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Abstract

Hyperparameter tuning is essential for the op-
timal functioning of robotic systems. Currently,
this task is often performed by experts using a
combination of heuristics and random search,
a time-consuming, hard-to-replicate process.
Finding appropriate hyperparameters is an even
more pronounced problem on robots with a
high number of degrees of freedom, such as
humanoids. This work proposes to automate
tuning procedures using black box optimization,
in particular the CMA-ES algorithm. Adapta-
tions are proposed to the standard form of CMA-
ES to increase performance on tasks relevantly
similar to the use case. A Gaussian process
surrogate assisted version of CMA-ES with an
epistemic-uncertainty-based step-size modula-
tion mechanism is proposed. The real world
use case consists of tuning a humanoid robot
to perform a running task with minimum en-
ergy expenditure. Algorithms are first tested on
canonical black box optimization benchmarking
functions and subsequently in simulation. The
developed algorithms resulted in the finding of
hyperparameters yielding up to a 10% lower
cost than that obtained using hyperparameters
found by hand tuning in the running task. These
results show that black box optimization through
CMA-ES variants is a viable research avenue
for hyperparameter tuning in 30-dimensional
spaces.
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1 Introduction

The performance of a robotic system is greatly
influenced by hyperparameters. These can
have intuitive effects on the system at hand,
but often, when working with more complex sys-
tems, precise effects become harder to predict.
Expert operators and researchers often tune
these systems based on past experiences, a
process that is hard to substantiate, scale, or
replicate. Moreover, it is possible that large re-
gions of the space of possible hyperparameters
remain unexplored, and more effective combina-
tions are not considered in the tuning process. It
is an active research topic in robotics to explore
ways of partly automating this task. Methods
seeking to leverage computational power over
hand-crafted heuristics have proven effective in
automating the performance of search tasks in
the past, at times yielding better results than
methods that rely on hand-crafted heuristics
[1],[2]. General-purpose black box optimization
methods are used to tackle the problem of tun-
ing the hyperparameters of a humanoid robot
performing a running task with the minimum
possible energy expenditure. Particular focus is
given to the state of the art covariance matrix
adaptation - evolution strategy (CMA-ES) [3]
and possible modifications to its core working
principle, all in the interest of discovering ac-
ceptable hyperparameters with the lowest pos-
sible number of simulation runs. Benchmarking
of performance is done on canonical test func-
tions used in the field of black box optimization
and on a simulation of a running robot, paving
the way for safe real-time tuning on real robot
hardware.
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2 State of the art

2.1 Hyperparameter tuning

Hyperparameter tuning involves the identifica-
tion of optimal values for the minimization of
one or more cost functions derived from a real
system. Hyperparameters differ from parame-
ters in that they are set before deployment of
the system in question and are not changed
during its operation [4]. It is a task that often
shows up in machine learning, robotics and
even optimization algorithms themselves [5], [6],
[7]. In robotics, two prominent use cases con-
sist of manipulation [8] and gait optimization
[9], where the parameters in question range
from policy network weights, reward function
weights, or reference trajectories. In gait opti-
mization specifically, the number of parameters
can vary between 4 [9] to upwards of 30 [10].
They include penalty weights for torque com-
mands in optimal controllers, transition thresh-
olds between gait cycle phases for the state
machines of the higher level controllers, desired
reference angles of certain joints, among others
[10],[11]. Different metrics can be optimized,
chief among them being the velocity of the cen-
ter of mass (CoM) or overall energy consump-
tion of the robot [9]. In the current paradigm,
commands are given in the force and torque
domain in order to follow reference velocity and
position trajectories, avoiding areas that would
violate constraints imposed on the latter quan-
tities. This task can be adequately performed
using proportional-integral-derivative (PID) con-
trol [12]. Evaluating optimal hyperparameters is
often a costly endeavor, usually involving many
computationally expensive experiments in real
hardware or in simulation. It is then crucial
that the number of evaluations of the cost func-
tion by those means be kept to a minimum [13].
State-of-the-art in hyperparameter tuning often
involves starting points and heuristics derived
from expert knowledge, rendering experiments

ad hoc and difficult to reproduce [14]. This ex-
pertise is often used to guarantee feasibility on
real hardware by observing safety and feasibil-
ity constraints. It often makes use of the fact
that many real-world problems have cost func-
tions that are predominantly sensitive to only a
subset of the system’s hyperparameters [14]. In
order to automate this task, several procedures
have been proposed, the chief commonality of
many being the treatment of the optimization as
a black box problem due to the unavailability of
gradient information [13].

2.2 Black box optimization

Black box optimization is defined as the task to
minimize a cost function in Rn −→ R by choosing
the correct n-dimensional vector that minimizes
a scalar output, without access to the analytic
function form or gradient with respect to the loss
[15]. Due to the unavailability of such informa-
tion, the optimization of such problems can take
two broad approaches. Either one must use
brute force and rely on a high number of evalua-
tions or, if due to a limited pool of available func-
tion evaluations, estimate a search direction for
further queries using a heuristic [15]. Inside
the family of classical heuristic algorithms, the
following four groups stand out [13]:

1. Simple search heuristics like the Nelder-
Mead (NM) method and the Simulated
Annealing (SA) method, which look at the
locations of existing individual solutions
to propose new ones. NM takes a deter-
ministic approach, creating and modifying
a simplex with the evaluated cost function
values at its vertices. The method is, how-
ever, extremely sensitive to noise and fails
in high-dimensional problems [16]. SA
takes a stochastic approach, proposing
solutions in the vicinity of the current best
candidate, accepting better performing
solutions always and worst ones based
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on a selection criterion [17]. SA has been
shown to work in high dimensions, but
needs problem-specific tuning of its own
hyperparameters to perform reliably on
each specific high-dimensional problem
[18].

2. Bayesian Optimization (BO) [19] which
tend to excel in low dimensions. These
methods train a surrogate of the cost func-
tion and query it in areas where it pre-
dicts low function values. These meth-
ods have been extended in such ways as
to be able to compress information from
higher-dimensional datasets into relevant,
lower-dimensional latent spaces in order
to enable high-dimensional optimization
[20]. This, however, comes at the cost
of accuracy, as information is lost in this
compression into latent components [21].
Other research directions have sought to
localize the search in order to better allow
for the modeling of local features of the
cost function [22].

3. Estimation of distribution (EDA) deriva-
tives [23], a subclass of evolutionary strat-
egy (ES) algorithms, the most refined form
of which being the Covariance Matrix Adap-
tation Evolution Strategy (CMA-ES) [24].
These algorithms derive statistics used
for updates from a set of solutions, con-
densing past information into a set of pa-
rameters. These algorithms sacrifice some
sample efficiency in order to achieve ex-
cellent performance in very high dimen-
sional spaces (Rn = 50, . . . , 500) [3]. Some
work has gone into increasing CMA-ES
style algorithms’ sample efficiency by re-
ducing the number of function evaluations
performed [25] or by fitting a cheaper-to-
evaluate surrogate model of the cost func-
tion to avoid querying the real cost func-
tion [26],[27].

