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ABSTRACT

In the RoboCup 3D simulation competition, how to find a flexible
and stable gait pattern is one of the keys to win the match. To
achieve such walking gait, a machine learning method of optimiz-
ing the vertical Center of Mass(CoM) trajectory is presented. The
vertical CoM trajectory is planned by multiple polynomial function.
Inverted Pendulum Model(IPM) and a numerical method are uti-
lized to control the Zero Moment Point(ZMP). Then the key param-
eters are extracted from the gait pattern, a distributed multi-robot
training environment based on RoboCup 3D simulated platform is
constructed, and the parallel multi-swarm particle swarm algorithm
is applied to optimize the parameters. The results of experiment
and competition demonstrate that the effectiveness of the proposed
method.
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1 INTRODUCTION

In recent years, many researchers have proposed a variety of ef-
fective and stable biped walking algorithms [1]. Howerver, it is
still one of the key issues in the field of biped robot research about
how to achieve a stable and fast biped walking. The Robot World
Cup(RoboCup) is an annual international robotics competition. It
aims to promote Robotics and Al research, education and applica-
tions through competition [2]. Biped walking with a flexible and
stable gait pattern in a complex dynamic environment plays a very
important role in humaniod robot soccer competition.

Biped walking of humanoid robot has been extensively studied
by means of simple models. The 3-D linear inverted pendulum
model (3-D LIPM) is one of the most widely used simplified dynamic
models of humanoid robots [3, 4]. Graf et al. [5] presented a closed-
loop 3D-LIPM gait for the RoboCup Standard Platform League
Humaniod and realized omni-directional walking on NAO biped
robot. Guo et al. [6] extended 3D-LIPM using virtual ground method
and achieved stable and dynamical omni-directional walking on a
slope. In [7], an optimal preview controller based on 3D-LIPM was
proposed. In [8], Zhang and Zhou introduced innovative geodesic
equations based on 3D-LIPM in spherical coordinate system. After
set the CoM height as a constant value, linear motion equations of
CoM can be deduced based on 3-D LIPM, but the Walking based
on 3-D LIPM is speed limited and not humanlike. Biomechanical
research has shown that the height of CoM is variable during human
walking [9], therefore some researchers have studied biped walking
with variable CoM height. Vertical CoM trajectory of the 3-D LIPM
generated by an Evolutionary Optimized Central Pattern Generator
was proposed in [10]. Guo et al. [11] proposed a modified gait
generation method based on CoM height with consine function
compensation, but they didn’t consider parameters optimization.

Many researchers optimize the gait through the evolutionary
algorithm to generate a robust and fast walking. It is a good choice
to optimize the gait parameters with machine learning algorithm.
It not only provides a great opportunity to experiment on simu-
lation humaniod robots without investing in robot hardware, but
also saves a lot of debugging time. Shafii et al.[12] applied Particle
Swarm Optimization (PSO) to optimize angular trajectories gener-
ated by modified truncated fourier series. MacAlpine successfully
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used the Covariance Matrix Adaption Evolution Strategy (CMA-ES)
algorithm to optimize a large number of gait parameters through
overlapping Layered learning for a simulated soccer-playing Hu-
manoid robot [13, 14].

POS was firstly developed by social psychologist Kennedy and
electrical engineer Eberhart in 1995 [15]. It is simple and effective
to solve global optimization problems, it has been one of the most
popular optimization algorithms. POS and its variants have been
successfully applied in various fields of science and engineering
[16-19]. In order to overcome the shortcoming of premature con-
vergence and improve PSO’s performance on complex multimodal
problems, Liang et al. proposed comprehensive learning particle
swarm optimizer (CLPSO) [20]. CLPSO was considered to have a
better performance than other PSO variants [21]. Giilcit Ad and
Kodaz H improved the performance of CLPSO by means of paral-
lel computing and proposed the parallel comprehensive learning
particle swarm optimizer(PCLPSO) [21].

In this paper, the sagittal and lateral CoM trajectories are built
utilizing numerical method [22] based on IPM [23] to control in-
verted pendulum dynamics. For the purpose of obtaining a fast,
robust and humanlike walking, CoM trajectory in Z axis is not
set as a constant value, but generated using quartic polynomial
functions. The key parameters need to be optimized are selected
from the gait pattern. Then, to shorten the time of gait optimiza-
tion and improve the performance of biped walking, a parallel
distributed training environment is established, distributed gait
optimization method is implemented for multiple robots based on
modified PCLPSO. RoboCup 3D simulation competitive platform is
a distributed multi-robot soccer competition environment [24]. It is
easy and suitable to apply PCLPSO to this platform for gait optimiza-
tion of humanoid robots. We extensively validate and evaluate our
algorithm on RoboCup 3D simulation competetitive platform. The
experimental and competitive results demonstrate the effectiveness
of the method.

