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Abstract—Locomotion performance is a critical component of
any humanoid robot application. The procedure of optimising
a walk engine has a high cost in both resources and time. The
selection of the most appropriate optimisation algorithm, fitness
function, and parameter space to maximise the benefit—cost ratio
can dramatically improve the performance of the optimisation
process.

In this paper, we compare different meta—optimised optimi-
sation algorithms, different fitness functions, and two different
parameter spaces, in a physics—based simulation. The purpose of
the comparison is to select the most appropriate combination to
be used in hardware. The combination that yields the greatest
increase in walk performance given a fixed expenditure is
considered as the best, and is implemented in hardware.

We found that Policy Gradient Reinforcement Learning with
a fitness function based on the efficiency and a parameter space
expanded to include the joint stiffnesses not only performed
the best, in terms of improving the walk speed and efficiency,
but also in terms of selecting gaits that were more stable. This
combination was then applied to the physical NAO, improving
the default walk’s speed by 57% and its efficiency by 30%.

I. INTRODUCTION

Humanoid robot locomotion is a challenging area that has
been the topic of a significant body of research [1]-[4].
However, the performance of current walk engines leaves
much to be improved upon. In addition to developing a new
improved walk engine, an existing engine can be improved
through optimisation of walk parameters [5], [6].

The process of optimising a walk engine in hardware is
costly, requiring large amounts of time because fitness eval-
uations can take minutes to perform. Furthermore, the nature
of the optimisation process itself places significant stress on
a humanoid robot. New untested parameters are tried, many
of these parameters will result in unstable gaits, causing the
robot to fall.

In this work we seek to maximise the performance of an
existing walk engine, while attempting to minimise the stress
placed on the robot. To achieve this goal, we make extensive
use of a simulator [7] to design the walk optimiser, with the
aim of applying the optimiser only a single time in hardware.

There are three core components of a walk optimiser; the
algorithm, the fitness function and the parameter space. Firstly,
we need to determine which algorithm to use, as well as
the parameters for that algorithm that best suit the problem
of walk optimisation. We compare three different algorithms;
Evolutionary Hill Climbing with Line Search (EHCLS) [8],
Policy Gradient Reinforcement Learning (PGRL) [9], and
Gaussian Particle Swarm Optimisation (GPSO) [10]; each of
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which has been meta-optimised to select the most appropriate
set of algorithm parameters.

The second component is the fitness function, that is, the
mapping from a set of walk parameters to a fitness value
reflecting the desirability of the resultant gait. Fitness functions
based on speed, efficiency, and the walking Froude—number
are compared.

The final component of a walk optimiser is the parameter
space over which to optimise. We consider both the standard
parameter space, as well as a parameter space expanded to
include joint stiffnesses for each motor in the legs [11].

The target application for the walk optimiser is Aldebaran’s
NAO. This humanoid robot is used in RoboCup’s Standard
Platform League [12], which presents an interesting challenge
to any walk engine.

The remainder of this paper, firstly, presents descriptions
of the algorithms, fitness functions and parameter spaces
compared. The simulation package is then discussed, along
with the result of the meta—optimisation of each algorithm. The
results of the comparison in the simulator are then presented,
and the best combination is selected. Finally, results of the
application to the physical NAO are presented.

II. OPTIMISATION ALGORITHMS
A. Evolutionary Hill Climbing with Line Search

The EHCLS algorithm in [8] was used, with modifications
such that the limits of the search space for each parameter are
used explicitly to determine the size of the mutation in each
dimension. The algorithm is as follows:

Opest = 0 = Initial Parameters
loop
Fitness = calculateFitness(6)
if Fitness > Best then
Opest = 0
Improvement = Fitness — Best
o = 0.95 | tanh pglmEmeemEnt |
end if
if CountSinceImprovement > ResetLimit then
Best = ResetFraction - Best

a=0
end if
0 = Opest + (Opest — Opreviousvest) + (1 — a)yp - range(0)
end loop
h _ N 0 CountSincelmprovement 1 ifi
where ¥ = N (0, nexp( Sy g —1)) specifies

the size of the mutation and range(f) = {#me® — gmin}P
defines the search space for each parameter.

