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This article describes and applies a new optimization method based on multi-objective pro-
gramming and reinforcement learning. The new method, called MORL-DB (multi-objective
reinforcement learning dominace based), introduces the concept of Pareto dominance into
the reinforcement learning framework. MORL-DB employs deep deterministic policy gra-
dient (DDPG) with a reward function based on Pareto optimality. At first, the MORL-DB
method is tested by solving the Viennet’s benchmark problem, then it is applied to the
Osyczka and Kundu benchmark problem. Finally, it is used to compute the Pareto front
for the vertical dynamics of the quarter vehicle model in terms of two design variables
and three objective functions. The results of these three case studies are then compared
with the ones obtained using the parameter space investigation method and a nondominated
sorting genetic algorithm. The comparison highlights the ability of MORL-DB to generate a
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1 Introduction

Nowadays, artificial intelligence is transforming many industrial
sectors [1]. In particular, reinforcement learning (RL) techniques
have demonstrated remarkable results in the control of nonlinear
dynamic systems. For instance, mobile robots utilize neural
network controllers that exploit the aforementioned techniques [2].

One of the few areas where RL techniques are still rarely used is
the field of design optimization, for which the low number of pub-
lished works is far from being a complete and autonomous branch
of the technical literature. Sharpe et al. [3] use different case
studies to compare several RL-based algorithms capable of
mapping optimal or feasible regions of the design space. Ororbia
and Warn [4] represent structural design problems as Markov deci-
sion processes and solve them with RL. In several case studies, the
authors demonstrated that RL can find better solutions with fewer
objective function evaluations with respect to a genetic algorithm.
Similar results are obtained by Lee et al. [5], who apply RL
methods in the context of microfluidic device design for flow
sculpting. Wang et al. [6] apply a multi-objective deep reinforce-
ment learning method in the context of the optimization of a
wind turbine blade. They managed to obtain a better approxima-
tion of the Pareto front in terms of hypervolume with respect
to nonsorted genetic algorithm (NSGA) methods. Van Moffaert
and Nowé [7] tested different RL multi-objective algorithms in
two different benchmark problems. In the considered case
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high number of optimal solutions with a low number of objective function evaluations.
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studies, single-policy algorithms failed to approximate the entire
Pareto front, while multipolicy approaches successfully achieved
the goal at the cost of a large number of objective function
evaluations. Raina et al. [8] employ an autoencoder-based visual
imitation learning process in the context of a truss design
problem, in which the algorithm managed to outperform the
human designers used to train the networks. In another study,
Raina et al. [9] solve the truss design problem with a hierarchical
architecture that, initially, evaluates the area of the structure that
needs to be modified and then applies an action according to a
probability distribution. He et al. [10] applied a multi-agent rein-
forcement learning algorithm to the optimization of a chemical
process used in the textile industry and managed to obtain
results closer to their target with respect to the ones obtained
with traditional approaches.

Despite the great potential demonstrated by RL in this context,
the most popular methods for solving multi-objective design opti-
mizations still remain gradient-based or meta-heuristic algorithms
[11]. In particular, genetic algorithm [12] and the particle swarm
optimization [13] are extensively used.

The aim of this article is to apply RL in a multi-objective design
optimization framework. The concept is to use a method that ini-
tially explores the design domain in a random fashion and gradually
learns where the optimal design solutions are located. The perfor-
mance of this method has been tested both on Viennet’s benchmark
problem [14] and on Osyczka and Kundu’s benchmark problem
[14], and on the quarter vehicle model (QVM), for which the perfor-
mance is described by three conflicting objective functions inside a
bidimensional design domain. The results are then compared to the
ones of NSGA-II [15] and parameter space investigation (PSI) [11]
to highlight the advantages and drawbacks of the new procedure
with respect to the state-of-the-art methods.
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Section 2 describes the deep deterministic policy gradient
(DDPG) algorithm [6] and how it is adapted to multi-objective
design optimization. In Sec. 3, PSI and NSGA-II methods are
briefly introduced. Section 4 presents the three case studies. The
results are analyzed and compared in Sec. 5.

2 Reinforcement Learning-Based Multi-Objective
Optimization

In this section, the new so-called MORL-DB (multi-objective
reinforcement learning dominace based) method is described.
Almost all of the algorithm descriptions currently available in the
technical literature use the time variable to organize the evolution
of steps [16]. In our description, the temporal dimension is
avoided, as the MORL-DB method is applied in the context of
design optimization.