2 BIPEDAL WALKING GENERATION

2.1 Vertical CoM Height and ZMP Trajectory
Generation

The vertical CoM trajectory could be generated by many methods,
such as evolutionary optimized central pattern generator (CPG)
[10], or Fourier basis functions [12, 25, 26]. An up-and-down CoM
motion is beneficial to fast biped walking [10, 12, 25, 26] . In this
paper, vertical CoM trajectory is represented by quartic polynomial
function. The equation is given in Eq. (1).

cz(t) = ap + art + agt® + ast’ + agt? (1)

Where ag, a1, az, as, a4, are gait parameters that need to be opti-
mized. Erbatur and Kurt [27] studied the effects of fix and moving
ZMP reference trajectories on biped walking, and the research
shows that the ZMP reference moving forward under the support-
ing foot is naturalness and energy efficient. In order to obtain such
natural ZMP reference, during the single support phase linear equa-
tion is adopted to represent ZMP reference. We assume that the
center of supporting foot is origin of coordinate. The sagittal ZMP
reference is given in Eq. (2). The lateral ZMP reference is set as the
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center of supporting foot.
Px(t) = b1t + bo ()

Where t € [0, Ts], bo = pxmins b1 = Pxmax—Pxmin)/Ts: Pxmin
is heel position, pxmax is symbolizes toe position, T is step period.

2.2 Horizontal CoM trajectory

IPM is a simple physical model, it assumes that all masses are
concentrated on the trunk of the robot and the support leg has
no mass. Unlike 3D-LIPM where the vertical CoM height is fixed,
the vertical CoM height in IPM can be variable. IPM is well suited
for applications of biped walking where the vertical CoM height
is variable. We assume that ¢ = (cy, cy,cz) is the CoM position
while p = (px, py, 0) represents ZMP position. if the ZMP trajectory
keeps firmly inside the area covered by the support foot, the given
biped locomotion will be physically stable and the robot will not
fall over while walking. For the purpose of simple bipedal walking
planning, angular momentum rate changes are omitted. Hence the
ZMP trajectory is respectively planed in the sagittal and lateral
plane. The ZMP equations take the form:

cz(t)cx(t)

Px(t) = cx(t) - 7+ G0 ©)
B cz(t)cy(t)
py(t) = cy(t) - FETAD) (4)

Where g is the gravitational acceleration.

In Eq. (1) and Eq. (2), vertical CoM height and ZMP trajectory
generation have been given. According to Eq. (3) and Eq. (4), hori-
zontal CoM trajectories can be obtained through solving differential
equation. Kagami et al. present an effective approach to solve differ-
ential equation [22], the ZMP trajectory is discretized with a small

time-step At by approximate acceleration.
iAt — i, cx(iAt) = cx (i) (5)

cx(i—1) = 2cx(i) + cx(i + 1)

S (iAt) — AL (6)

Where i = 1, - -, n. Discrete ZMP equation take the forms:
Px(i) = ajcx (i — 1) + Picx (i) + ajcx (i + 1) (7)

1 c.(iAt)
s = RN 8
HE TN g+ G(ihr) ®)
2 c.(iAt)
=1 — 2 9
hi=1+3p g+ ¢z (iAt) ©)
We assume that ¢, (0) = ¢x(1), cx(n) = cx(n + 1), then
Px(1) = (a1 + Br)ex(1) + arex(2) (10)
px(n) = ancx(n—1) + (an + fn)ex(n) (11)
Eq. (7) can be expressed in a matrix form as follows:

Py = KCx (12)

Where
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a1 + ﬂl aq 0
az P2
a3 f3 a3
K= ,
Otn.—l ﬁr;—1 an-1
0 oan an + Pn
Ppx(1) cx (1)
px(2) cx(2)
Px(3) cx(3)
Pe=| - |c=|
pa(n—1) ex(n—1)
Px(n) cx(n)

Py is given by Eq. (2) and matrix K is calculated by Eq. (8), Eq.
(9). Then according to Thomas Algorithm, Cy can be obtained by
solving the tridiagonal equation Eq. (12). Cy represents the CoM
trajectory in sagittal plane. The CoM trajectory in lateral plane can
be obtained in the same way.

