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Abstract— We address the Unrelated Parallel Machine
Scheduling Problem (UPMSP), where machines are subject
to unavailability periods due to maintenance interventions.
Two conflicting objectives are considered: the first focuses
on production and maintenance tardiness, while the second
aims to minimize energy consumption. This problem was
previously studied in [15], where it was formulated as a Mixed-
Integer Linear Programming (MILP) model and solved using
an enhanced Multi-Objective Simulated Annealing algorithm
based on a population of solutions (POP-MOSA).

In this work, we aim to improve the performance of
POP-MOSA by integrating reinforcement learning techniques,
specifically the Q-learning algorithm. The resulting approach,
referred to as Q-MOSA, leverages Q-learning to adaptively select
the most appropriate local search strategy at each iteration.

Q-MOSA introduces several novel contributions. First, at the
end of the learning phase, the Q-table is generated using a
compact design that reduces its size while preserving decision
quality. Second, given the conflicting nature of minimizing both
tardiness and energy consumption, a more flexible learning
mechanism is required. This motivates the adoption of a multi-
reward reinforcement learning strategy, which offers a more
effective alternative to traditional single-reward schemes.

Q-MOSA is evaluated using small-scale benchmark instances,
and its performance is compared against the exact Pareto front
obtained in [15].

I. INTRODUCTION

In this paper, we address a realistic problem involving two
key business management functions: production scheduling
and maintenance planning. Specifically, we focus on the
UPMSP, which is one of the three main types of parallel
machine shop environments: identical parallel machines
[3], uniform parallel machines [13], and unrelated parallel
machines [8]. Furthermore, maintenance planning can vary
depending on the type of maintenance considered. It may be
flexible [14] or fixed [22], depending on predetermined start
and end times, and in some cases, it may also be periodic
([4D.

The problem of production scheduling with maintenance
planning is usually referenced as the scheduling problem
under unavailabilities and several state of arts were proposed
([6D.

To better reflect the realities of production workshops and
align with sustainability and environmental concerns, a multi-
criteria approach is necessary. Several studies have explored
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this within the context of parallel machine shop environments
[12].

The methods for solving scheduling problems are primarily
exact methods and approximate methods, which are mainly
realized through metaheuristics [11]. Recently, these methods
have been enhanced by techniques from artificial intelligence
to improve their performance. We are particularly interested
here in reinforcement learning (RL) technique.

[16] provides a review of the applications of reinforcement
learning (RL) techniques to various scheduling problems, with
particular emphasis on their integration with metaheuristics. In
relation to the Q-learning algorithm, five papers are presented,
each detailing how Q-learning is applied within the scheduling
context. [7] presents a review of 29 publications on the topic
of "RL methods for manufacturing scheduling problems.”
Among them, four papers specifically use Q-learning, with
some incorporating it into metaheuristic frameworks. [10]
presents a state-of-the-art review of 80 papers published
between 1995 and 2020, organized according to workshop
design. The reviewed learning algorithms include Q-learning.
17% of the studies deal with parallel machine scheduling
problems, and 64% use the Q-learning algorithm. In the
context of scheduling, RL algorithms are often employed to
select dispatching rules. However, only one study considers
the UPMSP from a multi-objective perspective.

Since these three state-of-the-art reviews, several recent
studies have emerged. [2] tackles the UPMSP with the
goal of optimizing three objective functions: total tardiness,
makespan, and energy consumption. The Q-learning algorithm
is combined with NSGA-II. [21] proposes a deep reinforce-
ment learning approach to solve the Job-Shop Scheduling
Problem (JSSP), modeled as a Markov Decision Process.
[20] addresses the Distributed Flexible Job-Shop Scheduling
Problem with integrated maintenance decisions. The objective
is to minimize makespan, total maintenance cost, and total
energy consumption. The authors propose a multi-objective
evolutionary algorithm in which Q-learning is used to guide
the selection of local search operators. [9] focuses on the
Hybrid Flow-Shop Scheduling Problem with the aim of
minimizing the maximum completion time (makespan) at
the final stage. Reinforcement learning is applied to compute
high-quality solutions.

