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Abstract

This study introduces a mnovel approach for
enhancing production decision-making by applying
Reinforcement Learning to optimize the Economic
Manufacturing Quantity (EMQ) model within
discrete-time production-inventory systems. By
incorporating machine status, inventory levels,
and production choices, a Markov Decision
Process (MDP) is constructed and combined
with the Q-learning algorithm to derive an
adaptive control method. This method enables
the dynamic adaptation of production decisions,
by effectively balancing the normal operation and
shutdown for rest states. Numerical simulations
show that the suggested Reinforcement Learning
model surpasses conventional EMQ models and
steady-state probability models in both convergence
speed and cost-effectiveness. This study offers a
data-driven approach for optimizing production
processes in smart manufacturing settings. It also
supports the evolution of production-inventory
systems from static planning to dynamic intelligent
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1 Introduction

The advancement of global manufacturing towards
intelligence and digitalization presents unprecedented
challenges in complexity and uncertainty for the
operation management of production systems.
Traditional production inventory management
theories rely heavily on static Economic Manufacturing
Quantity (EMQ) models. While effective in
deterministic environments, these models struggle to
address dynamic uncertainties like random machine
failures, market demand fluctuations, and supply
chain disruptions in real-world production settings.
With the rise of personalized customization and
flexible manufacturing, enterprises now require
production systems with enhanced real-time
responsiveness and adaptive optimization capabilities.
Therefore, the establishment of intelligent and
flexible production inventory control systems has
become a critical concern for modern manufacturing
enterprises aiming to boost operational efficiency and
cut production costs.
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A typical industrial application of the classical EMQ
model can be illustrated with the production of a
specific type of small copper connector. The monthly
demand for this product is 1,230 units, and the unit
production cost is $0.0135. However, the setup cost per
production run is relatively high, at $2.15. Based on
the EMQ formula, the optimal production batch size is
approximately 6,850 units—enough to cover about six
months of demand [1]. This example demonstrates
the ability of traditional EMQ models to effectively
balance setup and inventory holding costs. At the same
time, it reveals inherent limitations: excessively small
batches increase setup frequency, reducing equipment
utilization and production efficiency; conversely,
overly large batches result in inventory accumulation
and higher risks of material deterioration. Moreover,
when faced with uncertainties such as stochastic
machine failures or demand variability, traditional
static models like the EMQ lack the flexibility to
support dynamic optimization.

The swift advancement of artificial intelligence
technology has propelled Reinforcement Learning
(RL) to a leading optimization algorithm. This
algorithm, as a machine learning approach, acquires
optimal decision-making skills by engaging with the
environment. This methodology offers innovative
solutions for managing dynamic decision-making
challenges within production inventory systems. In
this domain, the value function-centered Q-learning
algorithm has surfaced as a potent technique for
resolving discrete state-space decision predicaments,
owing to its straightforward implementation and
advantageous convergence characteristics.

This study is grounded in discrete-time production
systems, integrating Reinforcement Learning theory
into traditional production and inventory management.
The aim is to create an intelligent control framework
that integrates machine state, inventory levels, and
production decisions. To address the shortcomings
of conventional EMQ models in handling stochastic
machine failures, a MDP model is developed,
taking into account machine failures and repair
times. An adaptive decision-making strategy is
proposed, employing the Q-learning algorithm to
continuously optimize production strategies and
monitor operational costs.

2 Literature Review

The escalating intricacy of global supply chains and
heightened market competitiveness have advanced
discrete-time inventory systems research to the

forefront of operations management. Advancements
in modeling and optimizing of these systems
primarily concentrate on fundamental aspects,
including demand patterns modeling, order policies
optimization and costs controlling.

2.1 Traditional EMQ Model

The EMQ model has undergone continuous refinement
and development within a discrete-time framework,
with researchers expanding its applicability by
introducing new constraints and optimization
objectives. Jaber et al. [2] systematically analyzed
the influence of learning curves on the Economic
Production/Order Quantity model, investigating the
integration of just-in-time production principles. Giri
et al. [3] formulated a discrete-time EMQ model
incorporating geometric discrete failure and repair
time distributions, determined the optimal production
time criterion under cost minimization. Giri et al.
[4] introduced the production rate as a decision
variable in the EMQ model, established a dynamic
optimization framework where production rate is
contingent on failure rates and costs, and thereby
achieves a balance between service levels and costs
through safety stock strategies. Chiu et al. [5]
optimized an EMQ model by considering defective
item rework and multi-batch shipments through
mathematical modeling, and derived closed-form
solutions for optimal production batch sizes and
costs. Chiu et al. [6] proposed an EMQ model on
the basis of the Bass diffusion model for addressing
the time-varying dynamical demands throughout
a product’s lifecycle. Sarkar et al. [7] developed an
EMQ model that integrates price- and time-dependent
demand, product reliability, and inflation, effectively
integrates dynamic cost considerations and defective
item rework.