4. Particle swarm optimization algorithms

create a population of candidate solutions
and use global information about the best
solution and local information from each
candidate solution to update their posi-
tions. This algorithm class, however, also
struggles in high dimensions when not
combined with other heuristics that com-
pensate for their shortcomings [28].

For the use case of hyperparameter optimiza-
tion using black box algorithms in robotics, the
number of hyperparameters one expects to en-
counter can be relatively high. It is important
that the chosen algorithm be able to cope with
this high dimensionality [10] and that the algo-
rithm be as general-purpose as possible, requir-
ing little expert tuning when moving between
different kinds of robots or tasks [6]. Changes
to sampling, parameter updates, and preselec-
tion before evaluation have often been shown
to increase performance in test functions [29],
and the avenue of surrogate-assisted CMA-ES
variants is still under early exploration [27].

2.3 Research objectives

For the reasons mentioned at the end of section
2.2, the EDA and CMA-ES have been chosen
as the preferred algorithms to be used in this
work. This work seeks to build upon the body of
literature that modifies the EDA and CMA-ES to
shore up their weakness of sample inefficiency.
Of particular interest would be the investigation
of the performance of CMA-ES derivatives on
mid-dimensional (Rn = 20, . . . , 50) use cases,
encompassing both benchmark functions and
real-world problems. The objectives of this work
are the following:

1. Investigate changes in sampling, prese-
lection, and weighting procedures in the
setting of the Standard EDA;

2. Implement a variant of surrogate-assisted
CMA-ES;
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3. Apply modifications to the surrogate-assisted
CMA-ES to increase its sample efficiency;

4. Optimize the hyperparameters of a hu-
manoid robot gait simulation with the goal
of minimizing energy consumption in a
real-world setting.
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3 Estimation of distribution
algorithms

All algorithms were implemented in MATLAB
and use helper functions from the Statistics and
Machine Learning Toolbox. All Gaussian pro-
cesses (GP) were implemented using the Gaus-
sian processes for machine learning (GPML)
toolbox [30]. The CMA-ES implementations
take as their scaffold the implementation from
the CMA-ES in MATLAB toolbox [31].

3.1 Standard estimation of distribution
algorithm

The Estimation of distribution algorithm (EDA)
family belongs to the class of stochastic heuris-
tic search algorithms. They store a set of solu-
tions, denoted population when spoken of col-
lectively and individuals when spoken of singu-
larly. Due to their stochastic nature, EDAs are
less susceptible to being left stuck at local op-
tima than deterministic search algorithms [15].
They work by sampling new individuals xk from
a generative model describing the probability
distribution D parametrized by some θ, which is
a function of the current population [23].

xk ∼ D(θ), θ = f({x1, . . . , xk−1}) (1)

This estimation procedure, in contrast to finite
differences, amortizes the effects of noise in
function evaluations by increasing the distance
η between them. The error between the noisy
gradients of f(x) and the noiseless h(x) has
a finite difference component Lη2 and a noise
component ϵ(x;η)

η [15].

||∇f(x)−∇h(x)||∞ ≤ Lη2 + ϵ(x; η)
η

(2)

Increasing η is most beneficial when evalua-
tions are results of, for example, stochastic sim-
ulations. These will always contain a random

error component, which is expected to dominate
[15]. In expectation, (2) aligns with the direc-
tion of the natural gradient and can be used to
approximate curvature information [32]. Once
a group of individuals is sampled, it is evalu-
ated against the cost function. Then failures
are pruned, and surviving individuals are recom-
bined with the existing ones to form a new popu-
lation. Algorithm 1 formalizes the standard EDA.

Algorithm 1: The standard EDA
Input: n
// Initialize
C← In;
m← 1n;
λ← f(n);
µ← f(λ);

// Algorithm loop
while g ≤ gmax do

L← Cholesky(C);
zk..λ ∼ N (0, In);
xk..λ ← Lzk + m;

// CalcParents
yk..µ ← CostFunction(xk..λ);
/* Sort fittest xk, truncate to

µ points */

// CalcMean
m← 1

µ

∑µ
k=1 xk..µ;

// AdaptCovMatrix
C← 1

µ

∑µ
k=1(xk..µ −m)(xk..µ −m)⊤;

n is the number of dimensions, C is the covari-
ance of the sampling distribution, λ is the size
of the generation, and µ is the size of the parent
vector, that is, the points which go on to drive
updates to the sampling distribution. L is the
Cholesky decomposition of the covariance,g is
the generation index, k is the rolling index, z the
whitened samples, x the transformed samples,
m the mean vector and y the cost. Here, the
sampling distribution is given by the empirical
maximum likelihood Gaussian distribution of the
current population. One notable flaw of this ap-
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proach is illustrated in Figure 1, which depicts
an EDA solving a two-dimensional problem at
generation g on the left frame and g + 1 on the
right frame. The dots represent the population.
Diagonal lines are isolines of the cost function,
whose value decreases linearly in the direction
of the upper right corner. The triangle denotes
the sampling distribution’s empirical mean, and
the ellipses the empirical covariance.

Figure 1. Degeneration of covariance matrix after one
generation. Adapted from [32].

As the mean in the maximum likelihood case
is the minimizer of the variance in the sampled
population, in expectation, the sampling distri-
bution constantly shrinks in the way shown in
Figure 1. It shows a sampling distribution whose
principal axes are orthogonal to the direction
of the gradient of the cost function, incentiviz-
ing exploration in a direction with little promise
of improvement. This is a major flaw of the
standard EDA, making its application inadvis-
able in cases where the initial sampling distri-
bution does not encompass the optimum. The
algorithm keeps running until a certain stopping
condition is met. This could be a consecutive
failure to improve the cost of the best solution, a
maximum prescribed number of iterations hav-
ing passed, or the covariance matrix having
become close to degenerate. Some high-level
modifications to this type of algorithm include:

1. Carrying over parameter information from
previous generations;

2. Changing the generative model to other
distributions;

3. Changing the way the population is re-
placed between generations. Examples
of this are elite strategies [25], where in-
dividuals who have held a high fitness
value for several generations are kept in
the population for a set number of itera-
tions instead of being resampled;

4. Purposefully shrinking the sampling dis-
tribution of the generative model if many
successive generations fail to improve.