In this paper, we deal with the unrelated parallel machine
scheduling problem presented in [15]. The unavailability due
to maintenance interventions and energy constraints are taken
into account, allowing us to minimize two objective functions
related to production and maintenance earliness/tardiness, as
well as energy consumption. Each machine is subject to a



flexible maintenance activity to be performed within a toler-
ance interval (TI), repeated at regular intervals. Additionally,
energy consumption depends on the characteristics of the
machines and the duration of production jobs. We propose a
MOSA algorithm enhanced with the Q-learning reinforcement
learning technique to improve the results obtained by the
classical POP-MOSA presented in [15]. We consider the
same benchmarks and use standard performance metrics to
evaluate the results.

The originality of this work is directly linked to the
solution method in the resolution method, highlighted through
three main aspects. First, the use of Q-learning algorithm
to select the local search procedure in MOSA algorithm
from one iteration to the next. Indeed, to the best of our
knowledge, there is no paper that applies the Q-learning
paradigm to improve the MOSA metaheuristic, particularly in
the context of scheduling problems. Second, the use of a multi-
reward approach instead of a single-reward which has not
been applied in various contributions in the literature. Third,
designing the state representation is essential for modeling the
state space. We adopt a grid-based discretization approach,
where each objective function is mapped within a square
using a specific mapping function.

The remainder of the paper is structured as follows: In
Section II, we present the problem under study. Sections
IIT and IV detail the two proposed versions of Q-MOSA,
respectively. In Section V, we present and discuss the obtained
results. Finally, in Section VI, we conclude the paper and
provide some perspectives for future work.

II. PROBLEM DEFINITION

We consider the scheduling problem addressed in [15].
Specifically, we focus on the unrelated parallel machine
scheduling problem with periodic and flexible maintenance
activities. The objective is to schedule N production jobs on
M unrelated (non-identical) machines. Each production job
Ji, 1 = 1..N has a processing time p;; that depends on the
machine My, k = 1..M, on which it will be scheduled, and
a due date d; that should not be exceeded. J; is considered
late (i.e., has a tardiness T7;) if its completion time c¢; exceeds
d;. The tardiness is computed as follows (Eq. 1):

T; = max(0,¢; — d;) 1=1.N 1

Each machine My, requires the planning of one mainte-
nance periodic and flexible maintenance activity. We denote
each maintenance occurrence as hji, j = 1..Hj. These
maintenance activities must be planned periodically, with
a fixed interval P, and within a time window called the
tolerance interval, denoted as T'1;, = [T'm, T'z] ;1. Thus, each
maintenance occurrence hi is associated with its correspond-
ing tolerance interval T, and its timing is determined based
on the previous occurrence h;;—1. Moreover, the processing
time of each maintenance activity hj; is denoted p;c, which
is given and depends solely on the machine. Therefore, this

duration varies from one machine to another.
Since the maintenance activities are flexible, each h;; can
be either advanced or delayed within its tolerance interval

T A maintenance occurrence is considered early if it starts
before T'myy, (i.e., its starting time ¢, < T'myy) , and late if

’

it finishes after T'x ;) (i.e., its completion time ¢, > T'x ;).
These earliness and tardiness values are denoted é-k and Ty,
respectively, and are computed as shown in Eq. 27:

j=1.Hy
j=1.Hy

k=1.M

’ ’
B =max(0,Tmji —t;) 2
k=1.M

’ ’
T}, = max(0, ¢, — Txjx)

Where Hj, represents the maximum number of maintenance
interventions on machine M.

Each machine consumes energy based on its operational
state (active or idle), its specific characteristics, and the jobs
being processed. In fact, energy consumption varies depending
on whether the machine is active, idle, or undergoing
maintenance. We denote by e?j, the energy consumption
per unit of time when job ¢ is processed on machine j.
Additionally, e} represents the energy consumption per unit
of time for machine j when it is idle. We formulate this
as a bi-objective optimization problem. The first objective
function, fr, concerns time optimization in both production
and maintenance contexts. It aims to minimize the total
tardiness of production jobs (Eq. 3) as well as the combined
earliness and tardiness of maintenance activities (Eq. 3). The
second objective focuses on energy efficiency, targeting the
minimization of total energy consumption (Eq. 4). A Mixed-
Integer Linear Programming (MILP) formulation for this
problem was proposed in [15].
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1. Q-MOSA

“

Q-learning is a fundamental reinforcement learning (RL)
algorithm [18] that enables an agent to learn how to make
optimal decisions by interacting with its environment.

It is a model-free, value-based learning method, meaning
that the agent does not require prior knowledge of the
environment’s dynamics; instead, it learns through trial and
error [1]. In the learning phase, the agent explores different
actions in a given state and updates its estimates of the optimal
action-value function based on the rewards received. Over
time, it constructs a Q-table, which maps state-action pairs
to expected long-term rewards. This table allows the agent to
identify the best action to take in any given state to maximize
cumulative rewards.