2.2 Joint Optimization of Maintenance Strategy and
Inventory Management

The integration of predictive maintenance technology
has sparked significant interest in the collaborative
optimization of production planning and equipment
maintenance. Borrero et al. [8] utilized MDP
to develop a dynamic maintenance strategy that
considers machine age and inventory level. This
strategy, tailored for single-machine, single-product
scenarios, yielded substantial cost reductions
comparing to conventional static approaches. Zhang
et al. [9] introduced an integrated model that
combines EMQ with condition-based maintenance,
addressed joint optimization issues of production
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and maintenance in the presence of imperfect

manufacturing processes and inspection errors.

Building on this work, Zhang et al. [10] formulated an
MDP model for the joint optimization of production
and maintenance by modeling equipment degradation
as a discrete-time Markov chain within the framework

of condition-based maintenance and production.

Han et al. [11] merged condition monitoring with
the Wiener process to devise an optimization model
for continuous production systems. This model
incorporates EMQ and hybrid maintenance strategies
to determine the expected cost rate and optimize
the production batch sizes. Tan et al. [12] assumed
exponential distributions for demand arriving
time, production time, and warm-up time, employs
MDP and linear programming to derive an optimal
control strategy. Pazouki et al. [13] proposed a
dynamic manufacturing inventory system model that
accounts for varying demand and return rates to
maximize profits and, showcased the economic and
environmental benefits of high-quality production. Li
et al. [14] developed a production-inventory system
that incorporates the (s,S) replenishment policy
based on a Markov chain framework. They identified
the optimal replenishment strategy by evaluating
system metrics and utilizing the Non-dominated
Sorting Genetic Algorithm.

2.3 Data-Driven and Reinforcement Learning

In recent years, RL methods have offered innovative
solutions for complex inventory decision-making
problems. Wu et al. [15] introduced a new
deep Reinforcement Learning method. This method
uses derivative-free optimization to solve inventory

management problems in multi-echelon supply chains.

Hubert et al. [16] successfully optimized inventory
production scheduling through the integration of
Deep Reinforcement Learning with discrete event
simulation. Zhou etal. [17] developed a multi-echelon
spare parts inventory optimization model based on
Multi-Agent Deep Reinforcement Learning. This
model combines value decomposition with the
twin delayed deep deterministic policy gradient
algorithm to dynamically adjust inventory policies
and address coordination challenges among multiple
warehouses. Tian et al. [18] introduced a Deep
Reinforcement Learning framework that integrates the
advantage Actor-Critic algorithm with Proximal Policy
Optimization, demonstrating significant reductions
in inventory costs compared to single-algorithm
approaches.

100

Although the existing literature has conducted
in-depth research on traditional EMQ models,
inventory management, and production strategies,
most studies do not fully account for the interaction
mechanisms between dynamic changes in machine
states and production decisions.  In complex
environments characterized by random faults and
multiple states, traditional methods often rely
on strong assumptions or static strategies, which
complicates the achievement of dynamic optimization.
The absence of an intelligent decision-making
framework capable of autonomously learning and
adjusting production strategies during operations
results in a significant gap between theoretical models
and actual production environments. This paper
innovatively integrates reinforcement learning theory
into the EMQ model to construct a joint optimization
framework that encompasses machine state, inventory
level, and production actions. By employing a
Q-learning algorithm, it facilitates state-dependent
adaptive decision-making and provides a more
accurate representation of how random machine
failures, repairs, and dynamic inventory changes
impact production strategy. Consequently, this
approach enables optimal production cost reduction
through flexible adjustments to production strategies
within highly uncertain environments.

The remainder of this paper is structured as
follows.  Section 3 introduces the fundamental
notations of the model and outlines the essential
assumptions. Section 4 develops three distinct types
of production-inventory models and derives three
critical metrics: the average total cost per time unit, the
average production-inventory cycle, and the average
total cost per cycle. Section 5 presents numerical
experiments that compare scenarios with and without
maintenance cost during machine shutdown for rest,
thereby validates the model’s effectiveness through
key performance indicators. Section 6 concludes the

paper.
Model

3 Symbol Explanation and

Assumptions
3.1 Symbol Explanation

e t: Discrete times, t =0,1,2,...

e M: Machine status, M = 0 (complete failure),
M =1 (normal operation), M = 2 (shutdown for
rest)

e [: Inventory level, I =0,1,2,..., Inax
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S: System status, S = (M, I)

A: Action space, A = {0, 1}, where 0 represents
no production and 1 represents production

e a: The action selected by machine during the
operation, a € A

e m: Steady-state probability distribution vector
under long-term system operation

e p: Failure rate of machine per time unit

e ¢: Repair rate of machine per time unit

e u: Production rate of machine per time unit
e d: Demand rate of machine per time unit

e (): Single production cost

e (},: Inventory holding cost per unit of product per
unit of time

e (: Single stockout penalty cost
e Cy: Maintenance cost of machine per time unit

e (,: Maintenance cost during machine shutdown
for rest

e C(St,ar): The immediate cost at time ¢

e T': The average production-inventory cycle
e U: The average total cost per cycle

e ETU: The average total cost per unit of time

o 17, Ty, Trrr: The average production-inventory
cycles corresponding to Model I, II, and III,
respectively

o Ur,Urr,Urrr: The average total cost per cycle
corresponding to Model I, II, and III, respectively

o Tj: The time interval of the k-th cycle in Model 111
o Uj: The total cost of the k-th cycle in Model III

o ETU;, ETUrr, ETUr1: The average total cost per
unit of time corresponding to Model I, II, and III,
respectively