There are three parameters of the EHCLS that can be tuned
to suit a particular problem; 7 controls the size of the mutation
at each iteration, Reset Limit specifies the reset frequency and
ResetF'raction specifies the reset amount.
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B. Policy Gradient Reinforcement Learning

The PGRL algorithm in [9] was used with a modified
calculation of the adjustment vector A. A sigmoid function
was introduced to compress the estimated gradient. This was
done to improve the convergence speed of the algorithm and
to better handle policies that have a near-zero fitness, which
occur frequently when a policy results in the robot falling. The
algorithm is as follows:

0 = Initial Parameters
loop
{0}V = generatePolicies(d,e)
Fitness = calculateFitness({©}Y)
for i =0to D do
Avgy . < average fitness for all ©F that have
) a positive perturbation in dimension ¢
Avgg < average fitness for all ©F that have
) no perturbation in dimension ¢
Awg® , < average fitness for all ©F that have
) a negative perturbation in dimension ¢
if Avgy > Avg',, and Avgy > Avg’ _ then
else ) )
A; = ntanh(Avg — Avg" ) - range(0)
end if
end for
0=0+A
end loop
where 7) controls the step size, € is the size of the perturbation
applied to each dimension in the policy generation stage and
N is the number of policies generated near 6 at each iteration.

Each of these parameters can be meta-optimised.

C. Gaussian Particle Swarm Optimisation

The GPSO algorithm in [10] was used, with an initial swarm
randomly distributed over the entire search space. The particle
values are restricted to range(6) and the particle velocities
to +0.5range(d). The algorithm is as follows:

{0} = generateParticles(N)
loop
Fitness = calculateFitness({©}Y)
{pbest} N <« personal best for each particle
gbest < global best of all particles
{6} = IN(0, D ({pbest} — {O}Y) + [N (0, 1)|(gbest — {E})
{0} = (e} + {6}
end loop

where N is the number of particles, and N(0, 1) is the normal
distribution. The parameter N is the only value that can be
meta—optimised with this implementation of particle swarm
optimisation.

III. FITNESS FUNCTIONS FOR OPTIMISATION

To throughly test the performance of a set of walk pa-
rameters for an omni—directional walk engine, it is essential
to measure the fitness of the parameters over a range of
speeds and directions. Furthermore, incorporating changes in
direction and start-stop segments, measures the agility of a
walk. For these reasons, the optimisation was performed using
the path shown in Fig.1, which includes forward, sideward and
diagonal components, as well as a difficult omni—directional
backward spin. The path is specified to the robot as a sequence
of waypoints. The exact path the robot takes to each of the
waypoints becomes part of the optimisation problem.

We consider three fitness functions in this paper; one based
on the average speed over the path, a second based on the

Fig. 1. The path over which the fitness of a set of walk parameters is
determined. The black line indicates the path between the way points of the
path, the dashed line displays a typical travelled path, and the dashed lines
coming from the robot indicate its orientation.

energy used over the path, and a third based on the Froude—
number.

A. Speed

The speed-based fitness function, Fg, is given by:

Fo = diff%’;ce . O'S‘d’gt“"ce if path not completed
tiﬁ S if path completed

where D is the distance of the path shown in Fig. 1.

For parameters that successfully complete the path, the
fitness is simply the average speed. The path distance is used
instead of the actual distance travelled, to avoid rewarding the
robot for deviating from the path. However, if the path is not
completed, the fitness is reduced by a half, to penalise the
parameter set for being unstable, and is also scaled by the
ratio of the distance travelled and the complete path distance,
to penalise parameters that fall over quickly.

B. Efficiency

The cost of transport, c.¢, is given by:

energy . D :
(o= ) moD U5 distance if path not completed
et — .
% if path completed

where energy is the total amount of energy consumed com-
pleting the path, m is the mass of the robot and D is the path
distance. The energy is measured using the voltage and current
readings from the battery and motors.