In the execution phase, the agent uses the learned Q-table
to select actions based on the values it has computed.

The proposed Q-MOSA represents an improvement over
the one presented in [15]. In addition to the specific features
of POP-MOSA, the integration of the Q-learning algorithm
is implemented as follows:

e The Q-learning algorithm is used to choose the local
search;



o To compute the Q-table in the learning stage, a specific
design is proposed allowing us to reduce the Q-table
volume and consequently the search time;

« In addition to the single-reward MOSA, a multi-reward
version is proposed.

A. Element of the learning algorithm

We start by presenting the Q-learning elements:

1) State Environment: The solution space is finite but
extremely large, making it impractical to store or evaluate each
solution individually in a tabular format. Therefore, state space
discretization is necessary. However, the design of the state
representation must balance the trade-off between information
loss and the size of the state space. In this approach, the
state representation captures relevant information from the
scheduling problem [17], while also modeling the solution
independently of the number of machines and tasks. This is
achieved by basing the representation solely on the objectives
of the solution.

To model the state of a given solution within a set of
solutions S, we consider the values of its two objective
functions: fr and fr. A mapping function takes these two
values as input along with the maximum and minimum values
across the solution set .S, which represent the extreme cases
and maps them to a discrete state within a fixed-size grid.
This is done by normalizing each objective value within its
respective range, followed by scaling it to a small number
of discrete levels. The values are then clipped to ensure they
remain within predefined limits.

This approach allows us to categorize potentially infinite
schedules into a finite set of zones, thereby simplifying the
state space and making it more manageable for the Q-learning
algorithm to process and optimize scheduling decisions.

T = (f?%_TmT) Xy
(ijlgmyXV] (5)

y = [ Ern_E.'t

e (X, y) present the index of a zone (X, y) in the discretized
grid.

o T, T, Ey, and E,, present the minimum and maximum
values of the tardiness and energy objective functions,
respectively.

o T and E present the indexes of the cell associated to
the the current solution.

¢ 7 defines the number of states, corresponding to the
number of cells in the grid, and is determined by the
discretization factor . The grid represents a discretized
solution space, where each cell (or zone) corresponds
to a distinct state.

o The main grid has y x «y cells, and additional zones are
included beyond the main grid to handle extreme cases,
resulting in a v + 1 x v + 1 total grid size.

2) Actions space: To model the action space, the six
defined types of neighborhoods are considered as actions.
Each action consists of selecting one neighborhood type and
performing a random perturbation within it.

3) Reward function definition: The reward function (R)
evaluates the improvement achieved by an action by consid-
ering the differences in energy consumption (A fg) and total
delay (A fr) before and after the action, as well as the time
required to perform the action (C'PU), thereby favoring faster
perturbations. The reward function is calculated as follows:

R= mam(O,a.(Aj'Tg;gax(O,ﬁ.(AfE) (6)

A perturbation performed within a neighborhood may result
in a solution that is worse than the current one. To avoid
accounting for negative improvements, any negative difference
will be set to a minimum of zero.

4) Q-learning table: The Q-table is defined as a matrix
QIS, Al, where :

« S represents the space of states. Each state corresponds
to the index of a zone (x, y) in the discretized grid,
which represents different scheduling solutions.

o A represents the space of actions, which are perturbations
applied to scheduling solutions.

The rows representing the states correspond to the zones
calculated previously, while the columns represent the six
possible actions. For example, if v = 9, then the state space
consists of (9 + 1)2 = 100 possible states. Each state is
indexed as a Cartesian coordinate (X,y) in the grid (zone).
The Q-table is thus a matrix of size S x A = 100 x 6 = 600
values to learn. Each cell in this matrix, Q[s, a], represents
the estimated value of taking action aa while in state S.

B. O-MOSA - Learning

The learning phase in Q-learning is where the agent
explores various scheduling solutions, applies perturbations
(actions), receives rewards, and updates the Q-table based
on the outcomes. The goal is for the agent to learn an
optimal strategy for selecting the most effective perturbations
to improve scheduling performance over time. We execute
the learning phase on a benchmark instance with the highest
number of jobs and machines, as this instance allows for the
exact computation of the Pareto front. Algorithm 1 illustrates
this phase of the Q-MOSA framework.

