial ball position.

the system
chooses N states starting from C

4.3 Motion refinement

Through predictive motion synthesis, we obtain the best-fitted refer-
ence motion to the cost function. However, the ball and the kick pose
may not be aligned well with the reference motion obtained in Sec-
tion 4.2 due to the lack of motion data in the motion library. In other
words, the position of the kick foot of this motion could slightly
deviate from the corresponding ball position, which may cause a
problem in physics-based simulation discussed later in Section 5.2.
The character states are further refined with motion transforma-
tion techniques [Gleicher 2001; Park et al. 2002] so as to make the
character chase and kick the rolling ball at the right position and
time.

Given reference motion M = {C!|i = 1, ... Np}, our motion
refinement process transforms M to align the kick foot with the
simulated soccer ball position. To describe this process, we start
with defining the two displacement vectors from root position p(l)

for state C! at the first frame to kick foot position f* for state C*
and to ball position B at kick frame x, respectively:

vy = f* —p(l), vy = B¥ —p(l).
With these two vectors, we derive scaling factor € R and rotation
vector 0, € R3, which are used to transform the whole reference
motion to make the kick foot position coincide with the target ball
position:

I
- ”(VO)xy I
0, = COS_I(((’O)xy : (‘A’l)xy)(({’o)xy X (‘A’l)xy)~
Here, the hat symbol represents the normalization of a given vector.
For each frame i = 1,2, ..., N, we transform the position of the root

and its linear and angular inter-frame displacements using 7 and
0,:

( i)/ _ ) (P(i))xy ) ifi=1
Po)xy = (p(’)—l);y +nE (Gr)(Ap(’)_l)xy otherwise ’

(AP)y = NE (0,) (AP )xy.
(Aq)) = exp (6,)q).

Here, E(0,) and exp(0,) maps rotation vector 6, to the correspond-
ing rotation matrix and quaternion, respectively.

5 SOCCER MOTION SIMULATION

In Section 5.1, we explain how to transform the reference motion
to compensate for the deviation of the simulation result from it. In
Section 5.2, we present a system dynamics model to simulate the
motion of a full-body character together with a soccer ball in the
presence of contacts. Based on this model, we formulate a finite-
horizon optimal control problem to generate an optimal control
policy for soccer motions in Section 5.3. In Section 5.4, we discuss
how to compute the feedback information on the control policy so
as to make the character manipulate the soccer ball while robustly
maintaining its balance.

5.1 Reference motion transformation

In general, the simulated character could not follow reference mo-
tion M exactly due to subtle and complex motion dynamics required
to control the soccer ball. As the simulation is proceeded, the char-
acter’s current state tends to deviate from the corresponding state
of M, which could adversely affect the stability of motion control.
Our system compensates for this deviation from window to window
through motion transformation. Once the optimization window
is shifted, the system first translates the remaining part of M so
that the root position of the character in its initial state coincides
with that of the current state and then aligns the swing foot at the
kick frame of M with the target ball position, employing motion
refinement scheme discussed in Section 4.3.

5.2 System dynamics model

For the effective ball motion control, it is necessary to predict the mo-
tions of both the character and the ball simultaneously. We present
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a system dynamics model that deals with the physical interaction
between them as well as their respective dynamics. We start with
defining state vector x* and control vector u’ at each time step i:

=107 Q)T Q)T Q)] u' =7,

Here, QL € R" and Q! € R° are respectively the character’s pose
with n. degrees of freedom and the ball position and orientation
at time step i. Q% and Qll; are their respective time derivatives. For
computational efficiency, we reduce the degrees of freedom of the
state vector by representing the motion of internal ball joints with
Euler angles in this section unlike in Section 4, except for that of
the shoulder joints to avoid singularity for a wide swing of arms.
7! € R0 js the actuated joint torques acting on the character’s
joints except its root at time step i. Our system dynamics model
for state evolution is built on semi-implicit Euler integration with
integration step size h:

Xi+1 - g(Xi,lli)
= [Q¢ + Q™™ (@ + hO™)T (QEHT (@)™
Here, character’s joint velocities Qi*! and ball velocity Qll;” at the

next step are derived by combining the dynamics of the character
and the ball together with their physical interaction:

Al Qé]+ 1 [ré ]_[e(Qé,Qé;ff)]_ [Qz_’])

|:Q‘ll,+l:| - Q; hM ( O6x1 e(Q[lyv Q[lyyf;) kd Q[ly
JOOT] i M(QL)  On.xe

1 J(Q,ﬁ)TJf”’ where M = [om M@Q})|

Here, 7} = [01x¢ (z))T]T € R", M(-) is the total mass matrix, and
e(-) is the bias force. Mass matrix M(-) is a variant of the plain mass
matrix that results from armature inertia and implicit damping, in
order to enhance the stability of the numerical integration of the dy-
namics. For details on the mass matrix, we refer the readers to [Han
et al. 2016; Todorov 2014]. Bias force e(-) represents the resulting
torques due to the gravitational, Coriolis, and centrifugal forces
together with external forces applied to the character (f¢) and to the
ball (flf ) if there are any. k; is the damping gain and J(-) is the kine-

+ M~

matic Jacobian at contact points on which contact impulses f] C’ , are
acting. Instead of a conventional Linear Complementarity Problem
(LCP) formulation, we adopt a complementarity-free formulation to
find contact impulses fcit based on smoothed contact dynamics, so
as to differentiate our system dynamics model for optimal character
control. For details on smoothed contact dynamics, we refer the
readers to [Han et al. 2016; Todorov 2014]. Note that we used same
symbols, M(-), e(-), and J(-) for both the character and the ball while
sacrificing mathematical rigor for simplicity.

5.3 Optimal control problem formulation

Given current state vector x and reference trajectory M, our ob-
jective is to optimize the character and ball motions, so that the
character robustly follows the reference motion while interacting
timely with the ball. Based on our system dynamics model, we
formulate a finite-horizon optimal control problem over a short
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window consisting of Nyp; frames to find a sequence of control
vectors U = {ul]i = 1,2, ..y Nopt — 1} as follows:

. Nopr—1 [ S (N
m[}n Zi:l c(x’,u') + ¢/ (xVort),

subjectto  x! = x, x'*! = g(x!,u’) fori=1,2, o Nopt = 1, (1)

yj(x') <0 fori=1,2,....Nops, j=1,2,...,L.

Here, c(x’,u’) and ¢/ (xNert) are the cost functions at time step
i=1,2,...,Nops — 1 and at the last time step, respectively. The first
two equalities together constrain the system dynamics model for
state evolution from x’. yj(xi) is the j-th inequality constraint at
time step i for j = 1,2, ..., L, where L is the number of inequality
constraints. In the remainder of this section, we will define the cost
functions and inequality constraints.

Let X, = {(QL, Q0h)]i = 1,2, ..., Nopt} be a desired character tra-
jectory over the optimization window, which is extracted from
reference motion M. Each cost function c(x’, u?) at time step i =
1,2,...,Nopt — 11is composed of three terms as follows:

c(xi,ui) — Cref(Xi,ui) + CfPOS(Xi) + Cba”(Xi).
cef (xt, ut) represents the cost for tracking desired character
trajectory X, as in [Han et al. 2016]:

i i W1, =i in2 W2, % sin2 W3 _i in2
¢ (' ul) =208 = QLIP+ 2 IIOE - QillP+ =2 [1E = x|
2 2 2 @)

W4 in2
+—l7'|I%
2

Here, r! € R3 is the displacement vector from the root to the head at
time step i, and ¥/ is its desired vector computed from Q.. The first
term is for following the desired character pose. The next two terms
are for keeping the joint velocities and the upper-body orientation as
close to their desired ones as possible. The last term is for minimizing
energy consumption. w;, i = 1,2, 3, 4 are weight constants.

cf Pos(x1) is the cost for tracking the desired global foot positions:

| [Piy
Pr|  |Prr
Here, p; - and pi  are the global positions of the left foot and right

2

Cfpos (Xi) — %

foot at time step i, respectively. pf 5 and pi  are their respective
desired vectors. ws is a weight constant. This cost term guides the
character to place its supporting foot at the right place while timely
kicking the ball with its swing foot.

ball(x

Finally, ¢ i) represents the ball control cost defined as fol-

lows:
ball iy _ W6 Ryiv2 W7 .5i_ yip2
c x') = —=(b;)* + —|b* = b*||%,
() = 2 Rpf)? + 22 - b
where ¥ b_{, € R is the lateral component of the ball position at time

step i with respect to root coordinate system R (See Figure 4). b’ and

b! are respectively the time derivative of the ball position b’ € R?
and the desired ball velocity at time step i with respect to the global
coordinate system. In the above equation, the left superscript is used
to denote a local coordinate system. wg and wy are weight constants.
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y-axis

Fig. 4. The lateral component of the ball position with respect to the root
coordinate system in the top view

The first term is activated only when the character dribbles forward
in order to put the ball in front of the character for the ease of kicking
it while running. The second term is for the character to kick the
ball at a desired ball velocity. Since the ball velocity is controlled
through kicking the ball, this term is activated only for a few frames
near the kick frame.

