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Abstract
Demand-Driven Material Requirements Planning (DDMRP) is an emerging inventory management

approach that has garnered significant attention from academia and industry. Numerous recent studies
have highlighted the advantages of DDMRP compared to traditional methods such as material require-
ment planning (MRP), Theory of constraint (TOC), and Kanban. However, the performance of
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DDMRP, DDMRP relies on several parameters that affect its effectiveness. Parameterization models and the
Deep Reinforcement optimization of control variables have significantly contributed to the field of inventory management
Learning, and have proven to be effective and practical in addressing challenges by providing a structured ap-

Parameterization,
on-hand inventory,
on-time delivery.

proach to handling complex variables and constraints. This paper introduces an innovative parameter-
ization model that leverages deep reinforcement learning (DRL) to parameterize a DDMRP system in
the face of uncertain demand. The main objective is to dynamically determine the optimal values for
the variability and lead time factors within the DDMRP framework, to maximize customer service
levels and optimize inventory efficiency. The results of this study emphasize the effectiveness of DRL
as an automated decision-making approach for controlling DDMRP parameters. Additionally, the find-
ings highlight the potential for enhancing the performance of the DDMRP approach, particularly in
terms of on-time delivery (OTD) and average on-hand inventory (AOHI) by adjusting the variability
and lead-time factors.
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nym VUCA (Volatility, Uncertainty, Complexity, and Ambi-
guity; Bennett and Lemoine, 2014). The continuous evolution
of these elements poses significant challenges for companies
striving to maintain high performance and operational effi-
ciency. The complexity of the production environment intro-
duces various uncertainties and risks that can disrupt supply

1. Introduction

The production environment has become increasingly com-
plex and dynamic in today's rapidly changing industrial land-
scape. This complexity arises from global market fluctuations,
rapid technological advancements, changing customer de-

mands, and increasing competition. The intricate and dynamic
production environment is commonly described by the acro-

@ © 2024 Author(s). This is an open access article licensed
under the Creative Commons Attribution (CC BY)

License (https://creativecommons.org/licenses/by/ 4.0/).

chains, impact production schedules, and affect customer sat-
isfaction. Companies must navigate through unpredictable
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market conditions, fluctuations in demand patterns, and intri-
cate supply networks to ensure the timely delivery of products
while optimizing inventory and maintaining high service lev-
els.

As a response to these evolving challenges, the concept of
DDMRP has emerged. DDMRP is an efficient inventory man-
agement. This system effectively addresses the issue of the
bullwhip effect by strategically placing buffers along the sup-
ply chain (Ptak and Smith, 2016). DDMRP utilizes buffers,
also known as decoupling points, to establish separation be-
tween the supply chain, material usage, and demand (Ptak and
Smith, 2016). The purpose of these zones is to maintain opti-
mal inventory levels at the decoupling points, ensuring that
any fluctuations within the system do not propagate through-
out the entire supply chain (Ptak and Smith, 2016). Based on
a comprehensive literature review, multiple authors (Marzou-
gui et al., 2021; Azzamouri et al., 2021; Benavente et al.,
2023) have provided evidence of DDMRP's effectiveness
across several key performance indicators (KPI). These indi-
cators include service level or on-time delivery, inventory siz-
ing measured through average on-hand inventory, and cost
management (Miclo, 2016; Kortabarria et al., 2018; Velasco
Acosta et al., 2020).

Nevertheless, this methodology faces a significant limita-
tion as it relies on several parameters determined by the man-
ager's judgment (Damand et al., 2022; Lahrichi et al., 2022;
Duhem et al., 2023), which are based on rules defined by the
authors of DDMRP (Ptak and Smith, 2016) and expressed as
intervals. Such subjective selection of factors can lead to ex-
cessively large deviations, resulting in naturally inconsistent
performance (Lee and Rim, 2019). Consequently, even slight
deviations in the choice of factor values result in the buffer
size effect within the supply chain. This effect causes distor-
tions that compromise the integrity of the buffers. Indeed, pa-
rameterization plays a critical role in the dynamic adjustment
component of DDMRP (Duhem et al., 2023), and it greatly
impacts the performance of the system (Damand et al., 2022).
The selection and configuration of DDMRP parameters have
a tangible influence on the overall effectiveness of the meth-
odology (Lahrichi et al., 2022), and these parameters must be
continuously adjusted to effectively adapt to the actual de-
mand (Duhem et al., 2023).