2.3 Swing Leg Trajectory Generation

The trajectory of swing leg can be generated by sine, cosine, and
Bezier curve. The bipedal walking is divided into two stages: the
single support phase and the double support phase. If at the start
and landing time, the speed and acceleration of the swing leg is zero,
it ensures that the biped walking will be stable during the switch
between the single support phase and the double support phase.
So the trajectory of swing leg is generated based on synthesis of
simple harmonic motion in this paper.

[ Haw(Ft = Fesin(3E D) tefo, 2]
ZSW(t) - 2 1 . /4 Ts (13)
st(—T—st+Esm T—ét)+2) tE(T,TS]
t 1 . 2
xsw(t) = Dsw(T—s - ESM(T_St)) (14)

Where z;,,(t) is the vertical trajectory of swing leg , xs,(2) is
the trajectory of swing leg in sagial plane, Hs,, is the maximum
height of swing leg foot, Dg,, is step length.

3 GAIT OPTIMIZATION BASED ON
PARALLEL MULTI-SWARM PARTICLE
SWARM ALGORITHM

3.1 PSO, CLPSO and PCLPSO

PSO is an efficient optimization approach with stochastic and par-
allel characteristics. Multiple particles are searching for object in
multi-dimensional search space [28]. Compared to other intelli-
gence optimization algorithms, PSO has faster convergence speed
and more robust performance. In each iteration, the fitness value
of each particle is calculated based on the fitness function. After
each iteration, each particle is updated by two best values. The
first one is the best fitness it has achieved so far and called "pbest".
Another value is global optimum in the whole population which

called "gbest" . Hence, The velocity and position of particles in each
dimension are updated according to Eq. (15) and (16).

vlk+1) = weol(k)+ ey # rand1d = (pbest? — x¥ (k)
+co * randzfl * (gbestd - X;j(k)) (15)
x(k + 1) = 04 (k) + x4 (k) (16)

Where w is inertia weight, v?(k) is the dth component of the

velocity vector of the ith particle in the kth iteration, x;i(k) is the
dth component of the postion vector of the ith particle in the kth
iteration. ci, ¢z are learning factors. rand 1? and randZ? are two
random numbers between [0,1]. It means that different component
in the velocity vector of a particle has different random numbers
when updating the particle velocity by Eq. (15).

CLPSO is an effective variant of PSO. A comprehensive learning
strategy is proposed in CLPSO. In its velocity updating eqution, a
randomly selected pbest of all particles is adopted, but the gbest is
not used. The formula is as follows:

0d(k +1) = w* 02 (k) + ¢ * rand? (pbest}i_(d) ~x3(k)  (7)

Where fi(d) = [fi(1), fi(2), ..., fi(D)] is arandomly selected particle
iin the swarm which decided by probability P. P, is gived in Eq.
18. ps is the population size. The detailed flowchart of computing
fi(d) is shown in [20].

exp(14=))

exp(10) — 1)
Another feature of CLPSO is the refreshing gap parameter m. This
parameter is a switch used for escaping from a local optimum. If a
particle can not find a better pbest after continuous m iterations,
the traditional velocity updating equation including gbest will be
used once.

PCLPSO is a better variation of CLPSO. The population of par-
ticles is divided in multiple swarms in PCLPSO which includes a
master-swarm and several slave-swarms. All swarms run PCLPSO
in a cluster environment at the same time. The "gbest" ,'lbest",
"pbest" in PCLPSO are defined as follows: "gbest" is the global best
solution in the population including all swarms, "lbest" is the local
best solution of a swarm, "pbest" is the best solution of a particle.
After a certain number of iterations, each slave-swarm sends its
local best “Ibest” of its swarm to the master-swarm. The master-
swarm selects the best solution as "gbest" from all local best "Ibest”
including its own, and then sends the "gbest" to all slave-swarms.
Each swarm randomly chooses a particle and this particle updates
its "pbest” with the received best solution "gbest" . The distributed
parallel computing strategy of PCLPSO contributes to improve the
quality of solution and comutational efficiency, shorten the optimize
time and enhance the robustness.