Inequality constraints yj(x’) < 0, j = 1,2,...,L at each time
step i = 1,2, ..., Nop; are activated for a few frames near the kick
frame so as to timely kick the ball with the front side of the kicking
foot under the assumption that the foot geometry is a rectangular
parallelepiped. Let Fb? be the ball position at time step i with respect
to the kick foot local coordinate system F (See Figure 5). Then, the
first two inequality constraints make the front side touch the ball in
the depth direction (the x-axis):

~Fpi <o, Fpl —ry <o,
where ry, is the radius of the ball. The next four inequality constraints
enforce the projected ball position onto the y-z plane of the local
coordinate system to be in the front side of the kicking foot:

L Ry Fpi _ 1
~3ly ="y <0, Tol—Zly<0,
1 , C1
—Elz—Fb;so, Fb;—Elzso.

Here, l; and I, are the width and height of the front side, respectively.
Note that our system dynamics model allows the kicking foot to
penetrate the ball slightly in kicking because the model employs
smoothed contact dynamics, which softens the contact between
colliding bodies. We employ an unconstrained optimizer, iterative
Linear Quadratic Gaussian (iLQG) [Tassa et al. 2012], to solve our
optimal control problem. Thus, we have to convert the above ball
constraints to their corresponding cost terms. For this, we define the
following smooth-max and smooth-min functions with threshold «
by extending the existing work [Tassa et al. 2012]:

smax (x; a, f) = %( (x—a)2+ﬁ2+(x—oc)),

smin (x; @, f) = %( (x—a)2+ﬁ2—(x—a)).

Here, the first function returns a value close to x — « if x > «a and
a near-zero value otherwise. The second function returns a value
close to @ — x if x < a and a near-zero value otherwise. f§ is the
smoothness coefficient that adjusts how close the function is to a

y

Foot coordinate system L’>
b =("by, "by, "b,) x

(a) Relative ball position (b) Side view (c) Front view

Fig. 5. Ball coordinates with respect to the local coordinate system at the
center of the front side of the kicking foot

zero at x = . Using smax(-) and smin(-), we convert our inequality
constraints on the kicking foot to a cost function consisting of three
terms as follows:

cklck(xl) = wg (c)lglck(xl) i chCk(xl) i ClZaCk(Xl)) ,

where wg is a weight constant. Each term of ckick(xi) is defined as
follows:

cKick (i) — smin (Fb,ic;O,ﬁ) + smax (Fb,ic;rb,ﬁ) ,
e ;1 i1

C/yclck(xl) = smin (Fb;; _Ely’ﬂ) + smax (Fb;§ Elyaﬂ) ,
o 1 i1

Clzclck(xl) = smin (Fb;; _Elz’ﬁ) + smax (Fb;; Elz’ﬂ) :

Finally, we conclude this section, stating that cost term of (xNept)
at last frame Nop; in Equation (1) takes the same form as e(x?, ul)
at other frame i except that c"ef (xNopt uNopt) in Equation (2) does
not have energy minimizing term % |zNort |2, since control vector

uNort is not required at the last frame of a window.

5.4 Feedback control vector generation

Given current state vector x* and reference motion M, our optimal
control problem is solved with iLQG [Tassa et al. 2012], that is, a
variant of differential dynamic programming (DDP) [Jacobson and
Mayne 1970]. Avoiding the use of the second-order derivative of the
system dynamics model, iLQG is practically faster than DDP. This
optimization solver produces an optimal control policy to acquire
the optimal feedback control vector for robust soccer motion control.
For details on iLQG, we refer the readers to [Tassa et al. 2012].
The resulting optimal control policy is composed of optimal
control vectors {u*i|i = 1,2,..., Nopt — 1}, optimal state vectors
{x*i li=1,2,..., Nopt }, and optimal feedback gain matrices {K* i li =
1,2,..., Nopt — 1}. Provided with the control policy, our system com-
putes optimal feedback control vector u}‘}bi at each frame i of the

window as follows:
u;bi _ u*i +K*i(xi _ X*i).