In ((El Marzougui et al., 2022a) ;(EI Marzougui et al.,
2022b) ; (EI Marzougui et al., 2023)) research, they have
made significant theoretical contributions by examining the
feasibility and complementarity of integrating industry 4.0
technologies with the DDMRP system, highlighting the posi-
tive effects of integrating these technologies on various pa-
rameters of DDMRP and confirming the beneficial impact of
artificial intelligence on DDMRP components.

In line with this context, (Boute et al., 2021) considers deep
reinforcement learning as a valuable complementary tool in
data-driven inventory control. This approach empowers the
transformation of data into effective decision-making pro-
cesses, further enhancing the overall performance of inventory
management systems. To the best of our knowledge, there is
only one article (Duhem et al., 2023) that suggests a reinforce-
ment learning model in a DDOM (Demand-Driven Order
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Management) to parameterize two specific parameters,
namely order spike threshold (OST) and order spike horizon
(OSH). However, limited emphasis has been placed on deter-
mining DDMRP parameters such as variability factor (Fv) and
lead-time factor (Fvt).

Therefore, this article introduces a decision-making ap-
proach that integrates DRL with the DDMRP methodology.
The objective is to accurately determine the values for the var-
iability factor and lead time factor, rather than providing them
as intervals (Ptak and Smith, 2016). In this research, we pro-
pose a learning model based on the DRL algorithm to optimize
DDMRP parameters. The application of a DRL algorithm in
this context is motivated by the positive outcomes achieved
through its utilization of various inventory optimization con-
cepts (Cuartas and Aguilar, 2023; Duhem et al., 2023). DRL
is an effective machine learning approach for solving prob-
lems in which an agent possesses no prior knowledge about
the environment. Enhancing decision-making efficiency in
supply chain operations is a critical competitive realm within
today's uncertain business environments (Esteso et al., 2022).

Hence, the main contribution of this work is the implemen-
tation of a deep reinforcement learning model that dynami-
cally sets more efficient parameters for the variability factor
and lead time factor in an environment of unknown demand,
improving performance metrics such as on-hand inventory
and on-time delivery.

The paper is structured into seven sections. Section 2 pro-
vides an overview of fundamentals and includes a literature
review. Section 3 focuses on describing the problem descrip-
tion, assumptions, and modelling. Section 4 presents the learn-
ing-optimization approach. Section 5 details the experimental
design. In Section 6, the results and discussion are presented.
The last section of the paper concludes with concluding re-
marks and highlights future research directions.

2. Fundamentals and Literature review

In this section, we begin by introducing the DDMRP com-
ponent and providing a description of buffer sizing and order
generation. Additionally, we present a literature review fo-
cused on the parameterization of the DDMRP approach. Next,
we explore the relevant literature on reinforcement learning
within the context of our specific scenario. Finally, we high-
light the contribution of this article

2.1. DDMRP Model

Ptak and Smith, (2016) define the DDMRP process through
five consecutive steps. The first step of the DDMRP model is
to determine which parts should be buffered called decoupling
points. The function of these buffers is to create independence
between demand and supply in the supply chain. Hence, a new
concept generated by this step is decoupled lead time (DLT).
DLT is defined as a qualified cumulative lead time defined as
the longest unprotected/ un-buffered sequence in a bill of ma-
terial’. In other words, the ‘DLT is calculated as the summa-
tion of the lead time on that longest unprotected sequence’.
Once buffers are placed, the second step is sizing.. Ptak and
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Smith (2016) recommend dividing the buffer into three zones,
each with distinct sizes and purposes: green, yellow, and red.
These buffers must be adapted and adjusted for a dynamic en-
vironment. The third step deals with the dynamic adjustment
of buffer size. This latter takes into account some factors that
vary by industry and company such as trends and seasonality,
new products, new markets, etc.. (Ptak and Smith, 2016).