3.2 Mahalanobis, resampling,
fitness-based EDA

In this work, the Mahalanobis, Resampling, Fitness-
based EDA (MRF-EDA) is developed. It aims
to fix the covariance degeneration problem, in-
crease sample efficiency, and attempt to make
the Standard EDA more effective in higher di-
mensions. Changes made are in summary:

1. Mahalanobis sampling scheme;

2. Fitness-based weighing of solutions;

3. Preselecting solutions based on probabil-
ity of improvement proxy;

4. Updating after every sample.

These are explained in the following ways:

1. Candidate solutions are generated initially
from a unit Gaussian. They are then mod-
ified by the application of a partial reverse
whitening transformation of the form

x =

√
zTz

zTC−1zz + m (3)

which modifies the norm of the vector
without changing its basis vector. The re-
sult of this transform is to make sampling
isotropic about the angle but not the mag-
nitude of the sampled vectors connecting
the sampled points to the mean. This
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method of sampling shall be called Ma-
halanobis sampling due to the similarity
between it and the formula for the Maha-
lanobis distance. A comparison of sam-
ples generated through regular Gaussian
sampling versus Mahalanobis sampling
can be seen in Figure 2;

−10 −5 0 5 10 15
−10

−5

0

5

10

Mahalanobis sampling

Figure 2. The left cluster was generated with Maha-
lanobis sampling, and the right cluster with
Gaussian sampling; both distributions are
highly correlated.

2. A fitness-based weighting scheme defined
by the convex combination of all individu-
als is used instead of taking the maximum
likelihood mean and variance of the pop-
ulation to be the sampling distribution. In
it, every weight is proportional to the rel-
ative cost of it’s corresponding individual
within the population, with lower costs be-
ing assigned larger weights. This is as op-
posed to other weighing schemes, where
all weights are equal or are defined as an
exponentially decaying set. This weighing
scheme violates affine invariance but is

expected to increase convergence speed;

3. A preselection criterion is added. A point
is sampled by the fitness-weighted distri-
bution, and the probabilities of it having
been generated by the maximum likeli-
hood distribution and the fitness-weighted
distribution is calculated. The ratio of the
probabilities is calculated, and if it falls
under a certain threshold, defined by a
hyperparameter, the point is discarded.
If a maximum number of attempts fails
to surpass the threshold, this criterion is
temporarily switched off for generating the
next candidate. This criterion is expected
to regularly switch off in normal opera-
tion if the maximum likelihood and fitness-
weighted distribution have a low Kullback-
Leibler divergence (KL divergence). This
would be the case in areas where the gra-
dient of the cost function is shallow. In
areas with steep gradients, it is expected
to speed up the search in steep direc-
tions. All sampling distributions are kept
as Gaussians due to the availability of
closed-form solutions for sampling, condi-
tioning, and comparing operations;

4. The number of sampled individuals per
generation of the algorithm is reduced to
one. The parent population is either un-
affected if the cost of the newest individ-
ual is higher than that of all members of
the current population, or it otherwise re-
places the individual with the highest cost
and the mean and covariance parameters
are updated. In much higher-dimensional
problems (Rn = 100, . . . , 500), this could
become computationally expensive, but
in the current use cases, all operations, in
particular matrix inversions, are computa-
tionally cheap in the dimensions encoun-
tered.
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4 Covariance matrix adaptation -
evolution strategy

This work seeks to leverage the covariance ma-
trix adaptation - evolution strategy’s (CMA-ES)
ability to achieve reliable convergence but mit-
igate its need for extensive evaluations of the
cost function. The standard algorithm and mod-
ifications to it are described in the following.

4.1 Standard CMA-ES

The CMA-ES samples the population for a par-
ticular generation through

z(g)
k ∼ N (0, In)

x(g)
k = m(g) + σ(g)L(g) z(g)

k

C(g) = L(g)L(g)⊤

k = 1, . . . , λ

(4)

Here, a multivariate unit Gaussian is adapted to
the cost function by being transformed by the
step size σ, Cholesky decomposition of the co-
variance matrix L, and mean m. The CMA-ES
differs from the EDA in that it divides direction-
dependent information from scale information
in C and σ, respectively. These three terms
are updated by different metrics. The mean is
updated as per

m(g+1) =
µ∑

k=1
wk x(g)

k:λ (5)

where each weight wk satisfies wk > 0,
∑µ

k=1
wk = 1. The solutions xk:λ are ranked in order
of increasing cost. Information from previous
generations for the adaptation of σ and C is
retained and gradually updated through the evo-
lution paths pσ (6) and pc (7)

p(g+1)
σ = (1− cσ)p(g)

σ +√
cσ(2− cσ)µeff C(g)−1/2 m(g+1) −m(g)

σ(g)

(6)

p(g+1)
c = (1− cc)p(g)

c +

h(g+1)
σ

√
cc(2− cc)µeff

m(g+1) −m(g)

σ(g)

(7)

where cσ and cc are learning rates, µeff is a
normalization constant which depends on the
chosen weights, and hσ is the Heaviside indi-
cator, which serves to stall the update if certain
conditions are met. The paths represent a cu-
mulation of steps of m normalized by σ, expo-
nentially decaying the relevance of past steps
across generations.

Step-size Control

The step size σ is updated via cumulative step-
size adaptation

σ(g+1) = σ(g) · exp
(

cσ

dσ

(
∥p(g+1)

σ ∥
E∥N (0, In)∥ − 1

))
(8)

where dσ is a damping factor. It compares the
length of the evolution path to that of the ex-
pected length it would have if it were a random
walk, increasing the step size if the search is
consistently proceeding along the same direc-
tion and penalizing it otherwise.

Covariance Matrix Adaptation

The covariance matrix is updated using two up-
date mechanisms. The rank-µ update uses the
empirical covariance of the current generation.
The rank-one update uses the cumulation from
the evolution path (7).

C(g+1) = (1− c1 − cµ)C(g)

+ c1 p(g+1)
c p(g+1)⊤

c

+ cµ

µ∑
k=1

wk u(g)
k:λu(g)⊤

k:λ

u(g)
k:λ = x(g)

k:λ −m(g)

σ(g)

(9)
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Figure 3. CMA-ES optimizing a Rastrigin function in 2D.

where c1 is the learning rate for the rank-one up-
date term and cµ the learning rate for the rank-µ
term. The algorithm can be visualized in Fig-
ure 3. The large magenta circle represents the
global optimum. The large black circle bound
by the green ellipse represents the mean and
covariance matrix of the sampling distribution.
Small circles all represent solutions. Red ones
represent the solutions with the lowest cost, cho-
sen to be in the µ vector, whereas hollow blue
ones represent solutions that will be discarded.
The algorithm can be seen guiding the mean
vector close to the global optimum and reduc-
ing the size of the sampling distribution as it
converges to the global optimum.

4.2 Surrogate-assisted CMA-ES

One significant drawback of CMA-ES is its sam-
ple inefficiency, which can be remedied by incor-
porating a surrogate model. Its role is to assess

the relative fitness rankings within a population
without having to explicitly evaluate the fitness
of every point in the true cost function [27]. This
can be done by creating and updating a com-
putationally cheap-to-query surrogate model of
the cost function in parallel with the evolution
of the CMA-ES. There are many ways of in-
corporating surrogates and different types of
surrogate models, including quadratic models
[26], Support vector machines (SVM) [33], and
Gaussian processes (GP) [34]. The following is
a primer on GP models and sparsity-inducing
assumptions, which serve to make them com-
putationally cheaper.