Here, the second term compensates for the deviation of the current

state from its optimal state vector. Together with external forces

if there are any, feedback control vector u} bl that represents the

feedback joint torques of the character is used to update current state
x* through forward dynamics integration. Our system performs the
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physics-based simulation window by window while shifting the
optimization window, until the reference motion is used up or a large
external perturbation is applied to the character to severely deviate
its simulated state from the corresponding state in the reference
motion. In either case, our system requests for a new reference
motion with the last N; simulated character states to activate the
feedback control loop of our system.

6 RESULTS AND DISCUSSION

In this section, we present our results on soccer motion synthesis. We
begin with providing implementation details followed by evaluation
and examples in Sections 6.2 and 6.3, respectively.

6.1 Implementation details

Our framework was implemented in C++, and all of the experiments
were performed on a PC with Intel Core i7 processor (3.50GHz, 6
cores) and 32GB memory. As stated in Section 3, the proposed
motion control system consists of two components: soccer motion
prediction and soccer motion simulation. The computation time of
the latter was demanding, compared to the former which runs in
real time. On average, the total computation time was 6 ~ 9 times
larger than real time (20ms/frame) as shown in Table 2.

For soccer motion prediction, we used 22 example motion clips
(1,569 frames in total): 6 clips for dribbling forward with different
speeds, 7 clips for dribbling to the side, and 3 clips for shooting. Our
motion library also included 6 motion clips for extra soccer skills. K
was composed of 8 kick poses for dribbling forward, 13 kick poses
for dribbling to the side, and 3 kick poses for shooting. To define
cost terms in Section 4.2, we fixed Ny = 20, Ny = 5,and € = 1.
We set the weight values of cost terms as shown in the first row
of Table 1. For soccer motion simulation, we set respectively the
total mass and height of the character to 80kg and 1.8m, and used a
soccer ball with the official weight and radius, which are 0.425kg
and 0.11m, unlike the previous work [Ha and Liu 2016; Peng et al.
2017]. To define cost terms and constraints in Section 5.3, we fixed
h = 20ms, Nopt = 20, Nshift =3, ly =0.088m, and [, = 0.080m. We

Table 1. Weight values used for data-driven motion prediction and physics-
based motion simulation

Data-driven ar ag | ap ag - - - -
motion prediction | 0.05 | 0.5 | 2.0 1074 - - - -
Physics-based wy wo | ws wy ws | wg | wr | ws

motion simulation | 1.0 | 107 | 1.0 | 5.0x 1078 | 0.25 | 2.0 | 0.25 | 0.1

Table 2. Average computation time (ms/frame) for soccer motion control

. Data-driven Physics-based motion simulation

Motion type Total
motion prediction | Optimization Simulation

Dribbling forward 8.32 114.64 0.142 123.10
Dribbling to the side 10.65 169.86 0.131 180.64
Shooting 8.65 165.81 0.154 174.62
Step-over 17.20 158.06 0.160 175.42
Feint 17.64 163.83 0.167 181.64

set the weight values as given in the second row of Table 1. We
believe that these weight values could be a good starting point to
build a similar system. Table 2 shows the timing data of our system
for each motion type.

6.2 Validation

In this section, we validate our system in terms of five aspects. We
start with testing the controllability of our system with respect to
the motion specification, in particular, the desired running speed and
turning angle. Varying the number of previous character states (Ny),
we then show the effect of looking back with cost term Sy(C?, &V).
We next demonstrate the effectiveness of motion refinement for
stable dribbling, followed by comparing the qualities of dribbling
motions for different lengths of the reference motion (Nj,). We finally
examine the strategy of replaying pre-specified motion clips that
generate realistic ball-kicking motions.