As described by (Ptak and Smith, 2016), the last two steps
of DDMRP are defined as follows:

The fourth step involves the demand-driven planning phase.
In this step, the decision maker decides if a replenishment or-
der must be generated or not for a DDMRP buffer and deter-
mines the quantity to be ordered based on the value of the net
flow equation.

The last step is visible and collaborative execution, where
DDMRP calculates a buffer execution status based on the cur-
rent stock instead of the net flow equation.

Based on (Ptak and Smith, 2016), this section intended to
develop two components of the DDMRP model buffer sizing
and order generation.

2.1.1. Buffer sizing

Buffer sizing (BS) determines the amount of inventory con-
tained in the buffers. Buffer sizing is the shock absorber to
mitigate both supply and demand variability and reduce or
eliminate the bullwhip effect. The size of the buffer is the sum-
mation of three calculated zones (Ptak and Smith, 2016): red,
yellow and green, which will be described in this section. To
simplify matters, the relevant notations utilized in the learning
model for DDMRP parameter optimization problems are pre-
sented in the following Table 1:

Table 1. Notations (Authors)

Notation Description

H Time horizon

DLT Decoupled Lead Time.

D(t),teH Demand quantity on day t

So Initial on-hand inventory.

MOQ Minimum order quantity

Fv Variability factor

Fur Lead time factor

Horder. Desired order cycle horizon

Tspike Order spike threshold.

Hspike. Order spike horizon

OHt,teH On-hand inventory at the beginning of day t.
POt,teH On-order inventory at the beginning of dayt.
NFEt,teH~ Net flow equation at the beginning of day t.
QDt, teH Qualified demand quantity on day t.

ROt, te H Order amount launched on day t.

IOt teH Incoming order amount on day t.

ADUt, teH Average daily usage calculated on day t.
TOR t, TOY t, Respectively the top of red, the top of yellow
TOGt teH and the top of green levels on day t

OTD On-Time Delivery.

AOHI Average on-hand inventory

The red zone (RZ) presents the security level of the inven-
tory in the buffer. It is calculated according to the formula
below:

Red Zone = Red base zone + Red safety zone

Red base zone = ADU*DLT*F_1 and
Red safety zone = ADU*DLT*F *Fv

Red Zone (RZ) = TOR ( Top Of Red )
RZ = (ADU*DLT*F.1) + (ADU*DLT* FL1*Fv) Q)

o The yellow zone (YZ) encompasses the demand for the days
that extend beyond the reach of a replenishment order. It is
calculated according to the formula below:

Yellow Zone = ADU*DLT
TOY ( Top Of Yellow) = TOR + YZ

YZ = ADU*DLT @)

e The green zone (GZ) presents the stock level that is consid-
ered to be comfortable and no replenishment order is gener-
ated. It is calculated according to the formula below:

Green Zone = Max {MOQ; ADU*DLT*F_r; ADU*Horder}
The minimum order quantity (MOQ) and the desired order cy-
cle (Horder) are not considered in the calculation of the green
zone. Hence, it will be calculated by the formula

Green Zone = ADU*DLT*Ft

TOG (Top Of Green) = TOY + GZ

GZ = ADU*DLT*FLt (3)
o Buffer size (BS): The buffers contain three zones as shown
in Figure 1:

Buffer size =RZ + YZ + GZ
Buffer size = TOG

BS = ADU*DLT*FL1 + ADU*DLT*FLt*Fv + ADU*DLT
+ ADU*DLT*FLt )

A Stock level

= = TOG (Top Of Green)

Green zone

= = = TOY (Top Of Yellow)

Yellow zone

————— TOR (Top Of Red)

Fig. 1. DDMRP zone buffers

The determination of buffer size is influenced by two criti-
cal factors, which are under the control of the manager. These
factors, namely the lead-time factor (FLt) and the variability
factor (Fv), are established based on the guidelines provided
in Table 2 and Table 3 as referenced in (Ptak and Smith, 2016).
These rules do not provide exact values of the optimal factors.