P, =0.05+0.45 = (18)

3.2 The choice of gait parameter and fitness
function
3.2.1 The choice of gait parameters. There are more than 40 gait
parameters that need to be optimized in the biped gait optimization
problem. If these parameters are optimized altogether, the speed
of convergence is influenced because of the enormous searching
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Table 1: Gait parameters need to be optimized

Parameter Description
ap, ai,as, as, a4 Vertical CoM trajectory
Dy Step length
Dy Step width
Hgyy Maximum height of the swing leg foot
Se Turn body angle
T Step period
Ty Period for the double support foot
Zmpofr Constant offset of ZMP
xf Distance from the center of two feet to CoM

space. Hence, in this paper we just chose several key parameters,
as shown in table 1, which affect the walking speed and stability
for the gait optimization.

3.2.2  fitness function. A good evaluation criterion plays an very
important role in optimization results. The following evaluation
criteria were used for judging a gait.

1) Walking distance during one period.

fdis = ||¢end - ¢smrt” (19)

Where @s;qr; is the initial coordinate of robot during training, ¢, 4
is the last coordinate of robot at the end of a training period.

2) As is shown in [29], if the ZMP trajectory is kept firmly inside
the support polygon, the robot will not fall down while walking. In
this paper, ZMP coordinate of walking sequence will be considered
to evaluate the gait.

N
femp = > k) = pxRD? + (Byk) — py(k)?  (20)
k=1
Where pyx(k), py(k) is the expected ZMP coordinate of walking
sequence, px(k), py(k) is the measured ZMP coordinate of walking
sequence.

3) The trunk of the robot should be always stable and do not
shake while walking. During training, at the initial time of the
double support phase, the expected CoM coordinate is the center
of two feet. But in fact there is always a deviation between two
coordinates. So the trunk shaking is detected by comparing two
coordinates between CoM and the center of two feet at the initial
time of the double support phase.

XfootR t XfootL

Xf=Cx — 5 (21)
0 b <th
fshake = {c faoﬁ;czfrivise ’ (22)

XfootR> XfoorL are the coordinates of two feet at the initial time
during the double support phase. thyg is the set threshold value,
fshake is penalty value and c is a positive constant.

If the robot falls down during training, a positive constant fr4jing
will be given as a penalty value. Hence, the fitness function is as
follows

F=y1fais = v2fzmp — V3Sshake = fFalling (23)
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Where y1, y2, y3 are discount factors.

3.3 Gait optimization based on PCLPSO in
distributed environment

In the RoboCup 3D simulation competition, a client is a indepen-
dent program which control a simulated NAO robot. All clients
connect to the RoboCup 3d simulated soccer server. The clients
and the server can run on multiple computers in a distributed en-
vironment. The cluster structure based on PCLPSO and RoboCup
3D simulated environment is shown in Fig. 1(a), which a swarm
runs on a computer, Fig. 1(b) shows another structure which a slave
swarm runs on multiple computers.In [21], all particles in a swarm
run on the same computer in PCLPSO. So it is not suitable to apply
PCLPSO directly to the RoboCup 3D simulated environment for
optimization .

In this paper, PCLPSO is decomposed into three algorithms to
adapt to our new cluster structure. In our cluster structure, the
master has no swarm, and its main function is to send initial pa-
rameters to slave swarms, collect "lbest" from slave swarms and
send "gbest" to slave swarms. The detailed algorithm of the master
is shown in Alg. 1. A swap program is added in slave swarm for the
purpose of swapping data between the master and all clients of a
slave swarm, as is shown in Alg. 2. A client is a particle of a swarm.
This is the main section of gait optimization based on PCLPSO, in-
cluding calculating ZMP Trajectory, 3D CoM Trajectory and Swing
leg Trajectory based on bipedal walking generation, calculating all
joint angles of Robot NAO in a walk cycle, performing a walk in
Robocup 3D simulation environment calculate fitness and updating
the velocity and position based on PCLPSO. The detailed algorithm
of a client is shown in Alg. 3. Gait optimization process of a client
based on PCLPSO is shown in Fig. 2.