3.2 Model Assumptions

This paper analyzes the single-machine
production-inventory system characterized by three
distinct states: complete failure, normal operation,
and shutdown for rest. The durations of failures and
repairs are modeled using geometric distributions. By
integrating the machine’s state with inventory levels,
we establish MDP. A Reinforcement Learning model

is employed to optimize the production strategy, with
the objective of minimizing long-term operational
costs. To enable a more detailed examination of the
system, we make the following assumptions:

Assumption 1: u/d is an integer greater than 1, i.e.,
u=(t+1)d, wheret =1,2,3....

Assumption 2: Both machine failures and repair times
are modeled using geometric distributions. Upon
the occurrence of a failure, repair work commences
immediately. Once the repair is completed, the
machine transitions to the load operation state only
when I = 0; otherwise, it enters a shutdown for rest
state.

Assumption 3: The state of machine operation and the
changes of inventory level occur at the end of discrete
time.

Assumption 4: When the inventory reaches the
maximum level I,,,., the machine is forced to enter a
shutdown for rest state.

Assumption 5: The single production cost only takes
effect when a = 1.

Assumption 6: During instances of complete machine
failure and shutdown for rest periods, the demand
is satisfied by the accumulated inventories. Any
unmet demand resulting from extended maintenance
durations is regarded as entirely lost (see Figure 1).

Assumption 7: When the inventory level I = 0,
machine state M = 1 and action state ¢ = 1, a new
production cycle is started (see Figure 1).

4 Model Design and Construction

To systematically analyze the cost optimization
problem in production-inventory systems, this
section establishes two benchmark models based on
conventional methodologies and employs analytical
approaches to determine the long-term operating costs
and cycles of the system. Subsequently, a dynamic
decision-making model grounded in Reinforcement
Learning is introduced, which optimizes dynamic
production strategies through interactions between
agents and their environment.

4.1 EMQ Model in Discrete Time (Model I)

Giri et al. [3] conducted an investigation into the
EMQ model under discrete-time conditions, taking
into account stochastic machine failures and repairs.
According to Figure 1, the cycle period is defined as
the time interval between two consecutive production
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Figure 1. Changes in inventory levels.

points. Subsequently, the average total cost per
cycle and the average inventory holding period
during machine failures and repair times—when these
durations follow a general distribution—are derived
using discrete probability theory:

to—1 oo to—1
=C,p +CfZZTgT)pt)+C Z
t=0 7=0
u(u —d
+chz (2d V()

t=tg

to—1

RISSDS

t=0 7=t(u/d—1)+1

7= L2 g

and

T(ty) = t(5) o(rp(t)
t=0 =1
to—1 o0
+ Yoo t+r)gnpt)  (2)

where p(t) is the probability mass function of the
discrete failure time distribution, g(7) is the probability
mass function of the discrete maintenance time
distribution.

Giri considers that machine failures and repair times
obey geometric distributions, i.e.

07 tZO
p(t) =
(1-p)ilp, t=1,2,3,.;0<p<1
0 0 (3)
) T =
9(7) = o
(1—-q) g, 7=1,2,3,.;0<q¢<1

Combining the above fault and repair time
distributions with equations (1)-(2) gives the
average total cost per cycle U;(tg) and the average
production-inventory cycle T7(tp) to compute the
average total cost per unit of time ETU;, where ¢
denotes the machine production time. The formulas
for Uy (to), T1(to), and ETU; are presented as follows:

to—1
Up(ty) =C, +Copg > (1 - “Z 1-q7 "
=1
Chu(“ —d)p = 2 -1
+ ; t2(1 — p)*
Chu(u —d) , to—1
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to—1 o)
+Cydpg| > (1=p)" DY (-
=1 —t(p/d1)+1
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t=1 T=t(p/d—1)+1
(4)
upg t(u/d—1)
Ty(to) = e t(1—p)! Z (1—gq) !
t=1 T=1
to—1 o0
+pqz t(1—p >, (-9
T=t(p/d—1)
to—1 o7}
+pqz (1-p > r(-gt
T=t(p/d—1)
* (3) o1 =p)"™
(5)
ETU; = U[(to)/Tj(to). (6)
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4.2 Steady-State Probability Model
Production-Inventory Systems (Model II)

for

In this section, we integrate machine states with
inventory levels to construct a Markov model
characterized by a state transition probability matrix
P, based on the following assumptions: The machine
states are classified as 0 (complete failure),
(normal operation), and 2 (shutdown for rest). The
corresponding inventory levels intervals for each
machine state are [0, 1, -+, Iipax), [0,1,- -+, I;max — 1],
and (1,2, -, Iyax), respectively. The system state is
represented as S = (M, I), encompassing 3lmax +
1 possible states. Consequently, two scenarios are
excluded from consideration: full inventory during
normal operation and zero inventory during shutdown
for rest.