Table 2. The percentage used by FLt (Ptak and Smith, 2016 )

Lead time Lead-time factor range

Long 20-40% of ADU over DLT
Medium 41-60% of ADU over DLT
Short 61-100% of ADU over DLT
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Table 3. The percentage used by Fv (Ptak and Smith, 2016 )

Variability Variability factor range
High 61-100% of Red-Base
Medium 41-60% of Red —Base
Low 0-40% of Red-Base

2.1.2. Order generation/ Buffer’s replenishment

Order generation is the process by which supply orders are
generated by evaluating actual inventory, a stock that has been
ordered but not received, and qualified sales order demand. In
this step, the decision maker decides if a buffer replenishment
order must be generated and calculates the quantity to be or-
dered. Supply order generation is created by the use of the net
flow equation (NFE).

o Net Flow Equation (NFE) is a new concept of the DDMRP
approach that defines an amount of available inventory that
generates a signal of supply order. It is calculated according
to the formula below (Ptak and Smith, 2016):

Net Flow Equation (NFE) = OH + OP - QD (5)

On-hand inventory (OH) is inventory physically available
i.e. quantity of stock available to be used.

OH (Day t+ 1) = OH (t) — Demand (t) + Incoming Supply
(1) (6)

Pending Orders (OP) is the quantity of stock that has been or-
dered but not received,;

OP (Day t+ 1) = OP (t) — Incoming Supply (t) + Order
amount (t) @)

e Qualified Demand (QD) is constituted by the sum of de-
mand orders existing on the day, with the future demand
considered as a spike.Whether an order is considered a
spike depends on two factors: the order spike threshold
(OST) and the order spike horizon (OSH). The demand or-
ders that exceed the qualified order spike threshold level
over a given order spike horizon are considered spikes.

QD (day t) = demand (day t) + future demands consid-
ered as a spike (8)

Where:

OST: represents the maximum demand threshold for it to be
considered as a demand peak which would qualify for net flow
equation inclusion;

OSH: is the length of time in the future in which spikes are
considered,;

When the total number of orders received for an item exceeds
a certain threshold on a given date, this is considered an 'order
spike', as illustrated on the fourth day in Figure 2.
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Order spike

Cumulative demand

Time (days)

Order spike horizon
Fig 2. An example of an order spike on day 4

(Ptak and Smith, 2016) suggest three different methods for es-
tablishing the OST, this value should always be within the
range of the red zone total:

At 50 % of the TOR: OST = 50%*TOR;

At the top of the red safe zone: OST = RBZ;

ADU factor:  OST =a*ADU
Regardless of the choice used for the determination of OST,
this value must always be within the range of the total of the
red zone (i.e., aost < 1) to preserve the buffer’s integrity (Ptak
and Smith, 2016). Therefore, we can deduce that OST repre-
sents the percentage of red zone

OST = aosT*ZR )

For OSH, it is recommended (Ptak and Smith, 2016) to set it
to:
°

At leastone DLT: OSH =1.0*DLT

Based on the net flow equation (5) value and top of yellow, a
replenishment order (RO) is generated and calculated follow-
ing these formulas equation (10):

If NFE;<TOY: RO;=TOG-NFE (RO;defines
the quantity of the order that is to be launched)

Otherwise, RO; =0 (No order is generated)

(10)