2.1 Reinforcement Learning. Figure 1 shows the standard
RL setup, which is composed of an environment £ and an agent
A interacting with each other. E is described by its state s,. The
agent receives at each step n (also known as episode n) of the algo-
rithm an observation o,, of E, which could be a partial description of
E. In our case, it is assumed that the agent fully observes E and so
state and observation are coincident, o, = s,. For this reason, only
states will be considered. The agent interacts with E by executing
an action a,,, which causes the state s, of E to change to s, accord-
ing to the governing laws of E. Moreover, A is granted a scalar
reward r,(s,, a,, Sp+1) dependent on the state transition from s, to
Sp+1 and the performed action a, at each algorithm step [2].

2.2 Deep Deterministic Policy Gradient. The DDPG is
described as “a model-free, oft-policy actor-critic algorithm using
deep function approximators that can learn policies in high dimen-
sional, continuous action spaces” [16]. This definition means that
DDPG does not require any prior knowledge of the environment
(model-free), aims at optimizing policy different from the one
used to choose the action (off-policy), and is based on the symbiotic
cooperation of two artificial neural networks that are generally ref-
erenced as actor and critic, respectively.

The actor—critic structure is obtained by combining a deep
Q-learning algorithm [17], which can only deal with discrete
action spaces, and a deterministic policy gradient algorithm [18],
which is quite effective in general, but unsuited for complex
control tasks.

The actor and the critic together form the agent. The actor is the
artificial neural network in charge of deciding which action to take
given the environment state s,. The decision process of the actor is
called policy #, and it is modeled by a function that goes from the
state space to the action space, such that a, = 7(s,).

A policy, to be improved, must be measured in its outcomes.
Starting from a state s, and from an action a, (which leads to the

A
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A

State

- Action
n+1 a,

Reward
n(Sn.@n,Sn+1)

Agent A

Fig. 1 Agent-environment interaction loop
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next state s, and a reward r(s,, a,, S,+1)), the sum of discounted
future rewards obtained following a policy z is called expected
return J(s,):

i=n

N
J(s,) = [Eh,s;+1~E,a1~n' |:Z V(I_n)r(sh i, Si+1 ):| 1

where the notation of £, s, ~£.q,~x» also employed in the next formu-
lae, indicates that the state s;;; and the reward r; are of the assigned
environment £ and the action g; comes from the policy z, N is the
number of future steps considered in the sum, and y € (0, 1) is a dis-
count factor that can be tuned to vary the weight of faraway states
with respect to the closest. In the DDPG algorithm, the goal is to
obtain an optimal deterministic policy pu(s,) maximizing the
expected return J(s,) from a state s,,.

The critic is an artificial neural network that approximates the
action-value function Q”(s,, a,), also known as Q-function. The
Q-function evaluates an action-state pair (s,, a,) by computing
the expected return J(s,) after taking the action a, at the state s,
and afterwards obeying a policy z. In case of the deterministic
policy u(s,) as in DDPG, the Q-function Q¥ is given by

Q' (sus an) =y, 5, ~[r(sn, an) + Q" (Snat, psns1))]  (2)

The parameters of the critic artificial neural network ®¢ are
trained to approximate Q*(s,, a,). To quantify how close it is to
the optimal function, the mean-squared Bellman error function
L(®2) of the critic is employed. It is given by

1
LO%) =13 (i = Qs ai|0%) 3

where Q(s;, a;|®2) is the critic neural network and y; is computed
with the following equation:

yi =1+ 70" (siv1, 1 (5:41107)109) @

where 4/ (s,/0") and Q'(s,, a,|0) are, respectively, the actor and
critic target neural networks. These target neural networks differ
from Q(s,, a,|©®2) and u(s,|®"), and they are used to stabilize the
training process. The relationship between the neural networks of
the actor and the critic and their respective target neural networks
is shown later.

The actor network is trained to approximate the optimal policy
u(sy) = argmax, Q"(s,, a,). Therefore, the parameters © of the
actor network are updated at each learning step of the training
process by maximizing the deterministic policy gradient, which is

computed in a minibatch of previous state transitions
(Sn, Ap, Ty, Sn+1)
1
Verd 25D VaQlsis al®)myis) Vorn(sil®”) )
1

The minibatch is extracted from an experience buffer, whose
length is limited. If the number of episodes exceeds the experience
buffer length, the first training episodes are deleted from the buffer
while the last ones are kept.

A “soft update” according to Eq. (6) is performed on the target
networks at each learning step.

0«10+ (1-10 (6)

In Eq. (6), ® are the artificial neural network parameters of
the actor or the critic after the training and ©” are the ones of the
target neural networks. This “soft update” helps at stabilizing the
training process of the artificial neural networks since the target
values change slowly if 7 < 1.