The structure of P is as follows:

A B C
P=|D E F|, (7)
0 G H

where P is a square matrix of order 3/,,.x + 1, and the
state transition rules for each submatrix are as follows:

A:P{(M=0,1)~ (M=01'=max(I-d,0)}=1-q

:P{(M=0,1) = (M =1,1' = max(1 - d,0) = 0) } =g,

:P{ :O,I)%(M:QI_maxI do)>0)}:q,
D:P{ :17I>—>(]\[—01—m111 (max (I + u — d,0), m))}:p,
E:P{ :1,[)—><M:1[—I+u—d<]mx>}:1—p,
F:P{ :1,[)%(]&1 I—I+ufd>lmax)}:lfp,
G:P{ %(Af—ll—max[ d,0) = o)}:

H P{M_Q )= (M= ,I=mdx(1—d,0)>o)}=1.

(8)

After obtaining the system state transition probability
matrix, the steady-state probability 7 for each state is
computed in accordance with equation (9):

TP =m
me =1,

where 7 = (mo0), - -

9)

T(0,Imax)> T(1,0) """ > T(1,Imax—1)>
T(2,1)5 """ 5 T(2,Imax) ), ANA € i8 @ 3L pqq + 1-dimensional
column vector in which all elements are equal to 1.

Considering all states, the average total cost per unit
of time ETU;; can be obtained as

Imax

ETU = Z (0,1) (Cf +CrI+Cyd (I =
I=0

0))

£ n

Imax

+ ) 7 (Cr+ ChI),
=

w11 (Cp+ CiI) (10)

where §(I = 0) is the indicator function.

The production cycle is defined as the time interval
from when the inventory is zero and the machine is in
production normal operation until the next return to
this state.

The average production-inventory cycle 777 can be
obtained as

(11)
The average total cost per cycle Uy can be obtained as

U, =T, x ETU,. (12)
4.3 Reinforcement Learning-Based Decision Model
for Production-Inventory Systems (Model III)

Reinforcement learning, as a vital subfield of machine
learning, is fundamentally based on the concept
of an agent that continuously interacts with its
environment to acquire optimal decision-making
policies. The theoretical foundation of this discipline
is established upon the MDP, which serves as
a systematic modeling framework for various
decision-making challenges, particularly those
necessitating dynamic decision-making processes
such as inventory management.

Figure 2 illustrates a Reinforcement Learning approach
based on MDP that employs the cost function ¢(t) as
a reward signal. This methodology effectively tackles
decision-making challenges in production inventory
control, such as identifying optimal production
points and inventory levels, by continuously refining
strategies to minimize long-term operational costs.

The fundamental components of the
production-inventory research problem discussed
in this section (state space, action space, inventory
update rules, state transition rules, and cost function)
are defined as follows:
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Figure 2. The interaction between agent and environment in
an MDP.

State Cr

4.3.1 State space

The machine state M and inventory level I are
integrated into the system state S = (M, I), where
1€{0,1,2,-+ , Imax},M € {0,1,2}, with 0,1, and 2
representing complete failure, normal operation, and
shutdown for rest, respectively. Similarly, scenarios
involving full inventory with normal operation or zero
inventory with shutdown for rest are excluded.

4.3.2 Action space

The action a (a € A) that the machine can choose is
to produce or not to produce, where a = 1 represents
production and a = 0 represents no production. The
machine is forced not to produce when in a complete
failure state, while it can choose whether to produce
as needed when in a normal operation or shutdown
for rest state. The action space is as follows:

M=0

A= {{0} (13)
{0,1} M=1,2,

where production during machine normal operation is
referred to as loaded operation, and no production
during machine normal operation is referred to as
no-load operation.

4.3.3 Inventory update rule

For the inventory problem, when the machine action is
set to production (a = 1), the inventory increment per
time unit is u — d, but it does not exceed the maximum
inventory level I,,,,. When the machine action is set
to non-production (a = 0), the inventory decrement
per time unit is d, but negative inventory levels are not
allowed. Thus

in (1, —d, Iiax =
It+1:{mm(t+u yImax) @ (14)

max (I; — d,0) a=0,

104

where I; represents the inventory level at time .

4.3.4 State transition rules

The state transition probability denotes the likelihood
of the system transitioning from the current state
to another state. The operational states of the
machine are classified into three categories: complete
failure, normal operation, and shutdown for rest.
Each category is associated with distinct transition
probabilities, wherein both failure and repair durations
adhere to a geometric distribution. Assuming the
initial machine state is normal operation (M = 1),
the selected action is production (¢ = 1), and the
inventory level is zero (I = 0), the state transition is
illustrated in Figure 3.

| 1(1 >O)

t+1

1-p(I,<1..)

t+1 max

Figure 3. State transition diagram of the machine.