To validate the controllability of our system, we first performed an
experiment on the desired running speed with a motion of dribbling
forward. The character’s desired running speed (v;) was varied
from 5.0m/s to 7.0m/s with an interval of 0.25m/s. The desired ball
speed was set accordingly by interpolating it from 12m/s to 20m/s.
We measured the average speed of the simulated motion (v;) for 300
frames for each desired speed. The results showed that the character
was able to run with an accuracy of 95.14 + 2.47% on average for the
entire range of desired speed, where the accuracy of speed control
(as) is defined as follows:

Vg — 0
as = (1—M)x100.
Ud

The small error in accuracy would arise due to lack of motion clips
in the motion library. We then performed an experiment on the
controllability for turning angle with a motion of dribbling to the
side. For each of three desired running speed values, 6.0m/s, 6.5m/s,
and 7.0m/s, we randomly sampled 20 desired turning angles (6,);
one half of them drawn from a range of —20° to —40° (right turn)
and the other half from a range of 20° to 40° (left turn). We measured
the turning angles of the simulated character (65) from the moving
directions before and after kicking the ball at which the character
made a turn. We did not experiment with desired running speed
lower than 6.0m/s since our example motion clips for dribbling to
the side exhibited running speed of around 7m/s. Despite lack of
motion clips, our system successfully made desired turns with high
accuracy as shown in Table 3, mainly due to motion refinement
in reference motion synthesis. Here, the accuracy of turning angle
control (ag) is defined as follows:

9, —
a9=(l—|d 05|

) X 100.
d

Table 3. Average and standard deviation for accuracy of dribbling to the
side

Desired root speed (m/s) 6.0 6.5 7.0
Turning direction Right | Left | Right | Left | Right | Left
Average accuracy (%) 95.25 | 92.26 | 92.20 | 92.60 | 96.01 | 95.04
Standard deviation (%) | +3.86 | +4.82 | +5.89 | +£3.18 | +4.28 | +3.37
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To show the effect of looking back with cost term Sy(C?, (V), we
performed an experiment, varying the number of previous charac-
ter states (Ny), in the range from 1 to 5 for dribbling forward. We
observed that the resulting soccer motions tended to become stable
as N increases. In our experiment, the use of more than 5 previ-
ous frames did not lead to any noticeable improvement in visual
quality. We provide the result in the accompanying video (00:01:23
~ 00:01:41). We also measured the tracking error of the root speed
and that of the upper-body displacement vector from the root to
the head denoted by r! in Equation (2). For each N from 1 to 6,
we varied the desired running speed from 5.0m/s to 7.0m/s with an
increment of 0.4m/s. For each desired running speed, we also varied
the desired ball speed as fast as 2.5 to 4.0 times each running speed
with an increment of 0.5m/s (a total of 144 simulation results for
dribbling forward). Even with small changes of such measures, the
dribbling motion of the character was better stabilized visually with
Ny = 5, as shown in the accompanying video. The tracking of a
dribbling motion in physics-based motion synthesis was sensitive to
the root speed and the upper-body displacement vector (see the cost
terms in Equation (2)). Table 4 provides the numerical data on the
average tracking errors of the root speed (es),4) and the upper-body
displacement vector (e,p,)-

Table 4. Average (p) and standard deviation (o) for tracking errors of the
root speed (es,q) and the upper-body displacement vector (e,2p) according
to Ny

Ny 1 2 3 4 5 6
" 0.796 0.779 0.764 0.738 0.723 0.711
espq (m/s)
P o | £0.103 | £0.094 | £0.104 | £0.096 | +£0.108 | +£0.117
7 3.524 3.399 3.220 3.119 3.065 3.013
erap (deg.)
r o | £0478 | £0.516 | £0.555 | +0.428 | +0.488 | + 0.455

The purpose of motion refinement is to place a kicking foot at the
corresponding ball position by transforming the root trajectory. We
performed an experiment with dribbling forward to demonstrate
the effect of motion refinement in reference motion synthesis. Fix-
ing Ny = 5, we used scaling factor 7 in a range of [0.85,1.15] to
transform the root trajectory of the reference motion. The desired
running speed was varied in a range from 5.0m/s to 7.0m/s with an
increment of 0.1m/s, and the desired ball speed was as fast as 2.5
to 4.0 times each running speed with an increment of 0.5m/s. With
and without employing motion refinement, we repeated the experi-
ment 84 times using different sets of parameters. Without motion
refinement, our character kept running 27 times (32.14%) without
losing the ball control for 7 seconds of simulation. With motion
refinement, the character failed in dribbling only once (1.19%) in the
same time. In the latter case, the failure would be due to a limited
range of speed in the motion data. We also show the result in the
accompanying video (00:00:44 ~ 00:01:06).