The chances of finding the optimal policy during the training
process are increased by better exploring the state space of the envi-
ronment and the action space of the agent. To do so, noise sampled
from a noise process AV is added to the actor policy during training.
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The resulting policy is called exploration policy fi(s,) and is given
by

ﬁ(sn) = p(sn |®ﬂ) +N @)

During training, the noise is progressively reduced so that at the
end of training, each action is more deterministic. In this article, a
Gaussian model is used for the mathematical description of noise.
At each training episode, the Gaussian noise A is sampled as

N =m+ro, ®)

where m is the mean of the Gaussian process (in this article m = 0), r
is a vector sampled from the standard normal distribution with the
same dimension as the action, and o, is the standard deviation
(SD) of the Gaussian process. The standard deviation o, is
updated after each episode with the following equation:

Ont1 =0y(1 = D) (©))

where 0,41 is the standard deviation of the noise for the next
episode, o, is the standard deviation of the noise for the current
episode, and D is the decay rate, which is a constant parameter to
be set before training.

Another feature of the training process is that it does not start
immediately after the first step, but there has to be a number of
warm-up steps during which the policy is not used and the
actions are randomly generated in order to explore as much as pos-
sible the environment.

All the parameters that define any configurable part of the learn-
ing process of the DDPG agents are called hyperparameters [16].

The steps of the DDPG algorithm are summarized in Fig. 2.

2.3 Application of Reinforcement Learning to Multi-
objective Design Optimization. To adapt reinforcement learning
techniques to multi-objective design optimization, several specific
modifications are included. First, each state coincides with a
design solution. Thus, a state change caused by an action is a
design solution change.

Second, each training episode involves the succession of the
steps that are depicted in Fig. 3.

At the beginning of each episode, a random sample is generated
in the neighborhood of the center of the design domain. This allows
the same design solution to be reached at each episode with the

Initialization

v

Choose an action

Observe the new

Store the state

ap according to the transition
. state s,,; and the )
current policy and to (Sns@n,Sn+1,Mm) in the
§ reward r,
the noise memory

Soft update of target
networks

T

Sample a minibatch
of size N from the
memory

v

Learning update of
the actor network

Learning update of ]

the critic network

Compute y; for the
critic loss function

Fig. 2 Flowchart of the DDPG algorithm. At the beginning of
each episode, the actor chooses an action according to the
current policy from the initial state s,. This action is then modi-
fied by the noise. In the next step, the obtained action leads to
a new state s,,.1 and to a reward r,. Then, this state transition
is stored in the memory. In the end, a minibatch of previous expe-
riences is extracted from the memory and it is used to train the
actor, the critic, and their respective target networks.
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same variation of design variables, i.e., the same action. Moreover,
this ensures that the maximum value of the action does not depend
on the initial state. If initial design solutions were very close to the
boundaries of the design domain, the action space would need to be
constrained to prevent the design solution from exceeding the
domain limits.

Once the initial design is generated, the actor reads this design
solution and uses it to take action. Then, the action is summed to
noise and to the random design solution to determine the final
design solution. Once the final design solution has been calculated,
the objective functions are computed and memorized together with
the design solution. Then, the reward function is calculated by eval-
uating the Pareto optimality of the current design solution with
respect to the ones previously obtained. After this step, the model
is updated and the process is repeated starting from the random
initial design generation. The training is stopped after a given
number of episodes.

At the end of the training, the Pareto front in both the objective
functions and design variable spaces is extracted from the values
of the samples stored in memory. Therefore, the training process
also coincides with the estimation of the Pareto front.

The problem of applying RL to multi-objective optimization lies
in the need for a scalar reward, which has to represent the quality of
a vector of objective functions. This problem can be solved by
means of multipolicy or single-policy algorithms [7]. In multipolicy
algorithms, multiple agents, which have different rewards, are
trained simultaneously [10]. This greatly increases the complexity
of the method as more agents have to be trained. On the other
hand, single-policy methods are simpler but require the definition
of a scalarization function to represent the best trade-offs between
the objective functions. In the literature, this problem is generally
solved by means of a weighted average of the objective functions
[7]. Weighted sum requires the determination of optimal solutions
for different weight combinations and thus to repeat the training
of the agent. The scalarization method proposed in this article
focuses instead on the concept of Pareto optimality alone. In this
way, a high reward is assigned to all members of the Pareto front
without the need to change the reward function during optimization.
In particular, the reward function is equal to 1 if the design solution
is not dominated by any design solution already obtained during
training; otherwise, it is equal to 0. The nondominated Pareto solu-
tions d* are the design solutions belonging to the design domain D,
such that it does not exist a design solution d such that [19]

fd) <fd*) Vj
31: fild) <fi(d) (10)
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Fig.4 Example of dominated (circles) and non-dominated solu-
tions (squares)

To make this concept clearer, an example is shown in Fig. 4. The
goal is to minimize f; and f>. In Fig. 4, both squares and circles rep-
resent possible solutions in the objective function space. Circles
have worse performance with respect to squares. Circles are
called dominated solutions and represent poor design solutions.
Each square represents a dominant solution, which is optimal in
the sense than any other square reduces one objective function at
the cost of increasing the other. The Pareto front is made up of dom-
inant solutions that represent, for the given set of solutions, the best
compromises achievable among the objective functions.