Gaussian process regression

GPs, as seen in (10), are a mathematical object
that generalizes the Gaussian probability distri-
bution to the domain of stochastic processes
instead of scalar- or vector-valued random vari-

10



ables [35]. As a stochastic process is contin-
uous for every RR number along a particular
measure, it can be useful to conceive of a GP
as a Gaussian random variable with uncount-
ably infinite dimensionality [35]. Formally, GPs
are defined by two functions, the mean m(x)
and the covariance function K. The latter of
which is positive definite, and consists of an
analytic kernel k(x, x′) and a noise term σ2

nI

f(x) ∼ GP
(
m(x), K

)
K = k(x, x′) + σ2

nI
(10)

A particularly prolific kernel is the Matern 5/2
kernel

k(r) = ρ2
(

1 +
√

5r
ℓ

+ 5r2

3ℓ2

)
e−

√
5r/ℓ

r = ||x− x′||
(11)

where ρ is the output variance and ℓ is the
length scale. It does not unnecessarily impose
an unreasonable smoothness assumption on
the sample paths and does not induce the prob-
lem of concentration of measure, a phenomenon
wherein a random variable that depends on the
combination of too many independent variables
becomes essentially constant [36]. Remedying
this is particularly important when representing
high-dimensional phenomena using a GP [36].
GPs can be used to make predictions at unseen
test points using

f∗ | x, y, x∗ ∼ N
(
m∗, K∗

)
m∗ = m(x∗) + k⊤

∗ K−1(y−m(x))
K∗ = k(x∗, x∗)− k⊤

∗ K−1k∗

k∗ =
[
k(x∗, x1), . . . , k(x∗, xj)

]⊤
(12)

where the subscript ∗ denotes an unseen test
point and f the latent prediction output before
noise is considered. If the prediction targets are
known, this can be reversed in order to estimate
which kernel hyperparameters θ maximize the
marginal likelihood distribution. The canonical

form of this maximization, after simplification,
is

log p(y | x, θ) = −1
2(y−m(x))⊤K−1

θ (y−m(x))

− 1
2 log |Kθ|

θ∗ = arg max
θ

log p(y | x, θ)
(13)

where the equality holds up to an additive con-
stant. When directly implementing these equa-
tions, one sees that there is a severe computa-
tional bottleneck in the form of the necessary
inversion of the covariance function of the ex-
isting data K. The time complexity of such an
operation is O(j3). This can be reduced to
O(ju2) by reducing the number of points in the
dataset that go on to induce the GP posterior
from j to u. Several ways have been proposed
to go about this [37],[38],[39], the most theo-
retically robust of which involves treating the
inducing inputs as variational parameters and
using them to minimize a divergence between
an approximation and the exact GP posterior.

Sparse Variational GP

Variational inference (VI) aims to calculate an
approximation of a posterior distribution of some
target y given data x and parameters θ [40].
p(θ | y, x), which when expressed using Bayes
theorem, takes the form

p(θ | y, x) = p(y | θ, x) p(θ)
p(y | x) (14)

An approximation is necessary when the marginal
likelihood term p(y|x) =

∫
p(y|x, θ)p(θ)dθ is

either intractable or too expensive to be approx-
imated with Monte Carlo integration [41]. This
is usually the case for problems where y has
a high dimension. The trade-off consists in the
fact that the results obtained by Monte Carlo
integration are asymptotically exact, whereas
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those from VI are not. VI simplifies (14) by ap-
proximating the posterior p(y | x, θ)p(θ) with a
user-chosen family of variational distributions
q(θ), examples of which can be Gaussians,
Gaussian mixtures, and exponential distribu-
tions—families that enable analytical closed-
form solutions to the above integral and can
easily be sampled from. The exact parametriza-
tion of these distributions is then optimized us-
ing

log p(y | x) = L(q) + KL
(
q(θ) ∥ p(θ | y, x)

)
(15)

which simplifies down to

L(q) = Eq(θ)[log p(y | θ, x)]−KL
(
q(θ) ∥ p(θ)

)
(16)

where the evidence lower bound (ELBO) L(q)
is an equivalent optimization objective up to
an additive constant, of attempting to minimize
the KL divergence between the proposed vari-
ational distribution and the real posterior [41].
This allows one to not compute the intractable
log p(y|x). In the setting of GPs, the posterior
distribution being approximated is the approxi-
mate posterior p(f | y, x, xu, θ) where xu are
inducing points for the kernel. Arguments of the
optimization problem are the kernel hyperpa-
rameters and the location of the inducing points.
The kernel parameters can be optimized us-
ing maximum likelihood, much like in the dense
case in (13) if the inducing inputs are fixed a
priori. The number of inducing points is a user-
chosen hyperparameter, and their optimal lo-
cations are given by the following variational
method. It minimizes a lower bound to the KL
divergence between the variational distribution
q(f), created by specifying all kernel hyperpa-
rameters and inducing input locations, and the
exact posterior defined only on the test function
values p(f |y). Once simplified, the optimization

takes the form

L = logN (y | 0, Qxx + σ2
nI)

− 1
2σ2

n

tr(Kxx −Qxx)

Qxx = KxxuK−1
xuxu

Kxux

(17)

This is best done with block coordinate descent,
first optimizing the kernel hyperparameters and
then the inducing inputs to avoid overfitting and
noisy joint gradients [39]. This all has the effect
of eliciting a compressed representation of the
dense GP

4.3 Gaussian process-CMA-ES

The Gaussian process-CMA-ES (GP-CMA-ES)
modifies the standard CMA-ES by training a GP
surrogate of the cost function after every gen-
eration, using it to predict the next population’s
fitness, and preselecting the best solution can-
didates for evaluation in the real cost function.
Algorithm 2 formalizes this notion.