Effective ball control requires a relatively long reference motion.
MPC-based optimization with a large window, however, incurs a
heavy computation load. Instead of using a long window for MPC,
our system synthesizes a reference motion long enough to contain
a kick pose, and performs the optimization in a short window while
shifting the window along the reference motion, as illustrated in

‘ a & &5
C
Pre-specified motion

Fig. 6. A reference motion consisting of the predicted character states (light
purple), the state with a kick pose (blue), and the pre-specified motion (pink)
around the kick pose

Figure 3. We synthesized the dribbling motions, varying the size of
the reference motion (Np). When N, was equal to Nyp; as in [Han
et al. 2016], the character tended to kick the ball abruptly or to miss
the ball. In contrast, our system successfully controlled the ball with
a long reference motion containing a kick pose. We provide the
results in the accompanying video (00:01:07 ~ 00:01:22).

When dribbling to the side or shooting a ball, the character should
plant a supporting foot at the right position and swing the other
foot timely for a ball-kicking motion. In order to generate a real-
istic kicking motion, our system uses a pre-specified kick motion
to acquire the coordinated movements around the kick pose in a
reference motion, as shown in Figure 6. Specifically, upon choosing
a character state that initiates a pre-specified kick motion, the sys-
tem simply replays a short pre-specified motion sub-clip containing
the kick pose to complete a reference motion. We performed an
experiment with shooting motion with and without this strategy
to show its effectiveness. Note that the number of frames of the
pre-specified motion is not a decision variable but determined from
the stride length change of a motion at its frames through visual
examination. This strategy enhanced the visual quality of resulting
motions significantly by preventing an abrupt transition to a kick
pose and also reduced computation time to 0.025ms/frame. We show
the result in the accompanying video (00:01:42 ~ 00:01:56).

6.3 Examples

In this section, we show the effectiveness of our system for gener-
ating soccer motions: dribbling forward, dribbling to the side, and
shooting.

Dribbling forward: We performed an experiment on the charac-
ter’s response to the mass of the ball, which was set to 0.85kg and
2.25kg. With the same desired ball speed, the heavier the ball was,
the more the character stretched its kicking leg toward the ball to
hit it hard. We finally demonstrated the robustness of the proposed
system against external perturbations. In our scenario, the opponent
perturbed the dribbling character with different forces applied to
different body parts (See Figure 7). Figure 7a shows that the op-
ponent pushed the character with a linear force (250N) applied to
the character’s torso in the lateral direction for 0.3s. Figure 7b ex-
hibits that the opponent tackled the character with an impulse force
(500N) applied to the foot. The character successfully overcame
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Animated

character

L) )
/ﬁ‘,;“>
g T

(a) Pushing (b) Tackling

Fig. 7. Two different perturbations: pushing and tackling

the unexpected perturbations while continuing dribbling. Note that
the motions of the opponent was replayed with motion clips. We
provide the results in the accompanying video (00:02:00 ~ 00:02:45).

Dribbling to the side: In order to see the ability of our system
to make turning motions with a ball, we synthesized a motion of
dribbling to the side with different turning angles 6. As shown in
Figure 8, the leaning of the character body in the turning direction
is apparent according to different values of 6, which were set to
20° and 40°, respectively. We also observed that the character made
relatively short footsteps for turning. To support the versatility of
our system, we synthesized additional soccer skills such as step-over
and feint that change the dribbling direction and deceive an oppo-
nent, respectively. The results are available in the accompanying
video (00:02:46 ~ 00:03:32).

(a) Turning angle 6 = 20°

(b) Turning angle 6 = 40°

Fig. 8. Motions for dribbling to the side with different turning angles

Shooting: We first produced motions of shooting the ball straight
with different ball speeds set to relatively large values, 20m/s, 30m/s,
and 50m/s. The character tended to kick the ball hard to move it fast
as the desired ball speed increases. We then show the effectiveness
of cost term ¢/ P25 (x!, u’) for tracking desired global foot positions,
comparing shooting motions synthesized with and without the
term. With this cost term, the character planted the supporting
foot at a right position on the ground to convincingly kick the ball
with the swing foot, as shown in Figure 9a. Without the cost term,
however, the character often planted the supporting foot at a wrong
position (Figure 9b) or failed to plant it on the ground (Figure 9c). We
finally synthesized two penalty kick motions according to different
scenarios of shooting the ball to the left and to the right of a goal,
respectively. The character was able to control the moving direction
of a swing foot according to desired turning angle 6 as shown
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©

Fig. 9. Shooting motions with and without the foot tracking cost term: (a)
A kick pose (with the cost term); (b) Planted the supporting foot at a wrong
position (without the cost term); (c) Failed to plant the supporting foot
(without the cost term)

(a) Shooting to the left

(b) Shooting to the right

Fig. 10. Ball-kicking poses in different shooting directions (The goalpost
model created by bigonethegod, courtesy of sketchfab.com)

in Figure 10. We provide the results in the accompanying video
(00:03:33 ~ 00:04:25).