The c.; is then used to calculate the cost-based fitness, F¢
using:
180
B 4 + Cet ’

Fc

This fitness function was chosen to give F¢ similar prop-
erties as Fg. In that it has a comparable range of values, and
is a maximum for when the efficiency is the highest. This
scaling allows the fitness functions to be interchanged without
modifications to the optimisation algorithms.
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C. Froude—Number

The fitness function based on the Froude-number for
bipedal walking [13] is given by:
]:2
Fr=20—2
gl
where ¢ is the height of the torso of the robot and is measured
kinematically for each set of parameters. The scaling factor of
20 is used to give this function a similar range to that of Fg
and Fo.

IV. PARAMETER SPACES FOR OPTIMISATION

In addition to optimising the walk parameters, the stiffness,
or controller gain, of each joint can also be optimised to
improve performance [11], [14]. We vary the joint stiffness
such that the values are the same for the left and right leg,
however, each of the six degrees of freedom in the leg can
differ. When the stiffnesses are added to the walk parameters,
the optimisation problem is increased by six dimensions.

V. THE WALK ENGINE AND SIMULATOR

The walk engine selected for optimisation was an omni—
directional walk engine using ZMP preview control [15]. This
engine was selected based on its similarity to the walk engine
provided with the NAO. The walk parameters for optimisation
are shown in Table I.

TABLE I
WALK PARAMETERS FOR NBWALK2010
Parameter Min Max
MaxVelocities [0,0,0] [70,70,2]
MaxAccelerations [0,0,0] [140,140,4]
StepFrequency 1 Hz 5 Hz
StepHeight 0 cm 8 cm
ZMPStatic 0 1
ZMPOffset 0 cm 7 cm
SensorGain [0,0] [0.2,0.2]
SensorSpring [0,0] [1000,1000]
DSFraction 0.1 0.8
HipHack 0 rad 0.3 rad
FootLift -0.4 rad 0.4 rad
FootOrientation -0.2 rad 0.4 rad
TorsoHeight 25 cm 32 cm

The Webots simulation package [7] was used to perform all
of the experiments in this paper. The existing RobotStadium
environment included with the package was used, however,
a customised model that more accurately matches the actual
NAO was used.

VI. META-OPTIMISATION OF ALGORITHMS

To adequately compare the algorithms, each needs to be
meta—optimised. For the purposes of meta—optimisation the
algorithms worked on Fg with the stiffnesses dimensions.
A grid search was employed to select the best parameters
for each algorithm. Four to six instances of the simulation
at each grid point were run to improve the certainty of the
measurement.

The fitness function for the meta—optimisation was the mean
speed of the best selected gaits after a fixed expenditure. The

expense ($) after a given number of iterations, ¢, and a number
of falls, f, is given by

expense =1+ 9f.

The expense is calculated in this way to reflect the stress
placed on the robot hardware by the optimisation process. A
fall costs 9 times more than a successful iteration, because
it places significantly more stress on the robot. Thus, for a
fixed expenditure of $2000, it is possible to perform between
220 and 2000 iterations depending on the fall rate during the
optimisation procedure.

The EHCLS performed best with = 0.1, ResetLimit = 5
and ResetFraction = 0.995. The low ResetLimit indicates
the algorithm quickly discards the gradient component, when
it fails to result in further improvements.

The PGRL performed best with n = 0.05, ¢ = 0.05 and
N = 12. It was noted that n and ¢ needed to have comparable
values, this prevents the algorithm from overstepping the area
under which its gradient estimate is useful.

The GPSO performed best with a swarm size of N = 30,
slightly larger than the number of dimensions.

VII. COMPARISON OF ALGORITHMS

Each of the three optimisation algorithms were tested with
each fitness function, and with both parameter spaces; giving
a total of 18 combinations. Each combination was tested 12
times to enable an adequate assessment of the performance, in
particular, with respect to the variation in performance between
trials. The results of the 216 simulation trials are summarised
in Fig. 2.