2.1.3. Setting of DDMRP parameters / Parameterization
of DDMRP

The purpose of this section is not to discuss the literature
review of DDMRP in a general way but to present a specific
DDMRP parameterization. Some recent comprehensive re-
views can be found in studies (Marzougui et al., 2021),
(Azzamouri et al., 2021), and (Benavente et al., 2023). As
many authors and researchers (Bahu et al., 2019; Velasco
Acosta et al., 2020) have underlined the DDMRP process de-
pends on several parameters that affect its application and its
performance. (Ptak and Smith, 2016) provide some approxi-
mate tools to fix the parameters based on the manager’s expe-
rience and judgment. Several authors have highlighted the ab-
sence of automatic or semi-automatic rules to fix these param-
eters (Bahu et al., 2019) (Velasco Acosta et al., 2020) (Miclo,
2016) . Based on the literature review summarized in Table 4
(Appendix A), there is limited work dealing with DDMRP pa-
rameterization using some optimization methods.
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The authors (Miclo, 2016) proposed an automatic optimiza-
tion method utilizing the simulated annealing algorithm to de-
termine parameter values. This metaheuristic approach was
tested in the Kanban game. Furthermore, (Lee and Rim, 2019)
introduced an alternative formula to tackle the issue of fixed
parameters for the factor of variability and lead time. (Velasco
Acosta et al., 2020) performed a statistical analysis to establish
parameterization rules based on data from the case study. Sim-
ilarly, in the (Martin, 2020) study, parameterization was ap-
proached statistically. The authors designed a series of exper-
iments to test various parameterization scenarios and derived
general rules based on the analyzed dataset. To gain a deeper
understanding of the impact of DDMRP parameterization on
KPI, specifically OH and OTD, we are interested in studies
(Damand et al., 2022) and (Lahrichi et al., 2022). These stud-
ies propose automatic methods to optimize some parameters
of a DDMRP with two different approaches Genetic Algo-
rithm and Mixed Integer Linear Programming. Nevertheless,
these studies are subject to certain assumptions and limita-
tions. In the study conducted by (Damand et al., 2022), a com-
prehensive analysis was performed, considering all eight pos-
sible parameters of DDMRP. A metaheuristic algorithm was
employed. However, it should be noted that these approaches
do not guarantee an optimal solution. The study assumed
known demand, obtained through either forecasting or histor-
ical data, over a planning horizon of one year. To obtain fronts
of non-dominated solutions, the authors utilized a multi-ob-
jective algorithm called NSGA-II. This algorithm was utilized
to determine and fix all parameters once a year based on the
historical data from the previous year. (Lahrichi et al., 2022)
proposed a mathematical model utilizing Mixed Integer Lin-
ear Programming (MILP) for parameterizing three factors of
DDMRP. The objective was to minimize the average on-hand
inventory while ensuring 100% of OTD. The study success-
fully obtained optimal solutions. However, it is important to
note that this study assumed known demand and generated 51
replenishment orders over 100 days. These studies lack a
learning method and exhibit limited responsiveness when con-
fronted with uncertain demand (Duhem et al., 2023).

To our knowledge, only (Duhem et al., 2023) have success-
fully integrated a Demand-Driven Operating Model (DDOM)
and an RL agent. They proposed an automatic method to ad-
just DDOM parameters using reinforcement learning. They at-
tempted to adjust OST and OSH by using the Branching Du-
eling Q-Network algorithm to solve problems with unknown
demand. They adapted their algorithm to a multiproduct envi-
ronment and various experimentations. This demonstrates that
their approach is well-suited for industrial applications where
demand is unknown or difficult to predict.

2.1.4. Deep Reinforcement Learning (DRL)

Reinforcement learning (RL) is one of the three types of ma-
chine learning, along with supervised and unsupervised learn-
ing. It involves an agent actively acquiring knowledge by en-
gaging and interacting with its environment (Sutton and Barto,
2017). RL draws inspiration from psychological theories, of

animal learning and achieves optimal decision-making strate-
gies by learning from experience. In RL, an agent is defined
as the decision maker, while the surrounding environment en-
compasses everything outside the agent. RL focuses on deter-
mining the optimal action for an agent to maximize the total
reward it receives over time. In the field of artificial intelli-
gence, a key objective is to develop fully autonomous agents
that engage with their environments, learning optimal behav-
iours and continuously improving through a process of trial
and error.