Let M; denote the state of the machine at time ¢. As
illustrated in Figure 3, when M; = 0, the machine
repair time follows a geometric distribution with
parameter g. If the inventory level at the next time step
is greater than 0 (I;+1 > 0), the machine transitions
to the shutdown for rest state (M;; = 2) after repair.
Conversely, if the inventory level at the next time step
is 0 (I;+1 = 0), the machine transitions to the normal
operation state (M;41 = 1) after repair. The specific
transition probabilities are as follows:

P(MH_l:Q’Mt:O):q, It+1>0,
P(Mit1=1|M;=0) =g, Iii1=0, (15)
P(Mi1=0|M;=0)=1-gq.

When M; = 1, the machine failure time follows a

geometric distribution with parameter p. When the
inventory reaches its maximum level at the next time
step (It+1 = Imaz), the machine enters the shutdown



ICJK

ICCK Transactions on Systems Safety and Reliability

for rest state (M;41 = 2). The specific transition
probabilities are as follows:

P(Mt—l-l = 1|Mt = 1) =1 - D, It+1 < Imax;
P(MtJrl = 2|Mt = 1) =1 — D, ItJrl = ImaXa
P (M1 =0[M; =1) =p.

(16)

When M; = 2, it is stipulated that the machine
cannot transition to a complete failure state at the next
moment. If the inventory level at the next moment
is zero (I;+1 = 0), the machine enters the normal
operation state (M;;1 = 1). The specific transition
probabilities are as follows:

{P(Mt+1:1|Mt:2):1, I, =0,
P(M,, =2|M,=2)=1

4.3.5 Cost function

The cost function established in this section includes
the single production cost (C}), inventory holding
cost per unit of product per unit of time (Cp),
single stockout penalty cost (C}), maintenance cost
of machine per time unit (C), and maintenance cost
during machine shutdown for rest (C,). At time ¢,
the system generates the instantaneous cost C'(St, a)
based on the current system state S; and the selected
action a(t). The specific expression is as follows:

C(St,a1) =Cra, +C, I, + C,d (I, =0,M, = 0)
+Co (M =0)+Cpé (My =2),
(18)

where Sy = (M, I) represents the system state at time
t, M; denotes the machine state at time ¢, I; indicates
the inventory level at time ¢, a;(a; € A) stands for the
action selected by the machine at time ¢, and ¢ (-) is the
indicator function.

The definitions of the average production-inventory
cycle (Trrr), the average total cost per cycle (Urrr),
and the average total cost per unit of time (ETUy;r)
for Model III are presented below.

The average production-inventory cycle (77;r)
represents the mean time interval between two
consecutive production start times ([ = 0, M =1,a =
1) during long-term system operation. The formula is
given as

N
1
Trrr = N ;Tlm (19)

where N denotes the total number of observations
within the complete production-inventory cycle of
Model III, and 7} represents the time interval
corresponding to the k-th cycle.

The average total cost per cycle (Urrr) represents the
average total cost per production-inventory cycle under
long-term system operation. The formula is given as

| X
Urir = N ;Uk, (20)

where U, denotes the total cost associated with the
k-th cycle in Model III.

ETUpr; represents the average cost per time step
during long-term system operation, which is the ratio
of the average total cost per cycle Uy to the average
production-inventory cycle T7;;. The formula is given
as

(21)

In this section, two distinct inventory production
schemes are modeled to determine the average total
cost per unit of time.

Case 1: The machine functions under load during
its normal operation state; however, production is
suspended in instances of complete failure, shutdown
for rest, or when inventory levels attain their maximum

capacity.

Case 2: The system is capable of selecting production
actions based on inventory levels during both normal
operation and shutdown for rest states of the machine.
However, it refrains from producing when the machine
experiences a complete failure or when the inventory
level reaches its maximum capacity.

4.4 Q-learning Algorithm

This  section  approximates the  optimal
decision-making policy by updating the state-action
value function Q(S; a:) through the Q-learning
algorithm, a model-free Reinforcement Learning
method grounded in value iteration. By facilitating
real-time interactions between the agent and its
environment, this approach effectively addresses the
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Bellman optimality equation without necessitating
prior knowledge of the system dynamics. The
algorithm employs an e-greedy policy (e < - 0.999)
to strike a balance between exploration and
exploitation; it initially broadens the decision
space via high-probability random exploration while
progressively enhancing the focus on optimal actions
as learning advances.

In production-inventory problems, the algorithm
assesses the expected operational cost associated with
each decision point as a criterion for the action-value
function. At time ¢, after the agent executes action
a; in state Sy, it observes the immediate cost C (S, a;)
and transitions to the next state S;. Subsequently, it
iteratively updates the Q-value in accordance with the
Bellman equation, as follows:

Q(St, ar) < Q(St, ar)+

. (22)
o C(St,at)+713"é1£@(5t+1,a)—Q(Snat) ,

where the learning rate o governs the magnitude
of parameter adjustments, and the discount
factor v regulates the weight assigned to future
costs. This iterative process ultimately converges
to the optimal action-value function, thereby
providing a quantitative foundation for production
decision-making. Meanwhile, during the calculation
of the minimum average total cost per unit of time,
the Bayesian optimization algorithm is employed for
hyperparameter selection, with the search ranges of
(a7, ¢) defined as [0, 1]. The specific algorithm is as
shown in Algorithm 1.