If the multi-objective optimization problem contains constraint
functions, the reward of the design solutions that do not respect
all the constraint functions is computed as

Reward -1 (11)
1+ Nconstraints — nviolated(d)

where d is a design solution, n¢onsiraings 1S the number of constraint
functions, and nyjoiaed(d) is the number of constraint functions vio-
lated by the design solution d.

The optimization method discussed so far is depicted in the flow-
chart of Fig. 5.

3 Comparative Analysis

MORL-DB is compared to PSI and NSGA-II methods to evaluate
its performance. In this section, these traditional methods are pre-
sented. In addition, the performance metrics used in the comparison
are introduced.

3.1 Parameter Space Investigation. The first method which
is compared to MORL-DB is PSI. It is based on the generation of
uniformly distributed design solutions, which are then evaluated
to create an approximation of the Pareto front in the objective func-
tion space [20].

PSI explores the entire design domain without focusing on a spe-
cific region and is not subject to premature convergence. For these
reasons, it is a very robust approach. Furthermore, it is easy to setup,
since, once the design domain boundaries and the number of
designs to test are fixed, the algorithm has no dependence on any
other hyperparameter. These advantages are the key reasons
behind the selection of this method.

3.2 Genetic Algorithm. A second method used to compute
the Pareto front is the NSGA-II [15,21].

101703-4 / Vol. 147, OCTOBER 2025

It is an evolutionary algorithm inspired by natural selection pro-
cesses, and it is based on the following steps:

(1) Generation of random individuals

(2) Evaluation of the fitness of the population

(3) Representation of each individual with a binary string

(4) A probability of reproduction is assigned to each individual
according to the fitness

(5) A couple of parents generate an offspring by combining their
strings

(6) Bits of the offspring are changed with a given probability of
mutation

(7) The offspring is decoded in order to find the corresponding
design solution

(8) Evaluation of the fitness of the population

(9) Discard the less fit individuals

The steps between 3 and 9 are repeated until the entire population
is Pareto-optimal or until one of the stopping criteria is met.

The settings of the NSGA-II algorithm have been chosen after a
sensitivity analysis and are listed in Table 1.

The genetic algorithm was selected for its demonstrated ability to
solve multi-objective optimization problems. Its key qualities
include computational speed and the ability to generate a set of
Pareto-optimal solutions.

3.3 Performance Metrics. In order to compare the three
methods in computing the Pareto front approximations, several
metrics are introduced.

First of all, computational time is used since an ideal optimization
method must take as little time as possible to solve an optimization
problem. In addition, the number of objective function evaluations
and the number of Pareto points generated are also taken into
account, as the aim is to obtain a very good approximation of the
Pareto front with the lowest number of objective function evalua-
tions. Since in MORL-DB the optimization process coincides
with the training, it has a stochastic nature. Therefore, to evaluate
the impact of stochasticity on the results, each case study is ana-
lyzed by running MORL-DB five times. After completing all five
runs, the distribution of optimal designs in the objective function
space can be compared across the five runs, and the mean and stan-
dard deviation of the optimal design solutions obtained over the five
runs can be computed.

In MORL-DB, the number of objective function evaluations cor-
responds to the number of training episodes, since the objective
functions are evaluated once per training episode. The number of
episodes is a user-defined hyperparameter. For PSI, the number of
evaluations is given by the number of simulated designs, also set
by the user. Finally, as far as the genetic algorithm is concerned,
the total number of evaluations is equal to the product of the
number of generations and the number of individuals per genera-
tion. To ensure a fair comparison between the performances of
the methods, the population size in the genetic algorithm and the
number of designs simulated by the PSI were chosen to obtain
similar results to MORL-DB in terms of both the number of nondo-
minated solutions and the quality of the solutions.

Finally, an optimization method must generate a uniform point
distribution. To quantify this characteristic, the Spacing metric
(SP), which is the standard deviation of the distance between the
points of the Pareto front, is used. It can be computed as

K
di= m.in(Z It —.ﬁ-"l) (12)
s k=1

ij#i

3

[N
Il

d; 13)

S| =
T
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Fig. 5 Flowchart of the whole optimization process. At the beginning of each episode, a random
initial design solution is generated in the neighborhood of the center of the design domain. Then,
the action determined by the actor and the noise is summed up to find the final design. In the fol-
lowing step, the performance of the final design is evaluated and, according to its Pareto optimality
and its feasibility, a reward is assigned. After that, depending on whether the number of episodes is
higher or lower than the warm-up step, the actor, the critic, and their respective target networks are
updated.