7 CONCLUSIONS

In this paper, we presented a novel framework for synthesizing three
types of soccer motions: dribbling forward, dribbling to the side, and
shooting. This framework gives rise to the first physics-based full-
body motion control system for synthesizing basic soccer motions
such as dribbling and shooting, to the best of our knowledge. Our
system is able to control a human-like character in response to
online motion specifications and external perturbations.

The proposed system consists of two tightly-coupled components:
data-driven soccer motion prediction and physics-based soccer mo-
tion simulation. The former synthesizes a reference motion state
by state until a pre-specified kick motion is encountered, replay-
ing the motion to complete the reference motion. Guided by the
reference motion, the latter solves a finite-horizon optimal control
problem window by window to synthesize physically-valid soccer
motions, while shifting the window along the reference motion.
This scheme avoids the use of a large optimization window, which
results in a heavy computational burden. Together with the updated
ball trajectory, the simulated motion from the latter is fed back to the
former to facilitate the looking back strategy for reference motion
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synthesis. We present soccer-specific cost terms for physics-based
motion synthesis so that a full-body character timely kicks the ball
while chasing it. We demonstrated the effectiveness of the proposed
system through various experiments.

8 LIMITATIONS AND FUTURE WORK

Although our system can synthesize motions of dribbling to the side
faithfully in general, it is difficult to make a sharp turn while running
because of large contact forces induced at the supporting foot due
to sudden momentum change. Our system could create a motion
artifact of jerky limb movements when the character tries to balance
against such contact forces, as shown in the accompanying video
(00:04:29 ~ 00:04:40). A similar artifact could be observed in shooting
when the character kicks the ball hard with an extremely large foot
speed, due to the large momentum change of the swing leg as in the
accompanying video (00:04:41 ~ 00:04:52). We simplified the foot
geometry as a rectangular box, assuming that the character kicks
a ball only with its front side. In an actual soccer game, however,
a human player utilizes various parts of a foot such as the inner
part, the outer part, the top part, the heel, and even the sole. As
future work, we would like to extend our framework for the robust
handling of complex and subtle contacts between a foot and the
ball.

The current version of our system does not take into consider-
ation the constraints on contact forces and joint torques, which
could result in artifacts due to large contact forces or excessive
joint torques, as shown in the accompanying video (00:04:29 ~
00:04:52). The artifacts can be addressed while scarifying time effi-
ciency by employing a control-limited differential dynamic program-
ming framework [Tassa et al. 2014], which sets joint torque limits as
hard constraints in their optimal control formulation. Our system
dynamics model does not take into account self-collisions between
the character bodies to enhance computational efficiency, which
could result in self-penetration artifacts. Such artifacts can also be
alleviated by properly specifying joint angle limits as constraints
on top of our current formulation.

Our system can deal with three basic types of soccer motions such
as dribbling forward, dribbling to the side, and shooting. However,
there exist many other types of soccer motions such as trapping,
passing, heading, juggling and so on. In each of these types, a hu-
man player controls a ball with different body parts and different
footsteps. It would be an interesting future research direction to
study how to deal with all the soccer motion types with a unified
framework. One of promising approaches is employing Deep Rein-
forcement Learning (DRL) to find a control policy for each soccer
skill in an unsupervised fashion, based on the character’s interac-
tions with the ball and the environment. DRL has recently made
great progress in physics-based motion control, coming up with
approaches such as imitation learning [Peng et al. 2018, 2017] and
curriculum learning [Heess et al. 2017; Yu et al. 2018] to learn vari-
ous human-like motion skills under physical interactions with an
environment. Our framework could be extended to improve the
efficiency of DRL by effectively guiding the policy search for soccer
skills as in [Levine and Koltun 2013].
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