The buff variable denotes a buffer of real cost
function evaluations that are not used in the
update of the CMA-ES equations. It allows
for leniency in the surrogate’s ability to clas-
sify points, as a wrongly ordered preselection
by the surrogate can still be remedied to an
extent by the subsequent re-evaluation and re-
ordering step. Such a buffer is valuable as more
function evaluations allow for a more populated
data repository D, leading to more accurate
surrogates in subsequent generations. The GP
surrogate is parametrized with a Matern 5/2
kernel with automated relevance determination
(ARD) as in (11), but with a separate length
scale per dimension. A quadratic mean function
is used, and costs are assigned to candidate
solutions using a lower confidence bound acqui-
sition function. A quadratic mean is chosen as
it prevents the large optimistic inaccuracies that
a zero or linear mean would induce. If some
of the mean’s hyperparameters are specified,
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Algorithm 2: GP-CMA-ES
Input: n, wk..µ, x

// Initialize
C← In;
λ← (4 + 3 log n);
µ← λ/(2 . . . 4);
buff← (0.1 . . . 0.4)µ;
σ ← 0.3(xmax − xmin));
Dg ← ∅;
CMAESUpdate(m, C, σ) (Eqs. (5)–(9))
SurrogatePredict(GP, x) (Eq. (12))

// Algorithm loop
while g ≤ gmax do

if Dg ̸= ∅ then
(GP)← TrainSurrogate(Dg);

L← Cholesky(C);
zk..λ ∼ N (0, I);
xk..λ ← σLzk + m;

// Preselection
vk..λ ← SurrogatePredict(GP, xk..λ);
// Sort increasing cost and

truncate to µ + buff points
xk..(µ+buff) ← Top(vk..(µ+buff));

// Evaluate parents
yk..(µ+) ← CostFunction(xk..(µ+buff));
// Sort increasing cost and

truncate to µ points
(xk..µ, yk..µ)← Top(yk..µ);

// update CMA-ES parameters
(m, C, σ)← CMAESUpdate(·);

// Update repository
Dg ←
Dg−1 + (xk..(µ+buff), yk..(µ+buff));

the prior of a GP with a quadratic mean is an
increasing function in areas of low data. This
disincentivizes undue exploration under high un-
certainty. A lower confidence bound acquisition
function incorporates variance information and
incentivizes targeted exploration in areas where
said variance is large. Two further modifications
were also explored. Firstly, D can be made to in-
clude every single evaluated solution or restrict
itself to solutions within a trust region defined
from the center of the sampling distribution. If
the latter method is elected, the GP surrogate
can be trained in whitened space, improving the
conditioning of the numerical operations and
making the axes of the ARD kernel aligned with
the principal axes of the CMA-ES sampling dis-
tribution. This increases performance in prob-
lems where the coordinates are inseparable.
Secondly, in applications with costly function
evaluations where some data extracted from
previous work is available, the surrogate can be
pre-trained with such data. This mitigates the
effects of early surrogate unreliability due to low
data volume. Expected discrepancies due to,
for example, different data collection methodolo-
gies can be compensated for by adapting the
parameters of the likelihood function of the GP.
The local training in whitened space modifica-
tion was implemented; the pretraining scheme
was not.

4.4 GP-CMA-ES with learning rate
adaptation

The third algorithm proposed consists of a setup
identical to the GP-CMA-ES with one extra ac-
cretion, that of a learning rate adaptation (LRA).
The rationale motivating this particular LRA con-
sists of exploiting information about the confi-
dence of the GP model in its accuracy in a way
that drives the algorithm away from areas that
have been sufficiently explored. This is real-
ized by modulating the cumulative step size
adaptation from (8) by multiplying it by a term
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proportional to the posterior epistemic variance
of the GP surrogate. Some previous work has
been done on LRA in the area in non-surrogate-
assisted versions of CMA-ES [42],[43]. This
term is calculated as per Algorithm 3 and multi-
plied directly to (8).

Algorithm 3: Learning rate adaptation
Input: L, m, σ, number of Monte-Carlo

samples M , number of generations
in variance history T , current
generation g

zk..M ∼ N (0, I);
xk..M ← σLzk..M + m;
// Compute the epistemic variance

for each sample
σ2

e(xk..M )← GP(xk..M );

σ2
e

(g) ← 1
M

∑M
k=1 σ2

e(xk);
// Epistemic variance of the last

T generations
E ← {σ2(g..T )

e | t = g − T + 1, . . . , g};
σ̃2

e ← median(E);

R← exp(−σ2
e

σ̃2
e

);

R← clip(R, 0.85, 1.0);
return R;

This adaptation scheme uses the predictions
of the kernel for a set of Monte Carlo samples
drawn from the CMA-ES distribution to estimate
the posterior epistemic variance of the samples.
This is taken as the model’s confidence in its
own predictions. Due to the curse of dimen-
sionality, taking the raw epistemic variance pre-
diction would be uninformative, so the adapta-
tion scheme looks at changes in this prediction
over generations. This allows the algorithm to
decrease its effective confidence in the surro-
gate at times where it shows high uncertainty
by decreasing σ. This prevents the sampling
distribution from being misled.
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5 Case studies

The algorithms were evaluated firstly on canoni-
cal optimization benchmarks [44] and secondly,
on a real-world optimization task. It involves the
tuning of the hyperparameters of a biologically
inspired dead-beat controller (BID) embedded
in a whole-body controller (WBC), which gener-
ates and stabilizes a running gait of a humanoid
robot in a Simulink model [12].

5.1 Canonical black box optimization
benchmarks

The functions used to benchmark the perfor-
mance of black box optimization algorithms test
their abilities to perform different feats. The four
functions used in this work are represented in
Figure 4 and are discussed below. The Rast-
rigin function 19 consists of the superposition
of a parabola and a sinusoid. This function
tests the ability of an algorithm to cope with
multimodality, i.e. many local minima. The
Sphere function 18 tests an algorithm’s abil-
ity to converge quickly when presented with
an uncomplicated objective. The Ackley func-
tion 21 retains the multimodality of the Rast-
rigin and furthermore presents with a shallow
basin for most of its domain, except for close
to its global minimum, wherein it quickly con-
verges. This tests the aptitude of an algorithm
to quickly adapt to drastic changes in the cur-
vature of the function without wasting iterations,
in a sense combining the tasks of the Rastri-
gin and sphere functions within one benchmark.
The Rosenbrock function 22 has its optimum
at an ill-conditioned region, where the gradient
in certain directions is much steeper than in
others. This measures an algorithm’s ability
to effectively adapt to ill-conditioned coordinate
systems. An algorithm’s performance is mea-
sured by a single metric: its ability to decrease
the best-so-far cost more quickly, i.e., with fewer

true cost function evaluations than other com-
peting algorithms. For these functions, having
access to the ground truth and the gradients
allows for easy troubleshooting and analysis of
drawbacks and errant behavior in the design
process of optimization algorithms. Definitions
are valid for x −→ Rn

fSphere(x) =
n∑

i=1
x2, (18)

fRastrigin(x) = 10n +
n∑

i=1

(
x2 − 10 cos(2πx)

)
(19)

fAckley(x) = −20 exp
(
− 0.2

√√√√ 1
n

n∑
i=1

x2

)
(20)

− exp
(

1
n

n∑
i=1

cos(2πx)
)

+ 20 + e

(21)

fRosenbrock(x) =
n−1∑
i=1

(
100(xi+1 − x2)2 + (x− 1)2

)
(22)

Table 1 summarizes qualitative properties of
these functions The evaluation of the perfor-
mance of black box optimizers was done in
30 dimensions [44]. The maximum number of
function evaluations par run is 250. No regard
is taken with respect to early stopping given
stalling. Each function is optimized a total of
10 times with reproducible seeds. The mean
vector is initialized as a uniformly distributed ran-
dom number between -20 and 20. The CMA-ES
derivatives are tested with the combination of
µ = λ/4 and buff = 0.4µ, and µ = λ/2 and
buff = 0.2µ. All other hyperparameters are
initialized according to Algorithms 1 and 2. Any
hyperparameter not mentioned takes the default
value defined in [31].
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Figure 4. Illustration of benchmark functions.