For the current states, the agent selects an action a
based on the € — greedy policy: With probability p, the
agent selects a random action (exploration). Otherwise, it
selects the action with the highest Q-value (exploitation):
a = argmaz,Q(s,a).

In this case, we use a value ofe = 1 in the ¢ — greedy
policy, which means that all actions are chosen randomly,
regardless of the state of the solution. This approach ensures
that all the cells of the Q-table are visited. During the initial
iterations, exploitation (choosing the best action) has no real
meaning, as the Q-values are not yet informative. Therefore,
the agent is intentionally forced to explore in the early stages.

C. OQ-MOSA - Exploitation

After the learning phase, the agent uses the Q-table to
choose the optimal action at each step, but through tests
many limitations were observed with direct exploitation, and



Algorithm 1 Q-MOSA - Learning.

Input: Benchmark, Env_Size, Action_Size;
Output: Q[s, aJ;

1: S +— get_env(Env_Size);

2: A <— get_actions(Action_Size);

3: Qls,a] <— 0 for all pairs (s, a); > Initialize Q-table

4: for (Each Instance in Benchmark) do

5: Sol «— Generate_Random_Solutions(POP); 1> Generate
Pop random solutions

6: repeat > Start of the episode

7: for Solution in Solutions do

8: s <— get_state(Solution); > Neighborhood selection for
perturbation

9: a +— € — greedy(s);

10: Q[s,a] +— Qls,a]l + a x (R+ v X max,lQ[sl,a/} —
Q[s,a]); > a € [0,1] is the learning rate, v € [0, 1] is the discount
factor

11: end for

12: until Stopping Criterion

13: end for

14: Return Q — table;

the obtained results were clearly inferior to those of a standard
MOSA.

Modified € — greedy: Directly selecting the action with
the highest Q-value reduces the diversity of explored actions
and can lead the agent to become trapped in local optima,
limiting convergence to the global optimum. The Q-table
approach also discretizes the state space, and if some states
or actions are underexplored, their Q-values may be poorly
estimated. Tests showed that a strictly exploitative policy
biases the search toward specific regions of the Pareto front.
Therefore, maintaining a small degree of exploration helps
preserve solution diversity and improves overall performance.

To solve this problem, a variability in the choice of
neighborhood types used for perturbations. A modified
€ — greedy policy, which takes parameters €; and ez, such
that €; > eo and €1 + €5 < 1:

e In ;% of the cases, we consider the best neighborhood,

i.e., the highest value in the Q-table for the given state.

o In 2% of the cases, we select the second-best neighbor-

hood, i.e., the second-highest value in the Q-table.

o In the remaining cases, we choose a random neighbor-

hood among the four remaining ones and perform the
perturbation.

IV. MULTI-REWARD Q-MOSA APPROACH

In traditional RL approaches applied to scheduling prob-
lems, it is common to combine multiple objectives into a
single reward using fixed manual weights, as in the current
implementation with fixed coefficients o and 5. However,
this single-reward strategy has major limitations. It assumes
a static trade-off between objectives throughout learning,
which is unrealistic in dynamic and uncertain environments.
Moreover, it obscures the individual contribution of each
objective, reducing the model’s ability to adapt to shifting
priorities. In contrast, using multiple distinct reward signals
allows the agent to capture different aspects of the desired
behavior and combine them adaptively during training. This
improves robustness, as deficiencies in one reward signal can

be compensated by others, making the system less sensitive
to poorly designed reward functions [5].

This observation motivates the use of multi-reward rein-
forcement learning as a more effective alternative to traditional
single-reward techniques. We integrate a multi-reward Q-
learning approach into the scheduling system, where the agent
maintains three independent Q-tables instead of collapsing
multiple objectives into a single scalar reward.

At each learning step, the Q-tables for delay and energy
are updated separately using standard Q-learning updates. A
combined Q-table is then computed dynamically, with weights
for delay and energy adapted based on the relative magnitudes
of the learned Q-values. This dynamic weighting enables the
agent to adjust its prioritization between objectives in real
time, allowing for more effective action selection at each step
while the rest of the process follows the same structure as
the single-reward approach.

By tracking each objective independently and dynamically
adapting the trade-offs, the agent is able to generate more
Pareto-efficient scheduling policies, eliminate the need for
manual weight tuning, and better adapt to changing system
requirements compared to fixed-weight single-reward formu-
lations.