The quality of the selected gaits after a fixed expenditure
is used to assess the performance of each algorithm. Speed,
cost of transport, and stability of a gait are the three features
considered. Table II shows the mean performance of the gaits
selected by each algorithm operating on each of the three
fitness functions and two parameter spaces. In this way the
comparison of the algorithms is more general, than if only
a single fitness function and parameter space had been used.
The standard deviation for each quantity is shown in brackets.
Fig. 3 shows the progress of each algorithm as a function of
expense.

The final column in Table II is the average fall percentage,
and is used to assess the stability of a gait. For example,
the EHCLS has a fall percentage of 16.3%. This means that
on average, the best gaits selected by the EHCLS, have a
16.3% chance of causing the robot to fall while traversing
the optimisation path.

TABLE II
PERFORMANCE OF ALGORITHMS
Algorithm | Speed (cm/s) | Efficiency (J/Nm) | Falls (%)
EHCLS 18.2 (0.8) 4.22 (0.31) 16.3
PGRL 18.5 (0.6) 4.07 (0.18) 8.7
GPSO 18.5 (0.8) 4.38 (0.28) 11.9

It is clear that after meta—optimisation each of the three
algorithms produce gaits that have similar speeds and effi-
ciencies, which are greatly improved over the initial starting
point. The PGRL performs slightly better in this respect than
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Fig. 2. The results of each optimisation algorithm operating on each of the three fitness functions, and the two parameters spaces, is shown. The thick red
lines indicate the median speed, while the two thin red lines are the 25th and 75th percentiles. The thick blue line indicates the median cost of transport, and
the two thin lines are the 25th and 75th percentiles.
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Fig. 3. The speed and efficiency of the three optimisation algorithms tested.
Only the median is plotted for each algorithm, and the results for each
algorithm have the same colour.
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Fig. 4. The speed and efficiency of the each of the three fitness functions

tested. Only the median is plotted.

the other two, and also has less variation between the selected
gaits. The PGRL also produces gaits that have a significantly
lower fall percentage, implying that the gaits selected by
PGRL are more stable than those selected by EHCLS or
GPSO. This improvement in stability is achieved despite each
algorithm using the same implicit stability measure in the
fitness functions.

This stability stems from the way the PGRL algorithm
works. It takes the average of several nearby policies to
estimate the gradient, this results in it avoiding areas where
the gaits may be fast, but are either inconsistent, or such that
small changes to the walk parameters result in instability.
Conversely, an algorithm like the EHCLS has a tendency
to explore areas where the gaits are fast, but potentially
inconsistent, because it uses only a single trial to evaluate
a set of walk parameters.

VIII. COMPARISON OF FITNESS FUNCTIONS

In a similar fashion to the presentation of the results for the
comparison of the algorithms, the mean speed, efficiency and
fall percentage are shown in Table III for each fitness function.
The evolution of the performance as a function of expense is
shown in Fig. 4.

TABLE III
PERFORMANCE OF FITNESS FUNCTIONS

Function Speed (cm/s) | Efficiency (J/Nm) | Falls (%)
Speed 18.2 (0.8) 4.36 (0.34) 15.4

Efficiency 18.6 (0.6) 3.99 (0.19) 8.0
Froude 18.3 (0.8) 4.32 (0.24) 13.7

Comparison of Parameter Spaces
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Fig. 5. The average performance of the parameter space with and without
the additional stiffness dimensions. The median values of the speed and cost
of transport are shown in the same colour for the two spaces.

The results in Table III demonstrate that the cost of transport
based fitness function outperforms the other two in every
respect. Interestingly, it even outperforms the speed based
fitness function at improving the walk speed. The NAO has
a high idle energy consumption, so the efficiency can be
significantly improved by simply completing the path faster.
This property makes optimising the efficiency particularly
effective at simultaneously improving the speed. Furthermore,
humans also have a high basal energy consumption [16],
and there is evidence to support the proposition that human
evolution has used a cost of transport based fitness function
[17].