Table 1. Qualitative properties of the benchmark functions used in this work.

Function Modality Separable? Conditioning / geometry
Sphere unimodal yes well-conditioned, isotropic
Rastrigin multimodal yes highly multimodal, regular local minima
Ackley multimodal yes broad flat region, sharp basin near optimum
Rosenbrock unimodal no ill-conditioned, narrow curved valley

5.2 Gait optimization of a humanoid
robot

The second case study consists of optimizing
the energy consumption of a full humanoid robot
with 28 joint degrees of freedom (DoF) plus 6
free-floating DoF. More specifically, the time-
average of the summed absolute joint mechani-
cal power

Jwatt(θ) = 1
N

N∑
t=1

J∑
j=1
|q̇t,j(θ) τt,j(θ)|

is defined as the cost function, where N is the
number of simulation samples, J the number
of actuated joints, q̇t,j the joint velocity, and τt,j

the commanded joint torque from the high-level
controller, all averaged over one episode. The

experiment was conducted in a simulation envi-
ronment. The simulation has the working prin-
ciple of constraint-consistent integration of for-
ward dynamics of the actuation torque outputs
of the WBC [12]. Concretely, this means the
low-level controllers (LLC) compute torque com-
mands that do not violate constraints of allowed
joint velocities and positions. The BID controls
the positions, velocities, and forces on the cen-
ter of mass (CoM) using spatially independent
polynomials when the robot has ground con-
tact. The WBC takes inputs from the BID and
uses inverse dynamics to ensure higher-level
tasks, such as torso orientation and desired leg
trajectories, are fulfilled to an optimal degree
by encoding all tasks into a quadratic program.
All three controllers have hyperparameters to
be optimized. The exact set of 32 parameters
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optimized can be seen in the Appendix.

It is expected that the parameter space contains
huge swathes of values for which the simulation
diverges. The optimization algorithms have no
active acknowledgement of these constraints;
initializations are kept in regions far away from
bounds, as optimal values for the hyperparam-
eters are not expected anywhere near them.
Divergent runs are given a maximum cost of
10,000 Watts and are still included in the GP
and update equations. The values of all hy-
perparameters are normalized to between 0
and 1, and all optimization happens in this stan-
dardized space. This allows for control of the
initializations of the mean vector of the sam-
pling distribution. As a very ill-conditioned and
rapidly varying cost function is expected and
experimental budget limited, the only hyperpa-
rameters tested are µ = λ/2 and buff = 0.2µ,
as higher values of λ are known to work bet-
ter in harder problems [32]. The experiment
consisted of the average of three runs per al-
gorithm. The first run took as the starting point,
the vector of the previously best-known hand-
tuned hyperparameters, the second increased
the magnitude of each component of this best
vector by 10%, and the third by 20%. The step
size was defined as 30% of the measure span-
ning the feasible hyperparameter space. This
ensures that the presumed optimum remained
within a 3 standard deviation ellipsoid of the
sampling distribution’s mean in all cases. The
robot is simulated for the equivalent of four sec-
onds, wherein the robot first undergoes an ac-
celeration phase before reaching its maximum
speed. The gait has a running pattern and hap-
pens in a straight line. The wall clock time of the
simulation ranges between 60 and 120 seconds
per run.
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6 Results and discussion

All algorithms were tested on the four functions
detailed in Chapter 5 and the best performers
therein were implemented and tested in the sim-
ulation. Candidates were the standard EDA,
MRF-EDA, CMA-ES, and then four variants of
GP-CMA-ES. Those consist of the four possi-
ble combinations of dense versus sparse sur-
rogate GP model and the presence versus ab-
sence of the LRA term. The combination of
dense surrogate plus LRA and sparse surro-
gate with no LRA did not perform as well as the
other two combinations irrespective of the cost
function being optimized. Their performance
was worse than that of the CMA-ES while us-
ing more function evaluation resources and wall
clock computational time. This is thought to
be due to the sparse surrogate’s regulariza-
tion of the posterior epistemic when compared
to the dense surrogate. this makes changes
in the variance across generations less noisy
when estimated using Monte Carlo, better in-
forming the LRA term. When the LRA is not
present, the same regularization is thought to
make the surrogate underfit the cost function,
leading to misinformed rankings. Due to the
fact that the LRA constrains the step size when
uncertainty is high, it is hypothesized that even-
tual misrankings have less of an effect than they
would were the step size not constrained. The
most promising algorithms, the CMA-ES, the
GP-CMA-ES with dense surrogate, and LRA-
GP-CMA-ES with sparse surrogate, were fur-
ther implemented in the simulation. Results are
comparative, and the CMA-ES is used as the
benchmark. The evaluation criterion is the best
so-far-cost versus the number of true evalua-
tions of the cost function.

6.1 MRF-EDA

Mahalanobis sampling solved the issue of co-
variance degeneration as illustrated by Figure
1. The principal axes of the MRF-EDA remain
aligned with the search direction, whereas those
of the standard EDA collapse to small values
in the direction of optimal search, as seen in
Figure 5.

−2 −1 0 1 2
·10−3
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x
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Covariance degeneration

Figure 5. Sampling distributions and populations of stan-
dard EDA and MRF-EDA on Sphere function.

The green and red ellipses represent a 2 stan-
dard deviation distance from the mean of the
sampling distributions of the MRF-EDA and Stan-
dard EDA, respectively. Stars represent the
mean, blue crosses represent the population of
the standard EDA and black dots the popula-
tion of the MRF-EDA. Figure 5 is a snapshot of
a late-stage optimization run where this result
was observed.

When comparing the fitness-based weighting
scheme with the geometric, fixed-weight scheme,
the former slightly outperformed the latter on
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Figure 6. Mean best-so-far cost, 10th and 90th quantile band across 10 runs of both EDAs and CMA-ES with µ = λ/2.

Sphere and Rastrigin and was outperformed
on Ackley and Rosenbrock. This is due to the
conditioning of the function around the solution
being good on the functions it performed well in
and bad in the ones it did not. This explanation
is confirmed by observing some performance
degradation, visible as a wider quantile interval
in the first 20 evaluations in comparison to that
of the standard EDA on an ill-conditioned Ras-
trigin function. Its ratio between smallest and
largest cooordinate is 106. The plots for this
experiment can be found in the Appendix.