Algorithm 1 The PCLPSO Algorithm in Master

1 intn /* Number of the swarms */

2 int k /* Population size of each swarm */

3: int P /* Migration period */

4: Array EP /* ElitePool, it stores the local best solutions
*/

5: int m /* the refreshing gap */

6: double w, c1, c2
coefficients */

7: Initialize the parameters n, k, P, m, w, c1, c2

8: Wait until all slave swarms have been launched and connected
to this Master

9: The master sends the parameters to the slaves

10: repeat

11:  Wait until all slave swarms have sent IBest to the master

12:  The master stores the IBests into the EP

13:  The master finds the gBest in the EP and empties the EP

14:  The master sends the gBest to the slaves

15: until the stopping criterion is met

16: return

/* the inertia weight and the acceleration
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Matser
No swarm

bowd:i:1

1 7 clients, a swap and a}

i RoboCup 3D Server !
in a computer

pown:i:l

17 clients, a swap and a;

+ RoboCup 3D Server !
in a computer

A slave swarm

A slave swarm

(a) The cluster structure in which a swarm runs on a
computer

_________________________

local best solution

global best solution

A slave swarm

(b) A slave swarm runs on multiple computers

Figure 1: The cluster structure based on PCLPSO and
RoboCup 3D simulated environment

4 EXPERIMENTS AND RESULT

The work is fully implemented and validated using simulation Nao
which is currently used in RoboCup 3D simulated platform . Biped
robot NAO has 57cm and 22 degrees of freedom(DOF). RoboCup
3D Server uses the Open Dynamics Engine(ODE) for its realistic
simulation of rigid body dynamics with collision detection and
friction [24]. Gait optimized in simulation can also translate the
application in real Aldebaran Nao [26]. A training scene graph of a
slave swarm is shown in Fig. 3.

4.1 Experiment 1: contrast between
Multi-swarm PSO and PSO

In order to verify the effectiveness of the proposed distributed algo-
rithm based on the parallel multi-swarm PSO, we firstly optimize
the forward walk based on the evaluation criterion of speed and
stability. Eq. 23 is used as the fitness function. The trajectories of
best fitness value with constant CoM height and ZMP trajectory are

Algorithm 2 The PCLPSO Algorithm in the swap program of a
slave swarm

1: int n,k,P,m

2: double w, c1, c2

3. Array LP
swarm */

4: Connect to the Master

5: Wait until the parameters are received from the master

6: Send the parameters to the clients in this swarm

7

8

9

/* LocalPool, it stores the all pbests in a

cintd =0
: repeat
d++
10:  Wait until all pBests in this slave swarm are received
11:  Store the pBests into the LP
122 if d mod P == 0 then

13: Find the 1Best in the LP

14: Send the 1Best to the master

15: Wait until the gBest is received from the master
16: Randomly update a IBest with the gBest in the LP

17: end if

18:  Send the LP to the all clients in this swarm
19: until the stopping criterion is met

20: return

shown in Fig. 4. Fig. 4 shows that the best fitness value increases
with increasing the number of iterations. When gait parameters
are optimized based on multi-swarm PSO, after approximately 80
iterationsthe the best fitness value reaches the maximum and the
biped robot which used these optimized gait parameters can walk
6.5m in 10 seconds with the average speed of 0.65m/s. While the
ultimate average speed is 0.56m/s when the gait parameters is op-
timized based on PSO. Compared to PSO, the effectiveness of gait
optimization based on multi-swarm PSO is also reflected in the
walking stability of the biped robot. Walking stability detected by
Eq. 21 is shown in Fig. 5. The x¢ based On multi-swarm PSO is in a
small range compared to PSO. The optimized trajectories of swing
leg for forward walking is shown in Fig. 6 and Fig. 7. At the start
and landing time, the optimized trajectory of swing leg is parallel
to the ground which ensure the stability during the switch between
the single support phase and the double support step phase.

4.2 Experiment 2: contrast between variable
and constant trajectories of CoM height
and ZMP

To verify the effectiveness of the proposed trajectories generation of
vertical CoM height and ZMP, the parameters of Eq. 1 and Eq. 2 are
optimized. Before training , the parameters of the gait are set based
on previous experience of debugging and the biped gait is slow
and has poor stability. We optimize the forward walk with variable
vertical CoM height based on multi-swarm PSO in the same way
as experiment 1. the biped robot can walk 7.4 m in 10 seconds with
the average speed of 0.74m/s. The result shows that the speed of
biped robot with variable vertical CoM height and ZMP trajectories
is faster than the speed of biped robot with fixed vertical CoM
height and ZMP trajectories. Fig. 8 shows optimized vertical CoM
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Figure 5: Walking stability detected by Eq. 21

direction. Gait parameters which have been optimized for forward
walk is shown in Table 2.
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Algorithm 3 The PCLPSO Algorithm in a client of a slave swarm