A. Learning Phase

Unlike classical RL approaches that maintain a single
Q-table, here the agent maintains three separate Q-tables
throughout the learning process:

o A Q-table for tardiness ()7 tracking the expected

improvement in delay associated with each action.

e A Q-table for energy (g tracking the expected im-

provement in energy consumption for each action.

o A combined Q-table Q.ombinea Which dynamically aggre-

gates the two previous tables to guide action selection.

The learning updates are applied only on the delay and
energy Q-tables, following the classical Q-learning update
rule. These updates are performed independently for each ob-
jective using the corresponding reward signal. The combined
Q-table is not updated through a Q-learning rule, instead, it
is recalculated dynamically after each learning step based on

the current values of ()t and Qg and the according weights.

Once both @t and Qg have been updated, the combined
Q-value is computed using dynamic weights based on the
relative magnitudes of the two Q-values, they allow the agent
to calculate how big the Q-values are for each objective and
uses that to decide which one to prioritize at each step ([23])

o Q1 (s,a)
Qr(s, )l + [Qe(s, @)l + ¢
s Qe(s,0)

|Q1(s,a)| + |Qk(s,a)| + €
Then, the combined Q-value is computed as:

Qcombined (5, a) = wr X Qr(s,a) + wg x Qg(s,a)

By the end of the learning phase, only the combined Q-
table Qcombined 1S retained for exploitation, as it represents
the agent’s learned dynamic trade-off between minimizing
delay and minimizing energy consumption. the process is
described in the following algorithm:



B. Exploitation phase

At each learning step, the agent updates the Q-tables
for delay and energy separately using classical Q-learning
updates. The combined Q-table is then computed dynamically,
where the weights for delay and energy are adapted based
on the relative magnitudes of the learned Q-values. This
dynamic weighting allows the agent to adjust its prioritization
between delay minimization and energy saving according to
the evolving learning context.

V. EXPERIMENTAL RESULTS

As in [15], we implement the Q-MOSA and Q-MOSA-
multi-reward in Python3. Moreover, we use the same bench-
marks. We consider 5 instances of the three benchmarks:
10_2, 20_2 and 30_2.

To validate the proposed Q-MOSA, three metrics are used
to measure the efficiency of each method. The first one is
the Ziztler metric (Z) [25], which determines the proportion
of dominated solutions compared to the Pareto front.

The second metric is the average distance (D) [19].

The third metric is the hypervolume metric denoted (H)
[24], and based on the eliminated area proportion related to
the total area. To compare two approximated fronts B and
C relative to a reference front A, we proceed as follows:

o Compute the hypervolumes associated with fronts A, B
and C' denoted H 4, Hp and H¢, respectively.

o Calculate the ratios g—‘j and Z—i

e A ratio greater than 1 indicates that front B is better
than A, while a ratio less than 1 indicates the opposite.
Additionally, we consider the front with the largest
hypervolume to be superior, as it covers the largest

area relative to the exact Pareto front.

The execution time, representing the computational effi-
ciency of the algorithm.

These methods provide an objective and direct way to
assess the relative quality of Pareto fronts based on their
coverage of the objective space.

In Tables I and I, we present the obtained results. According
to the metrics, we remark:

e In terms of execution time, Q-MOSA with a multi-
reward structure achieves better results in approximately
80% of the cases, with a significant advantage on large-
scale benchmark instances. This improvement can be
attributed to faster convergence resulting from the use
of separate Q-tables.

o In terms of the Zitzler metric, no clear trend is observed,
as all three methods exhibit similar performance. In
20% of the cases, the performance is identical across
methods. However, in another 20%, Q-MOSA with multi-
rewards performs better, while in 40%, the classical
MOSA achieves the highest number of exact solutions.
Nevertheless, the Zitzler metric alone is insufficient to
fully evaluate the effectiveness of the approach, since
exact solutions are rarely found. Instead, a significant
number of near-optimal solutions are often identified,
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Fig. 1: Benchmark 20.2_2_1.

Pareto Front

20600 ® Exact Solutions

Mosa
— x  Qmosa

x Qmosa Multireward

20200

20000

Energy

19800

19600

19400

19200

600 800 1000 1200 1400 1600
Tardiness

Fig. 2: Benchmark 20_2_2_3.

which justifies the inclusion of additional performance
metrics.

o Regarding the distance metric, Q-MOSA with multi-
rewards outperforms classical MOSA in approximately
50% of the cases, while in 20%, both methods yield
identical distance values.

e The hypervolume metric is particularly important, as
it reflects how closely the approximated Pareto front
matches the true Pareto front. Based on this metric, Q-
MOSA with multi-rewards consistently delivers the best
performance in nearly all test cases.