5 Numerical Results

5.1 Comparison of Results Among Models When
Maintenance Cost During Machine Shutdown
for Rest are Zero (C, = 0)

In Model I, since maintenance cost during machine
shutdown for rest are not involved, the model
parameters are set as follows: p = 0.4, ¢ = 0.8, u = 30,
d=5,C,=20,C, =5,C, =100, Cy = 50. Figures
4,5 and 6 illustrate the variations in the average total
cost per unit of time, the average production-inventory
cycle, and the average total cost per cycle with respect
to inventory levels.

As illustrated in Figures 4, 5 and 6, Model I1I-Case2
(where the machine has the flexibility to decide
whether to produce during both normal operation
and shutdown for rest states) demonstrates notable

106

Algorithm 1: Q-learning algorithm for production
inventory system

Data: n,p, q,u,d, Cy, Cy, Cy, Cy, C,, episodes,
steps

Result: T, U, ETU

for i = 1 to length(n) do

Ijax < TL(Z),

Hyperparameter selection using Bayesian
Optimization;

Optimal params < Use the bayesopt function;

Training with optimal parameters and
updating function with () table;

for ep = 1 to episodes do
Set initial machine state A/ and inventory

level I, compute current state;

for t = 1 to steps do
Choose actions according to different

case combined with e-greedy policy;
Compute the next state according to the
state transition rule;
Compute the immediate cost C;
Compute cumulative costs over a cycle:
total cost < total cost + C;
Detect and record cycle duration and
cycle cost;
Iterative updating of Q(S, a;) value
combined with Bellman equation;
Update the state: M < My,
I + I,..t, current state < next state;

end

€+ ¢€-0.999;

end

T < mean of cycle duration, U < mean of
cycle cost, ETU «+ U/T;

end
return T, U, ETU
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Figure 4. Average total cost per unit of time under different
models (C,. = 0).

differences in terms of average total cost per time
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Figure 6. Average total cost per cycle under different
models (C, = 0).

400 500

unit, average production-inventory cycle, and average
total cost per cycle when compared to the other
three models. At low inventory levels (I < 25),
the outcomes across all four models are relatively
similar. However, as inventory levels rise, Model
ITI-Case2 exhibits a more rapid convergence in ETU, T,
and U metrics alongside reduced costs. In contrast,
the remaining three models display a continuous
upward trend in these three metrics at medium
inventory levels (25 < I < 250), which eventually
stabilize at high inventory levels (I > 250) with
numerically comparable results. This suggests that the
Reinforcement Learning approach facilitates dynamic
production adjustments based on cost considerations,
thereby achieving a lower long-run average total cost
per time unit more effectively across varying inventory
levels. When I,,,4, is 50, 100, 200, 300, 400 and 500,
the convergence plots of the average total cost per unit
of time for Model III-Casel and Case2 are shown in
Figures Al and A2 of Appendix A.1. The specific
numerical results for ETU and T for each model are
detailed in Table 1.

As illustrated in Table 1, Model III-Case2 exhibits
significant advantages at medium to high inventory
levels. Its ETU value is consistently maintained within
the range of 70-72, while the T value remains stable

at 6. This stability indicates the model’s capability to
adjust production strategies in response to varying
inventory levels, thereby stabilizing production cycles
and minimizing the average total cost per time unit.
In contrast, the other three models demonstrate
noticeable upward trends at medium inventory
levels with slower convergence rates. This further
underscores that allowing machines to alternate
between normal operation and shutdown for rest states
can effectively reduce the average total cost per time
unit during production.

5.2 Comparison of Model Outcomes Considering
Non-Zero Maintenance Cost During Machine
Shutdown for Rest (C, # 0)

The introduction of maintenance cost during machine
shutdown for rest, which accounts for the ongoing
maintenance expenses incurred when machines are in
a shutdown for rest state, better aligns with real-world
scenarios. The parameter values are set as: p = 0.4,
q=08u=30,d=5C, =20,C, =5,C, = 100,
Cy = 50, C;, = 10. Since Model I does not involve
maintenance cost during machine shutdown for rest,
this section only compares the numerical results of
Model II, Model III-Casel, and Model III-Case2. The
results of various indicators under different inventory
levels are illustrated in Figures 7, 8 and 9.
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Figure 7. Average total cost per unit of time under different

models (C,. # 0).

o

As illustrated in Figures 7, 8 and 9, Model III-Case2
continues to exhibit significant advantages under the
condition of C, # 0. At medium to high inventory
levels (I > 75), the model can be adjusted according to
strategic considerations, facilitating cost convergence
with stable cycles. In comparison to Model II and
Model IlI-Casel, it demonstrates a faster convergence
rate and lower associated costs. The performance of the
other two models is comparable; all indicators show a
gradual increase followed by stabilization as inventory
levels rise, with stabilization occurring only at elevated
inventory levels (I > 300). When I, is 50, 100, 200,
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Table 1. Numerical results (C,. = 0).