Journal of Mechanical Design OCTOBER 2025, Vol. 147 / 101703-5

920¢ Yo I8N Q€ U0 JIasn oue | N I 09 1udd}1|od Ag 4pd "G9/T -¥¢ -pu /ETSLTS. /€0LTOT /OT /L¥T /4pd -8 |9 13 1€ /ub 1sap [ed ueyoau /6 10 "ause "uo 1398 | |09 [e} 16 pause //:d 13y wo i} papeo juwod



Table 1 Selected parameters used in the case studies

Number of bits for each design 8
variable

Mutation probability
Fitness function
Stopping condition

3.22%
Dominance depth
The entire population is
nondominated

(14)

where f is an objective function, K is the number of objective func-
tions, and 7 is the number of Pareto-optimal solutions [13].

4 Case Studies

This section introduces two case studies that are used to compare
the methods previously described.

4.1 Viennet’s Benchmark Problem. MORL-DB is tested
with Viennet’s benchmark problem [14], which is given by

0.5 +x3) + sin(x¥?3 + x3)

(Bx1 —2x,+4)* (=0 +1)?
3 +=2==+15

min
ity — L1 (15)
. -30<x; <30
s.t.
-30<x, <30

It is a tri-objective optimization problem with two design vari-
ables, x; and x,.

The problem is very complex since there are many local optimal
solutions in the space of the objective functions, and the Pareto front
is discontinuous [14]. A minimum number of iterations of 20,000
was imposed for the genetic algorithm to avoid an early stopping
on local suboptima.

To exploit the full potential of the MORL-DB method, its hyper-
parameters [16] must be tuned for each specific case study. After a
series of tests, it has been decided to use the hyperparameters col-
lected in Table 2. All hyperparameters not listed in Table 2
remained the same as Matlab Reinforcement Learning Toolbox’s
default value [22].

In this case study, the effect of the variation of each hyperpara-
meter is not shown. To quantify it, a sensitivity analysis has been
done with the third case study. Although the three case studies
are different, the changes in performance metrics associated with
a change in hyperparameters are very similar.

As stated previously, at the end of each step, the initial state of the
next step is always extracted from the neighborhood of the center of
the design domain. For this reason, the method needs to find the best

Table 2 List of modified hyperparameters and their values for
the Viennet problem

Number of neurons per layer 128
Decay rate of the standard deviation 0.075
Minibatch size 256
TActor 0.00025
TCritic 0.00025
Number of episodes 4000
v 10-10
Maximum experience buffer length 10*

Note: The other hyperparameters assume the default values in the MATLAB
RL Toolbox.

101703-6 / Vol. 147, OCTOBER 2025

Table 3 List of modified hyperparameters and their values for
the Osyczka and Kundu problem

Number of neurons per layer 128
Decay rate of the standard deviation 0.000075
Minibatch size 512
TActor 0.000125
TCritic 0.000125
Number of episodes 25000
v 10-10
Maximum experience buffer length 2048

Note: The other hyperparameters assume the default values in the Matlab RL
Toolbox.

design solution with a single action. A low discount factor promotes
actions that lead to a high reward (i.e., an optimal design solution)
immediately after the initial state. It is therefore applied in
MORL-DB.

4.2 Osyczka and Kundu Benchmark Problem. Another test
used to evaluate the performance of MORL-DB is the Osyczka and
Kundu problem [14]. It can be written as

n —(25(x1 = 2" + (2 =27 + (03 — 1> + (xs =47 + (x5 — 1))
X243+ 05+ k42
X1 +x—-22>0
6—x1—x>0
24x1—x >0
2—x1+3x% >0
st. $4-(3-3%-x2>0 (16)
(s =32 +x—4>0
0<x1, x, x<10
1<x;3, x<5
0<x <6

mi

Because of the large number of constraints and design variables,
a higher number of episodes is necessary. Given the high number of
episodes, a lower noise decay rate and lower learning rates were
used to lengthen the exploration period and ensure stable training.
The minibatch was also increased and, unlike the previous case,
the length of the experience buffer was limited so that the agent
only learns from the last episodes. This is necessary because, the
number of episodes being quite high, the designs that initially
obtained a unitary reward may no longer receive it. For this
reason, they would then make the agent focus on suboptimal
areas of the design domain making the algorithm inefficient.

The values of the hyperparameters used for this case study are
listed in Table 3. The hyperparameters not present in the table are
left as the default values of the MaTLAB Reinforcement Learning
Toolbox [22].

4.3 Quarter Vehicle Model. MORL-DB is also tested on the
design problem of a road vehicle suspension [19,23]. The adopted
model of suspension is a QVM for passively suspended road vehi-
cles, which is shown in Fig. 6. In this model, the mass m, is given
by the sum of the mass of the wheel and a part of the mass of the
suspension arms, m, is roughly a quarter of the car’s body mass,
k; is the tire radial stiffness, r, and k, are, respectively, the
damping and the linear stiffness of the suspension [12,19,23].