These improved results due to fitness based
weighting are expected in smooth functions like
the Sphere, due to the fact that in unimodal,
convex functions, elite strategies are not as eas-
ily mislead. It was also observed that one point
with a disproportionate improvement in fitness
over the previous pool due to the random nature
of the sampling, can severely shift the search
distribution to a better overall search area. This
would explain the good performance on the well-
conditioned Rastrigin function, as the algorithm

is able to escape local minima. Updating the
search distribution with direct fitness informa-
tion, even though it leads to the violation of
affine invariance [24], can be considered a vi-
able modification in select, non-ill-conditioned
cases.

The performance of the EDA family was lack-
luster in comparison to the CMA-ES on higher-
dimensional problems. This can be seen in an
experiment in a 5-dimensional Rastrigin func-
tion, illustrated in Figure 6. Its mean best-so-
far cost lies outside the 10th and 90th quantile
band of CMA-ES at 250 evaluations in all bench-
mark functions except for Ackley. It does how-
ever perform much better than the stadndard
EDA accross the board, achieving a best cost
four times lower at the limit of 250 evaluations
on sphere, the best case comparison in favor
of the MRF-EDA between the two algorithms.
The MRF-EDA was not a serious contender for
global optimization in the simulation use case
without a favorable initialization. It performed
acceptably when implemented in the simulation,
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so long as the size of its sampling distribution
was kept to 10% of the range of each hyperpa-
rameter and its mean vector was initialized to
the values of the best known hyperparameters
found through hand tuning. costs close to the
optimum 520 Watts were returned at the end
of 250 evaluations. The exploration of Maha-
lanobis sampling and fitness-based weights in
CMA-ES is left for further work. The resam-
pling/preselection scheme in the MRF-EDA is
not suitable to be implemented in CMA-ES, as it
would strongly violate the uniformity of sampling
assumption, leading to divergence.

6.2 GP-CMA-ES and LRA-GP-CMA-ES

The GP-CMA-ES, both with and without the
LRA, achieves the goal of being faster than the
CMA-ES accross all values of true cost func-
tion evaluations on the benchmarking functions.
This can be seen in Figures 7 and 8. Behavior
across the benchmark varies strongly depend-
ing on the population hyperparameters µ and
buff. in the case where µ = λ/2, buff = 0.2µ,
the LRA-GP-CMA-ES achieves a lower total
cost in the limit of 250 evaluations in Sphere and
Rastrigin. All algorithms tie on this metric on
Rosenbrock, and both CMA-ES and LRA-GP-
CMA-ES performe woese than the GP-CMA-
ES on Ackley, with the means of both other
algorithms falling outside the GP-CMA-ES’ 90th
quantile. the LRA-GP-CMA-ES usually begins
the run with an advantage in early iterations
over all other algorithms for about 50 evalua-
tions. The number of inducing inputs of the
Sparse GP did not have any effect on con-
vergence u ∈ {50, 100, 500}. Different trends
emerge when Using µ = λ/4, buff = 0.4µ.
These settings increase the performance gap
between the GP-CMA-ES and the CMA-ES in
favor of the former from, for example, 26% when
using µ = λ/2 to 38% when using µ = λ/4 on
the Rastrigin function at a count of 100 evalua-
tions. This result occurs due to the number of

evaluations saved per generation. with µ = λ/4,
6 true cost function evaluations take place ver-
sus 8 when µ = λ/2. The LRA-GP-CMA-ES
suffers performance degradation on Sphere and
Rastrigin with µ = λ/4, and fails to continue im-
proving in the limit of 250 evaluations with these
settings. This is evident by the wide quantile
interval at 250 function evaluations, which is
not present when µ = λ/2. These settings do
however enable it to perform much better on
Ackley and Rosenbrock, with it being the best
performer in the latter function accross all al-
gorithms tested when µ = λ/4. The concrete
takeaway for the hyperparameter settings of the
LRA-GP-CMA-ES is to set µ = λ/4 when func-
tions have a global quadratic structure (Sphere,
Rosenbrock) and to set µ = λ/2 to allow for a
more accurate surrogate to develop when opti-
mizing ill conditioned problems (Ackley, Rosen-
brock).

These results seem to indicate that surrogate
quality is adequate to guide search through its
preselection mechanism, evident by both sur-
rogate assisted algorithms improving upon the
CMA-ES’s performance in the benchmark func-
tions. The LRA seems to achieve it’s effect
of slowing down the search at times when un-
certainty is high. In convex benchmarks like
Sphere, the kernel quickly learns and extrapo-
lates the smooth cost function’s geometry, al-
lowing for the LRA term to stay high even in
regions with low data due to the low epistemic
uncertainty of the extrapolation. In other cases,
such as in the Rastrigin function, there are more
fluctuations in the LRA term, which could be ex-
plained by the inability of the kernel to learn
the global structure. This inability is due to mul-
timodality creating high epistemic uncertainty
in regions with very little data, as the mean
and kernel’s prior have no mechanism to ac-
count for it. As mentioned before, the LRA-
GP-CMA-ES has an advantage in most cost
functions in the first 30-50 iterations. Further
work could attempt to pinpoint heuristics to de-
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Figure 7. Mean best-so-far cost, 10th and 90th quantile band across 10 runs per algorithm. True cost function
evaluations on static benchmarks, µ = λ/2, buff = 0.2µ.

termine the point in the optimization run when
the term stops being useful as a function of
the cost function’s properties. This would al-
low for the creation of a further version of the
LRA-GP-CMA-ES algorithm, which starts with
the learning rate on and disables it after a set
number of iterations, or conducts some more
elaborate scheduling. It is worth noting that it is
not possible to directly calculate the exact theo-
retical step size the algorithm would have had
at a particular generation if the LRA were dis-
abled. This is explained by the recursive nature
of the evolution paths in (6) and (7). Different
populations would have been generated without
the LRA, and their exact makeup cannot be an-
alytically determined a priori. The results also
anticipate a particular critique, which states that
the step size is always just being clamped down
to its minimum, as there is never enough in-
formation to meaningfully reduce the epistemic
variance in a 30-dimensional space. A theoret-
ical counter to this is proposed in section 4.4,
and the empirical results speak to the precise
opposite. A clamped-down step size would not

outperform the algorithm without the LRA in the
early stages, as the magnitude of progress per
iteration is directly correlated to the magnitude
of the step size on smooth, unimodal functions
like the Sphere.