As illustrated in Figure 3, RL involves an agent engaging
with an environment, where at each time step t, the agent per-
ceives the current state of the system, represented as st € S
(where S denotes the set of possible states). The agent then
selects an action at € A(st) (where A(st) represents the set of
feasible actions given the state st) and receives a reward rt €
R. Subsequently, the system transitions randomly to a new
state st+1 € S. The sequence of actions performed by the agent
in response to the environment's states is known as the policy.
RL algorithms require a balance between exploration and ex-
ploitation. Initially, agents should explore the environment to
learn, gradually transitioning to exploiting their acquired
knowledge for optimal decision-making. If agents solely rely
on exploitation, they may miss out on better policies. There-
fore, exploration is necessary to discover optimal solutions.
This process follows the principles of a Markov decision pro-
cess (MDP) (Sutton and Barto, 2017), which provides a math-
ematical framework for modelling the decision-making pro-
cess in Markov processes (S, A, T, R, y), where:

e Asetof states S defines the environment. S is the set of

all possible states of the environment observed in pe-
riod t;

e A setof actions A (s) to be taken by the agent when it
is in state s. A is the set of all possible actions selected
by the agent;

e A transition model T (s (s, a)) where a € A (s); repre-
sents transition probabilities from one combination of
state and action to the next

e Areward function R (s) that denotes the rewards based
on the cost minimization objective

e vy isthe discount factor for future rewards

e  The value function

V(s)=R(s) + yZ5’€SP(s’(5,1(s))V(s")).

The objective of the MDP is to find a policy that maximizes
the expected value of the rewards associated with the states:
n:s—a

Thus, we seek to maximize the expected profit given by the
function (Sutton and Barto, 2017):

Gt=Rt+1+Rt+2 --- + Rt

where: Rt: It is the reward obtained in episode t
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New state s’

F Y

Environment

— Actiona
State s /
l l—
Reward r Agent

—

Fig 3. The general framework in RL

In recent years, the success and popularity of RL have
surged, primarily driven by its remarkable achievements in
solving complex problems that involve making sequential de-
cisions. RL agents naturally consider not only immediate re-
wards or costs but also future ones, allowing them to learn the
most advantageous sequence of actions within a given envi-
ronment instead of treating each action independently (Sutton
and Barto, 2017). In addition, RL has shown the potential to
surpass human-level performance, as demonstrated by (Mnih
et al., 2013). Unlike supervised learning, RL is not limited by
the need for human-supervised data. The remarkable progress
in the field of RL can be attributed to the invaluable achieve-
ment resulting from the integration of RL and deep learning
(DL) or deep neural networks, known as DRL (Sutton and
Barto, 2017). Deep neural networks can be used as function
approximators (neural network (NN)) in reinforcement learn-
ing to represent value functions or policy functions, enabling
more complex and high-dimensional representations. DRL
combines the fields of RL and DL to tackle decision-making
problems that were previously difficult to handle, such as
chess, Go, and Atari games (Silver et al., 2016) . It offers the
potential to address challenging environments characterized
by high-dimensional state and action spaces. The integration
of RL and DL techniques empowers RL agents with enhanced
environmental perception capabilities. DRL algorithms have
been successfully employed in diverse domains, including ro-
botics, video games, medicine and healthcare, finance, trans-
portation systems, and Industry 4.0 (Mousavi et al., 2018).

Several DRL algorithms commonly used for continuous en-
vironments have been developed in the literature. The most
relevant algorithms are:

Deep Deterministic Policy Gradient (DDPG): is an off-
policy algorithm that combines deep Q-learning with pol-
icy gradients, enabling the learning of continuous control
policies in high-dimensional action spaces.

Twin Delayed Deep Deterministic Policy Gradient (TD3):
is an improvement over DDPG that introduces twin value
networks and delayed policy updates, leading to better sta-
bility and performance.