We confirm the previous observations through the graphs in
Figures 1 and 2. In Figure 1, which represents the benchmark
instance 20_2_2_1, we observe that although MOSA achieves
the smallest distance to the exact front, the hypervolume is
relatively large. This indicates that the method covers a wide
area of the Pareto front, particularly by exploring extreme
solutions located at the edges of the front.

In Figure 2, the Q-MOSA with multi-rewards shows a
graph that is closest to the exact front and covers the largest
area, followed by Q-MOSA, and finally the classical MOSA.
These visual results are consistent with the numerical results
presented in Tables I and II.

VI. CONCLUSION AND FUTURE WORKS

We address the Unrelated Parallel Machine Scheduling
Problem (UPMSP) with flexible and periodic maintenance
interventions. Two objective functions are considered: the first
aims to minimize earliness and tardiness, while the second
focuses on minimizing energy consumption. This problem
was previously studied in [15], where a Mixed-Integer Linear



TABLE I: Computational results (Part 1: Solutions, Time, Zitzler).

Bench Instance Solutions Time Zitzler
S1 Q QM S1 Q QM S1 Q QM
102 1 3 3 3 10.586 12.029 21.167 0.25 0.25 0.25
2 1 1 1 10.028 9.698 8.121 0.75 0.75 0.971
3 0 0 0 2.996 1.043 0.538 1.00 1.00 1.00
4 1 1 1 12.260 9.174 6.131 0.75 0.666 0.5
5 0 0 0 19.744 33417 17.709 0.0 1.0 1.0
202 1 9 4 5 553.909 166.725 119.727 0.307 0.666 0.583
2 3 2 2 42.234 41.157 30.191 0.5 0.714 0.75
3 2 1 8 251.755 404.712 290.947 0.846 0.909 0.466
4 10 8 10 425.681 367.566 282.612 0.389 0.421 0.477
5 6 6 6 34.711 45.114 23.839 0.333 0.333 0.143
302 1 13 7 8 242.575 697.646 183.477 0.187 0.562 0.5
2 1 4 3 178.412 304.200 147.046 0.941 0.666 0.8
3 3 1 2 115.941 127.957 75.209 0.75 0.909 0.818
4 5 11 5 355.722 649.875 471.974 0.782 0.607 0.821
5 3 7 4 1568.908 994.135 550.143 0.893 0.741 0.857

TABLE II: Computational results (Part 2: Average distance, Hyper-
volume).

Benchmark Instance Average distance Hypervolume

s1 Q QM S1 Q QM
102 1 0.248 0.248 0.248 0.859 0.859 0.859
2 0.971 0.971 0.971 0.479 0.285 0.284

3 1.090 1.090 1.090 0.0 0.0 0.0

4 0.310 0.302 0.301 0788 0776  0.761
5 0.0 2.392 2.392 0.0 0.618 0.718
202 1 0.0568 0.073 0.068 0.932 0.931 0.934
2 0.097 0.0804 0.073 0.475 0.685 0.859
3 0.0441 0.036 0.015 0790  0.858  0.987
4 0.041 0.035 0.035 0.791 0.898 0913
5 0.003 0.057 0.071 0836  0.860  0.984
302 1 0.0152 0.021 0.0216 | 0980 0955  0.995
2 0.066 0.0468 0.028 0.860 0.888 0.986
3 0.107 0.094 0.065 0.744 0.803 0.977
4 0.037 0.036 0.016 0897  0.808  0.984
5 0.027 0.013 0.036 0.836 0.935 0.964

Programming (MILP) model and a population-based Multi-
Objective Simulated Annealing (POP-MOSA) algorithm were
proposed.

In the present work, we enhance the MOSA algorithm
by integrating Q-learning reinforcement learning techniques.
Two variants are developed based on the reward formulation:
a single-reward version and a multi-reward version. Addition-
ally, we introduce a specific Q-table design that significantly
reduces the table size. This is achieved through a mapping
function that projects Pareto-optimal solutions into a reduced
representation space—constituting a novel contribution of
this work.

Experimental results show a notable improvement in
execution time, while improvements in other performance
metrics are more moderate.

As future work, we plan to extend the proposed method to
larger benchmark instances and to develop a fully reinforce-
ment learning-based approach, moving beyond the current
metaheuristic RL hybrid framework.
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