In this case study, k; and r, are the design variables while the
other quantities are constants. The lower and upper bounds of the
design variables and the values of the constants are collected in
Table 4. These values and ranges are arbitrary and have been
chosen to represent an average small vehicle.
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Fig. 6 Simplified suspension model

Table 4 Upper and lower bounds of the design variables and
constant values

Quantity Value
ky 120,000 N/m
m 30kg
ky 0-50,000 N/m
r 0-5000N s/m
ny 230kg

The three objective functions to be minimized are the road
holding o, (standard deviation of the vertical contact patch load),
working space oy, (the standard deviation of the relative distance
between m; and m,), and the discomfort o3, (standard deviation of
the vertical acceleration of the car body m,).

These objective functions can be computed directly by the fol-
lowing equations:

a=" (17)
2

x_kz(ll;::) (18)
(1+q)’°

RXZI’Z —klmzq (19)
1 >

= mz(kl';' q) (R_> 20)

Oxy—x; =/ 1/2ApVf1 (21)

B3 (Ke R

) _ 1 X X

hHh= —qu (_Rx + _q> (22)
o, =/ 1/24v6 (23)

Journal of Mechanical Design

Table 5 List of modified hyperparameters and their values for
the quarter vehicle model

Number of neurons per layer 144
Decay rate of the standard deviation 0.00075
Minibatch size 128
TActor 0.00025
TCritic 0.00025
Number of episodes 1000
y 10-10
Maximum experience buffer length 10*

Note: The other hyperparameters assume the default values in the MATLAB
RL Toolbox.

Table 6 Values of the hyperparameters tested during the
sensitivity analysis

Hyperparameter Low Reference High
Number of neurons per layer 80 144 208

Decay rate of the SD 0.000375 0.00075 0.001125
Minibatch size 64 128 192

TActor 0.000025 0.00025 0.0025
TCritic 0.000025 0.00025 0.0025
Number of episodes 500 1000 1500

y 0.2 10710 10720

Note: The other hyperparameters assume the default values in the MATLAB
RL Toolbox.

K.—1)? 1 1
f2=Jimga + q)(% = (Rx + R—)) (24)

X

OF, =/ 1/2Abvf3 (25)

where A, is an index of the road irregularity and v is the vehicle
speed. In this case study, the vehicle speed is 30 m/s while A, is
setto 1.4-1075.

Even in this case, the majority of the hyperparameters of
MORL-DB are left as the default value of the Matlab Reinforce-
ment Learning Toolbox [22], while the modified ones and their
values are listed in Table 5. In this case, a low decay rate is
employed to make the algorithm explore more. Moreover, due to
the low complexity of the problem, a low minibatch size and a
low number of episodes are used.

In this case study, a sensitivity analysis of the hyperparameters
with a one-factor-at-a-time approach [19] is carried out. The
values tested for each hyperparameter can be found in Table 6.

Since this method has variable performance due to noise and
random initialization, five tests are done for each combination of
hyperparameters. The average of the results is used for the sensitiv-
ity analysis.

Two metrics used in the sensitivity analysis are the number of
Pareto-optimal points and the time required to complete the optimi-
zation. Since the performance of the method must be also robust, the
standard deviation of the number of Pareto-optimal points is used as
an index of robustness.

5 Results

5.1 Viennet. The results are shown and compared to the ideal
ones in Figs. 7 and 8.

As can be seen from Figs. 7 and 8§, MORL-DB has a good level of
accuracy despite the fact that few simulations were carried out.
Moreover, results closer to the theoretically correct one can be
achieved with more simulations.
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Fig. 7 Theoretically correct Pareto front for Viennet’s problem [14] (a) compared to the one obtained with the RL-based

optimization (b)

As shown in Table 8, the main problem with MORL-DB is that,
although a very low number of episodes is required to obtain a good
approximation of the Pareto front, the time required to train the
neural networks makes the optimization process slower with
respect to the other methods. However, the situation could be the
opposite when optimizing objective functions that require more
time to be evaluated. This is, for instance, the case of the computa-
tional fluid dynamics (CFD)-based optimization of aerodynamic
wing profiles. According to Han et al. [24], an optimization of
this kind can take more than 100 h, if solely high-fidelity CFD sim-
ulations are employed. In such a context, even slightly reducing the
number of simulations to be carried out can lead to a significant
reduction in the number of optimization hours.

At the end of all five iterations performed for this case study,
comparable results were obtained in terms of the distribution of
Pareto-optimal solutions. Moreover, as shown in Table 7, the sto-
chasticity does not influence the number of Pareto-optimal solutions
obtained at the end of the optimization.