Proximal Policy Optimization (PPO): a policy optimiza-
tion algorithm that aims to find an optimal policy by itera-
tively updating the policy parameters. It has gained popu-
larity for its stability and sample efficiency.
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Article contribution and motivation

The parameterization of DDMRP in the literature has cer-
tain gaps that require attention. Previous studies (Damand et
al., 2022) and (Lahrichi et al., 2022), have proposed mathe-
matical and algorithmic optimization approaches and utilized
demand history to optimize key parameters of DDMRP. How-
ever, these methods assume prior knowledge of demand by
relying on forecasting techniques to predict demand over the
planning horizon. In contrast, the fundamental principle of
DDMRP is to respond to actual demand in real time. Duhem's
work (Duhem et al., 2023), on the other hand, focused solely
on studying two factors (OST and OSH) within a discrete en-
vironment using a learning approach. Such an excessive in-
consistency of the existing guideline for parameterization of
these key factors is the core motivation of this study.

To address these limitations, this research endeavour fo-
cuses on integrating DRL with DDMRP to dynamically opti-
mize additional parameters, specifically the variability factor
(Fv) and lead time factor (FLt). The main objective is to max-
imize the completion of these parameters by leveraging DRL
technigues within a continuous environment. By employing a
DRL algorithm capable of operating in a continuous environ-
ment, it is implied that both the state and action spaces are
continuous rather than discrete. This means that any agent
trained within this environment must possess the ability to en-
able continuous control. It should be noted that in this study,
the demand is not known in advance and will only be available
within a predetermined horizon (H), aligning with the princi-
ples of DDMRP. The purpose of this work is to explore the
potential of DRL in facilitating more effective decision-mak-
ing within the DDMRP framework. Through the dynamic op-
timization of parameters and the ability to adapt to evolving
conditions, the proposed approach seeks to determine the op-
timal values for the variability and lead time factors. These
optimized factors aim to minimize on-hand inventory while
maximizing the on-time delivery over a defined time horizon.

3. Problem description, assumption and
modelling

In this work, the parameterization of DDMRP is considered
an optimization problem to define a set of DDMRP parameters
(DDMRP Parameters Optimization Problem: DDMRP-POP)
(Damand et al., 2022). Since the DDMRP is based on current
demand steering, we will assume that demand is known only
during the demand visibility horizon. We are trying to provide
a decision support system that will allow real-time decision-
making for DDMRP parameter optimization. We define the
DDMRP parameter optimization problem (DDMRP-POP) as
follows:

+ Data:

1) Time step is fixed to DLT+ Horer denoted by H ; where H
= [1; 2;.;DLT + Horder]

The demand over a future planning horizon is known to
day t+ H.

The average daily usage is the average demand.

The DLT of the considered buffered product.

The initial on-hand inventory.

2)
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« Parameters to be optimized:
1) Fv: The variability factor
2) Fyr: The lead time factor

* Objective:

1) Minimizing the average on-hand inventory
2) Maximizing the on-time delivery

+ Constraints:

1) Respect a DDMRP buffer sizing and replenishment
policy

Assumptions and justifications

We examine a single buffered reference and address the
challenge of determining the variability and lead-time factors
to optimize the size of the buffer. The choice of these data
characteristics and assumptions should be justified for the fol-
lowing reasons:

e Fyand Fir have an impact on the dimensions of the red
and green zones. This should be addressed by a manager
since there is no predefined automatic rule for optimal pa-
rameterization;

e All the demand quantities are known during the time hori-
zon H.(Horer=4 days and DLT=7 days)

e The core principle of DDMRP is to synchronize supply
chain planning and execution with actual demand signals
to improve operational performance (inventory, customer
service levels, OTD..). For that, the historical data of the
demand was not used in the proposed scenario and it was
decided to generate pseudo-random data for learning the
model. This data presents an actual demand identified in
the time step H to avoid historical and prediction demand.
However, the agent did not learn demand policies on their
history but on their actual demand in limited horizon to
avoid forecast and to have a good knowledge about future
demand that can obtained from customers.

e ADU is updated each time step (ADU = the mean of de-
mand).

e The buffer zone sizes (TOG, TOY, and TOR) are updated
each day;

e The buffers have already been positioned. The DLT is
known for all products.