I ETU; FETU;r ETUr-caset ETUr—casee 11 Trr Trrr—caset Trir—case2
5 23.58 37.11 38.02 38.06 1.81 2.15 2.10 2.10
15 42.03 48.76 48.82 48.88 4.42 4.01 4.00 4.00
25 65.83 70.00 70.06 70.08 6.00 6.00 6.00 6.00
50 114.06 116.87 116.80 70.04 9.60 9.60 9.58 6.00
75 151.79 154.18 153.72 70.05 11.76 11.76 11.69 6.00
100 180.84 183.05 182.38 70.14 13.06 13.06 12.99 6.00
125 202.68 204.80 203.77 70.42 13.83 13.83 13.73 6.01
150 218.73 220.79 217.69 70.20 14.30 14.30 14.09 6.00
175 230.26 232.30 229.39 70.72 14.58 14.58 14.40 6.01
200 238.39 240.42 237.87 70.39 14.75 14.75 14.52 6.01
225 24403 246.05 242.11 70.93 14.85 14.85 14.64 6.01
250 247.89 249.89 245.72 71.00 1491 1491 14.66 6.01
275 25049 25250 249.18 70.36 14.95 1495 14.68 6.00
300 252.23 25423 249.57 70.54 1497 1497 14.72 6.01
325 253.37 255.37 250.16 71.30 14.98 1498 14.67 6.02
350 254.13 256.13 250.77 71.14 1499 14.99 14.74 6.01
375 254.62 256.62 250.78 70.93 14.99 15.00 14.69 6.01
400 25494 256.93 251.22 71.23 15.00 15.00 14.72 6.01
425 255.14 257.15 252.73 71.27 15.00 15.00 14.74 6.03
450 255.27 257.28 251.83 71.34 15.00 15.00 14.79 6.04
475 25536 257.36 250.77 71.43 15.00 15.00 14.65 6.01
500 255.41 257.41 252.67 70.92 15.00 15.00 14.78 6.01
201 5000
% Modelll-Gaset % Model IGaset
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Figure 8. Average production-inventory cycle under
different models (C,. # 0).

300, 400 and 500, the convergence plots of the average
total cost per unit of time for Model III-Casel and Case2

are presented in Figures A3 and A4 of Appendix A.2.
The specific numerical results are presented in Table 2.

As illustrated in Table 2, the average total cost per unit
of time of Model III-Case2 remains stable within the
range of 76-80, while the average production-inventory
cycle consistently maintains a duration of 6. Both
metrics are lower than their corresponding indicators
for Model II and Model III-Casel. This demonstrates
that under the condition of C, # 0, Model III-Case2
continues to demonstrate significant advantages even
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models (C,. # 0).

in high inventory environments.

Based on the Q-values derived from selecting various
actions in the Q-learning algorithm, Figures 10 and 11
illustrate the optimal production strategies identified
for I = 50 and I,4 = 100, respectively.
As depicted in Figure 10, when I,,; = 50 is
considered, the machine adopts an intermittent
production strategy (with a production interval of
4) during shutdown for rest states characterized
by low inventory levels (I < 20). Conversely,
during normal operations, the machine refrains from
producing at low inventory levels (I < 20) but opts
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Table 2. Numerical results (C; > 0).