Another fact worth noting is that the SP values (Eq. (14)) shown
in Table 8 are quite close. This means that, even if MORL-DB does

(@)
3
ol ot i
1 . B
() /\
=
g o 1
BN
a4+ R
2L .
3 I L | I | I
-3 -25 -2 15 -1 -0.5 0 0.5

x-value

not contain any explicit penalty for close Pareto points, MORL-DB
is able to create a quite uniform approximation of the Pareto front.

The main limitation of MORL-DB is that these performances are
achieved with a good combination of hyperparameters, which may
require several tuning iterations to be obtained. It should be consid-
ered, however, that the genetic algorithm also required changes to
its settings to avoid early stopping and that, in the future, good com-
binations of the hyperparameters for common problems might be
found in the technical literature.

5.2 Osyczka and Kundu. The results of the Osyczka and
Kundu problem obtained by means of MORL-DB, NSGA-II, and
PSI are shown and compared to the ideal ones in Fig. 9.

As can be seen, fewer points were obtained than in the previous
case. Moreover, while PSI manages to obtain a fairly uniform dis-
tribution of dots, NSGA-II and MORL-DB generate several zones
of high solution concentration. None of the methods perfectly
approximates the Pareto front everywhere, but comes closest in
certain areas. As can be seen, for example, in the central zone,
the solutions obtained by MORL-DB dominate those obtained by

®),
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_43;& " . . "
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Fig. 8 Theoretically correct nondominated design variables for Viennet’s problem [14] (a) compared to the ones obtained

with MORL-DB (b)
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Table 7 Performance metrics of three methods employed to
solve the quarter of the vehicle model

MORL-DB  PSI  NSGA-II
# of objective function evaluations 1000 2300 6000
# of Pareto-optimal solutions 638 598 600
Standard deviation of the # of 30.9 0 0
Pareto-optimal solutions
Solving time (s) 179.4 0.0175  0.1174
SP (Eq. (14)) 0.352 0.374 0.018

Table 8 Performance metrics of three methods employed to
solve the Viennet problem

MORL-DB PSI NSGA-II

# of objective function evaluations 4000 600,000 25,000,000
# of Pareto-optimal solutions 533 520 520
Standard deviation of the # of 25.3 0 0
Pareto-optimal solutions

Solving time (min) 30.5 23.8 12.59

SP (Eq. (14)) 0.197 0.118 0.283

NSGA-II and PSI while NSGA-II performs in the DE segment. As
shown in Table 9, NSGA-II proves to be the best method for this
test case as it is able to generate a large number of Pareto-optimal
solutions in a short time and with only a few iterations. Further-
more, by using a larger population, it is possible to obtain a better
approximation of the ideal Pareto front in exchange for a higher
computational burden. On the other hand, MORL-DB proves that
it is not at the same level as the NSGA-II but still manages to
solve even constrained multi-objective optimization problems
with more than two design variables with much fewer objective
function evaluations than PSI. Moreover, even in this case, the
impact of training stochasticity on the distribution and the number
of Pareto-optimal solutions is not relevant. However, even in this
case, these results were obtained after many hyperparameter
tuning iterations.

Due to the high number of episodes, the evolution of the Pareto
front generated by MORL-DB during optimization can be appreci-
ated in more detail in this case study. As shown in Fig. 10, the
Pareto front obtained with the proposed method continuously
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improves. Moreover, the higher level of discontinuity of the
Pareto front after 25,000 episodes is the consequence of the increase
in the number of optimal solutions determined. Finally, as can be
seen in the figure, many solutions are discarded despite being
very close to being optimal. These designs are generally obtained
during the last episodes of the training. Therefore, the level of
quality of the suboptimal solutions found using MORL-DB can
still be considered quite high.

5.3 Quarter Vehicle Model. The results of the quarter vehicle
model case study are represented in Figs. 11-13.

As can be seen in Table 7, even in this case, MORL-DB is
capable of generating, even with a limited number of episodes, a
large number of Pareto-optimal solutions well distributed within
the space of objective functions. In particular, about 60% of the
solutions evaluated during the training are part of the Pareto front
obtained at the end. This again demonstrates the ability of
MORL-DB to find good approximations of the Pareto front with
a limited number of evaluations of the objective functions.

Obviously, less accurate approximations of the Pareto front can
be obtained with a lower number of episodes. The number of epi-
sodes can be modified to define the desired trade-off between accu-
racy and computational effort.

Again, the optimization process takes longer with respect to the
other tested methods because the training of neural networks con-
siderably slows down the approximation of the Pareto front. This
is mainly due to the fact that the evaluation of the objective func-
tions requires negligible time. In actual design cases where the eval-
uation of objective functions could be more time-consuming, the
situation could be reversed.