The cost of transport based fitness function also selects
gaits that are significantly more stable. The gaits are forced
to exploit the natural dynamics of the robot to become more
efficient. Additionally, the walks become smoother as unnec-
essary jerk is reduced to conserve energy. These features make
the walks inherently more stable.

IX. COMPARISON OF PARAMETER SPACES

The mean speeds, efficiencies, and fall percentages for the
parameter spaces with and without stiffness are shown in Table
IV, and the evolution of the performance is shown in Fig. 5.

TABLE IV
PERFORMANCE OF PARAMETER SPACES

Stiffness | Speed (cm/s) | Efficiency (J/Nm) | Falls (%)
With 17.9 (0.7) 4.24 (0.29) 9.7
Without 18.8 (0.8) 4.37 (0.22) 15.1

Table IV shows that the gaits produced with stiffness are
slower. However, they are more efficient and more stable.
Lowering the stiffness in each joint has the effect of both
reducing the maximum torque exerted by the motor and
reducing the controller gain. This allows the robot to ‘settle’
into a more efficient gait, rather than attempting to rigidly
follow joint trajectories produced by an imperfect walk engine.

Focusing on the PGRL algorithm, when the extra stiff-
ness dimensions are added, the mean gait speed drops from
19.2¢m/s to 18.2cm/s. However, the mean fall percentage
halves from 11.8% to 5.6%. Focusing further still on the PGRL
with efficiency based fitness function, the speed decreases
from 19.1cm/s to 18.1cm/s, however, the fall percentage
reduces from 2.1% to a perfect zero. That is, when using
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Fig. 6. The results of the PGRL with additional stiffness parameters and
efficiency based fitness function on a real NAO. The black line represents the
best speed and efficiency, and the grey line indicates the individual speed and
efficiency for each set of walk parameters tried.

PGRL with F¢ and the additional stiffness parameters, none
of the best selected gaits ever fall.

This result is especially important for the application of this
optimisation process to a physical NAO. This indicates that if
this configuration is run only a single time, it is highly likely
that a gait that never falls over will be selected.

X. APPLICATION TO PHYSICAL NAO

The combination of PGRL with stiffness parameters and
efficiency based fitness function was applied to a physical
NAO to improve the walk engine that comes with the robot.
The walk optimiser developed in the simulator was applied
directly, without modification, to the physical NAO. However,
the walk engine on the physical NAO, is different from that
on the simulated NAO. Consequently, the walk parameters for
the physical NAO are slightly different. The results of the
optimisation process are shown in Fig. 6.

The optimiser significantly improves the default parameters
for Aldebaran’s walk engine. The average speed is improved
from 7.0cm/s to 11.0em/s, and the efficiency is improved
from 16.8J/Nm to 11.8J/Nm. Furthermore, the selected
walk is very stable, having never fallen over after many
iterations of the optimisation path.

XI. CONCLUSION

The Policy Gradient Reinforcement Learning algorithm
performed slightly better in terms of improving the walk
engine’s speed and efficiency, and does so more consistently.
Furthermore, the PGRL algorithm significantly outperforms
the other two, in selecting gaits which are stable.

The cost of transport based fitness function outperformed
both the speed and Froude-number based functions in every
respect, especially in terms of the selected gait stability.
The addition of joint stiffnesses to the parameter space also
improved the efficiency and stability of the selected gaits.
The results demonstrate that a significant improvement in
walk stability can be achieved through careful selection of
an algorithm, fitness function, and parameter space.

The best algorithm—fitness—space combination was found
to be PGRL with stiffness parameters and an efficiency based
fitness function. In the simulator, all of the walks selected
by this combination had a zero fall percentage, while being
extremely fast and efficient.

The best combination was then applied without modification
to a physical NAO. The optimiser successfully improved the
walk’s speed by 57%, and its efficiency by 30%.
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