I ETUr ETUrir-caset ETUrri—case2 Trr Trirr—caset  Trrr—case2

5 40.11 40.83 40.94 2.15 2.10 2.10

15  55.03 55.10 55.11 4.01 4.00 4.00

25  77.50 77.56 77.54 6.00 6.00 6.00

50 124.37 124.28 76.57 9.60 9.58 6.00

75 161.68 161.42 76.61 11.76 11.71 6.00

100 190.55 190.33 76.71 13.06 13.00 6.00

125 212.30 211.28 77.04 13.83 13.72 6.01

150 228.29 226.95 77.01 14.30 14.19 6.01

175  239.80 236.71 76.76 14.58 14.37 6.01

200 247.92 244.87 76.76 14.75 14.58 6.00

225 253.55 249.88 78.00 14.85 14.65 6.02

250 257.39 252.55 77.96 14.91 14.66 6.01

275 260.00 254.94 77.35 14.95 14.61 6.01

300 261.73 258.02 78.76 14.97 14.73 6.02

325 262.87 258.52 77.14 14.98 14.76 6.01

350 263.63 259.25 77.92 14.99 14.76 6.03

375 264.12 257.37 77.54 15.00 14.69 6.01

400 264.43 259.26 77.39 15.00 14.67 6.02

425 264.65 259.18 77.33 15.00 14.77 6.01

450 264.78 260.15 77.69 15.00 14.75 6.03

475 264.86 260.00 77.85 15.00 14.72 6.01

500 264.91 259.87 78.33 15.00 14.82 6.06

to produce at higher inventory levels (I = 40 and 45). X non-producing O producing
Figure 11 further illustrates that when I,,4, = 100 | ..’ é§§§§§§§§§§§§§§§§§§§§§§§§g
is applicable, the machine also selects intermittent = ** : XXXXOXXXXOXXXXOXXXXOXXXXO
production (with a production interval of 4) while in Pt e TR REEERE s
shutdown for rest state with low to medium inventory  yumine ’ §§§§g§§§§§§§§§é§§§§é§§§§g§
levels (I < 60). During normal operational phases, the =~ ™ : XXXXOXXXXOXXXXOXXXXOXXXXOX
production points exhibit greater dispersion; however, rommammmmmmamannsese e e
they predominantly cluster around medium inventor BEo3e3e3:303e303 030303030 203S03 0303030302020 3 030 030!
yp y Y vachine s XX KOX KKK KK XX KO X XXX XXX XXX XX
levels (40 < I < 55). B At dattabotabotaatebdsistoiototot
X ronproduig O produsing P XXKRHHKKIK KKK XX XXX XX XXX X
IXXXXXXXXXXXXXXXXXXXXXXX XXX Mochine 1t KKK KXKXKXXKXOXX XXX XXX X
Machine 1 OX X XXX XXX XXXXXXXXXXXXXXXXO 7 * XKXXXXXXXXXXXKXXKXXKX XX XX XX X

state 2

XXXXOXXXXOXXXXOXXXXOXXXXX

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

I XXX XKXXKXKX XXX XXX XX XXX
Machine 1 X X X X X X XXX XXX XXOXXXXOXXXX
St 3 KKK XXXXXXXXXXXOXXXXOX X XXX
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Figure 10. Optimal production strategy at I,;,q, = 50.

5.3 Sensitivity of model results for different types
of costs

Based on Section 5.2 parameters, we set the inventory

level at I = 300. Take the values of C,,, C},, Cy, Cy, C;

within 0-100 respectively. Meanwhile, the remaining

parameters are set to the default values in Table 3.

Inventory level

Figure 11. Optimal production strategy at I,,,4, = 100.
Table 3. Parameter value.

04 08 30 5 20 5 100 50

Cr
10

This allowed us to calculate the average total cost per
unit of time across different cost scenarios for each
model. The results are presented in Figure 12 (where
(a) is ModelIl, (b) is Model III-Casel, and (c) is Model
III-Case2).
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Figure 12. Average total cost per unit of time for different models under various cost variations.

Figure 12 shows that the average total cost per unit
of time increases with higher C, and C/ values, rises
linearly with increasing C, and C}, values, but remains
stable across different C}, values. Notably, Model
ITI-Case2 consistently achieves the lowest costs among
all models, demonstrating both cost stability against
parameter variations and effective cost optimization
through production strategy adjustments.

The results further substantiate the robustness of
the previous conclusions: regardless of variations
in unit costs, Model III-Case2 consistently remains
optimal, indicating that its optimization capability
is not merely coincidental. Overall, ETU increases
as most individual costs rise, which aligns with the
linear relationship posited in the cost function. From a
sensitivity analysis perspective, total cost exhibits the
greatest sensitivity to changes in C, and comparatively
less sensitivity to fluctuations in Cjy. The latter does
not induce a significant alteration in total cost, it is
plausible that equipment has been repaired prior to
experiencing shortages and resumes operation at the
onset of the subsequent production cycle, thereby
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mitigating high penalty costs.

6 Conclusion

This study develops a discrete-time
production-inventory decision model and innovatively
incorporates RL algorithms into the optimization of
traditional EMQ model production strategies. This
approach highlights the advantages of intelligent
decision-making methods in dynamic production
environments.  The findings indicate that the
Q-learning-based Model III-Case2 exhibits significant
benefits across both cost scenarios, enabling the
average total cost per unit of time to converge to a
fixed interval at an accelerated rate while maintaining
a consistent average production-inventory cycle.
In comparison to the traditional EMQ model, it
achieves a cost reduction of approximately 30-70%.
When the inventory levels exceed u — d units, the
Reinforcement Learning model can flexibly adjust
production decisions, overcoming the shortcomings
of traditional models that rely on fixed strategies,
which often result in slower cost convergence and
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higher costs. This approach successfully balances the
relationship between the average total cost per unit
of time and production strategies, thereby facilitating
optimized dynamic production control with respect
to costs.

In practical management applications, managers can
integrate the model into production management
software systems, and dynamically generate optimal
production decisions by collecting real-time machine
status, inventory levels and market demand data.
The adaptability of the model enables managers to
effectively deal with uncertain factors such as sudden
machine failures, thus helping enterprises to reduce
operating costs and improve equipment utilization.
However, there are still some limitations in this
study. The model assumes that machine failure
and repair time obey geometric distribution and is
a single-machine single-product production scenario,
which may be different from the complex failure mode
in actual production. Future studies can consider
multi-machine multi-product production scenarios
and introduce assumptions about general distributions
of machine failure times, or consider more complex
production-inventory-repair policy models.

Appendix

A.1 Convergence Plots When Maintenance Cost
During Machine Shutdown for Rest are Zero (C, =
0)
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Figure Al. Convergence plots of average total cost per unit
of time under Model IlI-Casel (C, = 0).

A.2 Convergence Plots Considering Non-Zero

Maintenance Cost During Machine Shutdown for
Rest (C #0)
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Figure A2. Convergence plots of average total cost per unit
of time under Model III-Case2 (C,. = 0).
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