1:
2:
3:

int n,m

double w, c1, c2
Array LP
swarm */

/* LocalPool, it stores the all pbests in a

: Connect to the swap program in a swarm
: Wait until the Parameters are received from the swap program

in a swarm

: Initialize the Parameters n, m, w, c1, c2
. Initialize position and velocity
: Calculate ZMP Trajectory, 3D CoM Trajectory and Swing leg

Trajectory based on bipedal walking generation

: Calculate all joint angles of Robot NAO in a walk cycle
10:
11:
12:

Perform a walk in RoboCup 3D simulation environment
Calculate fitness
Update pBest /* Update the pBest of the particle */

0.15

xsw(m)

0.051 1

0 . . .
0 0.05 0.1 0.15

Time(s)

Figure 7: Optimized trajectory of swing leg in x direction

0.196

0.194 \

\ /
\ /

0.1921

0.191

Vetical CoM(m)

0.188" \

0.186

/
//
\ /
6 0.1

\
\\

0.184 :
0 0.02 0.04 0.0

0.08
Times(s)

0.12 0.14 0.16 0.18

Figure 8: Optimized vertical CoM trajectory

Table 2: Gait parameters have been optimized

13: Send the pBest to the swap program
14: Wait until the LP is received from the swap program
15: Update the LP
16: Find the 1Best in the LP
17: repeat
18:  Update the velocity and position based on PCLPSO
19:  Calculate ZMP Trajectory, 3D CoM Trajectory and Swing
leg Trajectory based on bipedal walking generation
20:  Calculate all joint angles of Robot NAO in a walk cycle
21:  Perform a walk in Robocup 3D simulation environment
22:  Calculate fitness
23:  Update pBest /* Update the pBest of the particle */
24:  Send the pBest to the swap program
25:  Wait until the LP is received from the swap program
26:  Update the LP
27:  Find the 1Best in the LP
28: until the stopping criterion is met
29: return
0.1
0.08 1
__0.06F
E
3
N
0.04¢
0.02¢
0 ‘ ‘ ‘
0 0.05 0.1 0.15

Time(s)

Figure 6: Optimized trajectory of swing leg in z direction

Parameter Optimized value
ao 0.1954
a 0.0831
az -8.7899
as 98.7102
as -293.648
Dg 0.141m
Hio 0.083m
T, 0.168s
T, 0.016s

4.3 Experiment 3: the layered learning of gait
optimization
In order to adapt to the dynamic walk of biped robot, the gait

should to be further optimized. In this paper, the layered learning
[14, 30] of gait optimization is applied. The parameters selected to
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Figure 9: Optimized CoM and ZMP trajectory in x direction

Table 3: Turning performance test

Walking distance Initial angle Time Optimized speed

(m) ) (s) (m/s)
15 30 21.27 0.705
15 45 21.45 0.699
15 60 21.78 0.689
15 90 22.42 0.669

be optimized and the range of these parameters are added step by
step in the gait Optimization. For training an omnidirectional walk,
the gait parameters of lateral walking and the turning angle are
added in the optimization based on experiment 2. The maximum
distance of lateral walking is 0.04 and the maximum turning angle
is 15A¥in each step. The two different target points are set up for
the biped robot walking in the optimization process. Table 3 shows
the results of turning performance test. The initial angle is the angle
between the body orientation of robot and the target point at the
training initial time. The results in table 3 show that the layered
learning of gait optimization is effective.

5 CONCLUSIONS

In this paper, distributed gait optimization method is presented for
multiple robot based on multi-swarm PSO. The experimental results
demonstrate that the proposed algorithm shows better performance
than traditional PSO. The proposed algorithm could help to greatly
shorten the time of gait optimization and improve the efficiency
of gait optimization. Meanwhile, a machine learning method of
optimizing the vertical CoM trajectory is presented. Simulation
experiments show that the biped robot with variable vertical CoM
height and ZMP trajectory could walk faster than the biped robot
with fixed vertical CoM height and ZMP trajectory. Finally, the
gait optimization method based on layered learning is presented
to achieve an omnidirectional walk for a biped robot. The gait
optimized by the presented method has been successfully realized
in our CIT3D team. And our CIT3D team won twice second runner-
up in the RoboCup ChinaOpen(2016, 2017). Compared to CMA-ES

Chunguang Li, Rongyi He, Lina Yao, and Chongben Tao

used in [13, 14, 26], we proposed another effective method for gait
optimization. Cloud training environment based on the proposed
algorithm will be established to train all kinds of skills for biped
robot in the future.
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