Finally, even in this case study, the stochasticity of the training
did not lead to a high variability of the results obtained at each
iteration.

The results of the sensitivity analysis presented in Sec. 5.3 are
shown in Fig. 14.

As can be seen, the number of Pareto-optimal solutions remains
fairly constant. The only parameters that have a significant effect are
the learning rate, which in some ranges leads to significant reduc-
tions in the number of Pareto-optimal solutions because of the insta-
bility of the training process or because the training becomes too
slow, and the decay rate, whose rise increases the number of
Pareto-optimal solutions but makes their distribution more concen-
trated in certain regions due to the lower exploration. As far as the
elapsed time is concerned, it is mainly influenced by the number of
neurons, which increases the training time because of the higher
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Fig. 9 Theoretically correct nondominated design variables for Osyczka and Kundu’s problem [14] (a) compared to the

ones obtained with MORL-DB, NSGA-Il, and PSI (b)
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Table 9 Performance metrics of three methods employed to
solve the Osyczka and Kundu problem

MORL-DB PSI NSGA-II
# of objective function evaluations 25,000 108 22,100
# of Pareto-optimal solutions 32 44 100
Standard deviation of the # of 2.3 0 0
Pareto-optimal solutions
Solving time (min) 72 79 0.15
SP (Eq. (14)) 701.22 788.82  280.48
x10*
: . 25
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— 25000 episodes o
30 Ideal Pareto front 2
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Fig. 10 Pareto front of the Osyczka and Kundu’s benchmark
problem obtained with MORL-DB after 8000, 16,000, and 25,000
episodes. The points in the plot represent the design solutions
tested during the optimization process and their color depends
on the number of episode in which they are generated.
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Fig. 11 Pareto front (three objective functions) obtained with
MORL-DB for the QVM compared to the theoretically correct
one [19]

number of parameters to determine, and by the minibatch size,
which, since the default settings are used, also defines the number
of warm-up steps. For this reason, a higher minibatch size means
a higher number of warm-up steps and thus less training time
because of the reduced number of training steps. It is also worth
noting the effect of the number of episodes. The number of
Pareto-optimal solutions grows almost linearly with this parameter,
while the optimization time grows more than linearly. Moreover, it
also influences the variability of the results. In the end, as shown by
the trend of the standard deviation with the learning rate of the critic,
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The results obtained with MORL-DB for QVM are compared to the
theoretically correct ones [19].
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Fig. 13 Projection of the Pareto front on the (55, — 6x,-x,) Plane.
The results obtained with MORL-DB for QVM are compared to the
theoretically correct ones [19].

there can be considerable reductions in robustness even with the
change of a single parameter. The same thing happens, but to a
more limited extent, with the actor’s learning rate, the number of
neurons, and the decay rate.

In all tests performed during the sensitivity analysis, the algo-
rithm still managed to produce a Pareto front approximation. In con-
trast, the combinations of hyperparameters used for the other two
case studies are less robust, with even a single hyperparameter
change potentially causing convergence failure. In these cases,
the only way to achieve convergence is through an appropriate com-
bination of all the hyperparameters.

This analysis demonstrates the complexity of the hyperparameter
tuning, which requires a lot of time.

6 Conclusion

In this article, a new reinforcement learning-based multi-
objective optimization method is presented. The new method,
called MORL-DB, is applied to two test cases well known in the
technical literature (Viennet and Osyczka and Kundu [14]) and to
optimize a road vehicle suspension system. The results are com-
pared with the ones obtained with the nondominated sorting
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Fig. 14 Sensitivity analysis of the hyperparameters

genetic algorithm (NSGA-II) and PSI. In all test cases, the method
demonstrates the ability to generate many Pareto-optimal solutions
with few evaluations of objective functions. Moreover, at the end of
the training process, the output is not only the Pareto front but also a
trained agent that allows one to understand quickly if another design
solution will be or not Pareto-optimal. Additionally, MORL-DB
managed to obtain a distribution of the Pareto-optimal solutions
with an uniformity comparable to PSI. At the same time, it
should be considered that the training process slows down the opti-
mization process significantly, and this causes a speed gap with
respect to the other tested methods. This gap is very high for the
Osyczka and Kundu test problem and for the quarter car vehicle
model case study, while it is much less for Viennet’s problem. In
fact, in Viennet’s case study, the training time is partly compensated
by a significantly smaller number of objective function evaluations.
The main limitation of the MORL-DB algorithm is the need to find
a good hyperparameter set to exploit the full potential of reinforce-
ment learning by means of a series of tests. However, in the future,
this problem may be less relevant because good combinations of

Journal of Mechanical Design

hyperparameters for common problems will be found in the techni-
cal literature.
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