6.3 Results in simulation

The results of the simulation demonstrate the
ability of the algorithms to determine good hy-
perparameters with performance comparable
to that of hand tuning. The precise initializa-
tion of the hyperparameter vector which served
as the mean of the sampling distribution had
an effect on the final cost, meaning runs initial-
ized with the same mean vector had similar final
costs after 250 evaluations. The CMA-ES and
GP-CMA-ES struggled due to the ill-conditioned
nature of the cost function and extreme levels
of cross-over effects between the hyperparame-
ters, something that kept their step sizes high
even when starting with the optimum as the
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Figure 8. Mean best-so-far cost, 10th and 90th quantile band across 10 runs per algorithm. True cost function
evaluations on static benchmarks, µ = λ/4, buff = 0.4µ.

mean of their sampling distributions. The reg-
ularization of the sparse surrogate of the LRA-
GP-CMA-ES together with its more aggressive
shrinkage of the step size allowed it to model
the cost function better than the other two al-
gorithms, whose more fine grained modeling
lead to a detriment in their performancet, par-
ticularly in the case of the GP-CMA-ES. Step
sizes were initialized to 30% of the search width
and would either stay constant or grow to 40%.
They do, however, always find a usable set of
parameters when initialized in the way proposed
in Section 5. The CMA-ES and GP-CMA-ES
at times generate infeasible hyperparameters
throughout the entirity of the optimization run.
The LRA-GP-CMA-ES however, stops propos-
ing infeasible solutions after 10 iterations due to
the reduction in step size. This reduction in step
size leads to a tighter population spread and
faster convergence to better hyperparameters,
as seen in Figure 9. The LRA-GP-CMA-ES
finds a hyperparameter set with the best cost
of 474 Watts per episode when previous best
cost achieved by hand tuning lay at 520 Watts

per episode. Its average results are better than
those of the CMA-ES by 10% and those of the
GP-CMA-ES by 24%. Knowing that a better
set of hyperparameters was found using black
box optimization and that the initialization of the
algorithms has a reproducible effect on the best
achieved cost allows for new experiments to be
designed. The definition range of all parame-
ters now can be partitioned, and several starting
mean vectors can be chosen with grid search
or latin hypercube sampling. This allows for a
potentially tractable exhaustive treatment of the
parameter space, making sure no promising
parameter combinations are overlooked.

The algorithms developed in this work can be
implemented in real time tuning with real hard-
ware, as the optimization procedure does not
change when going from simulation to reality.
Current limitations of pertain to classic issues
when transitioning from the simulation of a robot
to an experiment on real robot hardware. Cer-
tain changes would need to be made to the ex-
periment’s scaffolding. Transient effects would
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need to decay between changes in the tested
hyperparameters. lastly, new strategies would
need to be developed to deal with infeasibility
in order to assure safe operation.

23



7 Conclusion

In conclusion, the modifications to the stan-
dard EDA and the CMA-ES both show promise
in remedying the shortcomings of those algo-
rithms that they sought to fix. The MRF-EDA
solved the problem of covariance degeneration
and proved effective on low-dimensional syn-
thetic benchmarks as well as in simulation when
initialized with favorable hyperparameters. Both
surrogate-assisted CMA-ES versions managed
to provide accurate ranking information of cost
function evaluations, evident by their faster con-
vergence with a smaller number of true cost
function evaluations than the CMA-ES. Wall
clock training time for the GP surrogates was
negligible when compared to the time taken
to conduct simulation experiments. The sur-
rogates showed adequate ability to guide the
search even in regions with low data. The LRA
mechanism also proved to be an effective de-
velopment to increase sample efficiency in the
30-dimensional spaces explored. Further work
could see the step size being adapted in dif-
ferent ways than the one seen in the present
work, with changes encompassing the nature of
the modulation and its scheduling across runs.
The deployment of the surrogate-assisted al-
gorithms in the simulation yielded positive re-
sults, returning hyperparameters comparable
to the best set found with hand tuning and, at
times, returning sets of hyperparameters with
a performance 10% better than that achieved
by what were previously thought to be the best
hyperparameters for the system. An extension
into real-time tuning would need little change to
the optimization setup of this work. Instead of
running simulation instances episodically, one
would use Simulink as the experiment orches-
trator, proposing new parameter sets for evalua-
tion, waiting for transient behavior to decay, and
conducting measurements of the cost function
once steady state is reached. As there are no
real-world consequences for infeasible results

from the simulation, future work would need to
establish a guideline to ensure safe operation of
real robot hardware in cases where the chosen
hyperparameters return an infeasible task.
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Figure 1: Eof MRF-EDA with precalculated exponentially decaying weights versus fitness-based weights
on static benchmarks. Rosenbrock plot is cropped for visibility.
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Figure 2: Performance degradation of fitness- based weights on ill conditioned Rastrigin function
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Table 1: Humanoid Robot Optimization Hyperparameters and Their Descriptions
Parameter Brief Explanation
desired cadence Desired stepping frequency or walking rhythm of the humanoid robot.
stance percentage Percentage of the gait cycle during which the foot remains in ground contact.
∆z TD desired Desired vertical foot displacement during touchdown to control landing

smoothness.
lateral sway offset Controls side-to-side CoM sway for balance during walking.
desired foot swing height Desired maximum height of the swinging foot during gait motion.
xy slope Desired terrain inclination in the horizontal directions.
z slope Vertical terrain slope or elevation gradient compensation parameter.
desired torso pitch angle Desired forward/backward torso lean angle during walking.
w foot pitch Weight penalizing deviations in foot pitch orientation during optimization.
β post General posture regularization weight encouraging nominal body posture.
w overall posture multi-
plier

Global scaling factor for all posture-related optimization terms.

w pelvis yaw Weight penalizing pelvis yaw rotation to maintain heading alignment.
w pelvis roll Weight penalizing pelvis roll motion for lateral stability.
β pelvis yaw Regularization parameter controlling smooth pelvis yaw behavior.
β pelvis roll Regularization parameter controlling smooth pelvis roll behavior.
w foot pitch Weight regulating foot pitch motion and orientation changes.
right leg default posture Nominal joint posture configuration for the right leg.
β subtalar Weight controlling subtalar joint motion for foot inversion/eversion stability.
w xy feet Penalty weight for horizontal foot placement and motion tracking.
w z feet Penalty weight for vertical foot trajectory and motion regulation.
w s feet single Foot-related optimization weight during the single-support phase of walking.
β torso Weight regulating torso state motion and trajectory smoothness.
w acceleration torso xy Weight penalizing horizontal torso accelerations for smoother motion.
w acceleration torso z Weight penalizing vertical torso accelerations to reduce bouncing.
wf CoM xy Weight on horizontal CoM force generation during locomotion.
wf CoM z Weight on vertical CoM support force generation.
wτ CoM xy Weight penalizing COM torques around horizontal axes for rotational stability.
wτ CoM z Weight penalizing yaw torque around the CoM.
β square base forces Regularization weight minimizing squared ground reaction/contact forces.
LLC eigenvalue Eigenvalue tuning parameter for low-level controller (LLC) responsiveness

and stability.
GRF phase in threshold Threshold controlling smooth activation of ground reaction forces (GRF)

during contact transitions.
contact force scale factor Global scaling factor applied to computed contact forces.
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