e The initial on-hand inventory is known. gron-hand t € H;
The on-hand inventory at the beginning of day t is set to
be equal to the demand during the lead time (DLT*ADU).
This ensures sufficient inventory to cover consumption
over the lead time and prevent stockouts on the initial days.

e On the first day of planning, on-order quantity and incom-
ing supply are set at 0;

e There are no capacity constraints, when a replenishment
order is launched at day t, it is delivered without delay at
day t+ DLT.

e OSH is equal to DLT and OST is equal to 50% of the red
zone.

e AOHI presents a KPI for right-sizing inventory as prom-
ised by DDMRP. We seek to optimize DDMRP parame-
ters to minimize the stock and increase DDMRP perfor-
mance.

o OTD represents a KPI for customer service as promised by
DDMRP, measuring the rate of satisfied demands. All de-
mands must be satisfied, and no unsatisfied demands
(stock-outs) are allowed. In other words, we seek to opti-
mize DDMRP parameters to improve customer service
level and therefore increase DDMRP performance.

e Two objectives will be reached simultaneously: minimiz-
ing average on-hand inventory and maximizing on-time
delivery.

4. Learning-Optimization Methodology

This section explains how the DDMRP-POP has bheen
mapped into a Markov decision process (MDP) and solved us-
ing the proposed approach. We propose a learning approach
to resolve (DDMRP-POP) because the DDMRP system must
decide to optimize the parameters. DRL is a learning method
that focuses on decision-making in cases where demand is
known only in the determined horizon and cannot be pre-
dicted. The learning model aims to use the available demand
information over the future horizon to enable optimization of
DDMRP parameters. Therefore, the description problem of
dynamic parameterization of DDMRP can be regarded and
modelled as a Markov decision process. RL is characterized
by interaction with the environment. An agent must learn from
its interaction with the environment and its own experiences.
Therefore, a learning data generation process for to present
environment is required. Considering an agent that observes
the customer demands variation over the horizon H. the agent
makes its decision as a function of the customer's demand.
The data collected by the agent over a horizon H represents a
stochastic environment. The random variable is demand over
horizon H. We need to define the time step called the future
horizon over which the demand is known.

To explain the method used, it is essential to detail the meth-
odological procedures of the study. Here's a structured expla-
nation:

a) Problem Description and Data Collection: Identify spe-
cific DDMRP parameters needing optimization and de-
fine objectives. Collect relevant data.

b) DRL Framework Selection: Choose an appropriate
DRL algorithm based on problem'’s complexity and data
nature.

c) Define the State, Action, and Reward: Specify the state
and action spaces. Design a reward function aligned
with objectives.

d) Simulation Environment Setup: Develop a simulation
environment that accurately replicates the real-world
DDMRP system. Ensure it interacts with the DRL agent
and provides feedback on actions taken.

e) Model Evaluation and Validation: Evaluate the DRL
model to ensure it generalizes well to unseen data.

f) Iterative Approach and Continuous Learning: Imple-
ment an iterative approach for continuous optimization,
balancing exploration and exploitation. Enable the DRL
model to adapt to changing supply chain conditions and
ensure continuous learning for dynamic environment
adaptation.
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Sections 3 and 2.3 provide detailed explanations for steps a)
and b). The remaining steps will be detailed in the following
sections

4.1. State

We define the model state across several sub-states that are

given by the following variables:
e State definition 1: Demand variability Sv(t)

According to the APICS dictionary “Mathematically, varia-
bility or uncertainty in demand can be calculated by standard
deviation, absolute mean deviation or variance of forecast er-
rors”.

The coefficient of variability (CV) is calculated by the fol-
lowing equation:

CV = Standard Deviation/Sample Mean

Sv(t) presents the state of demand variability during the hori-
zon to encode Fv in time steps to gain a basic comprehension
of its fluctuations

Sv(t)= Standard deviation of demand over H / (ADU+
Standard deviation of demand over H) (11)

e State definition 2: Lead Time Sc(t)

For this state, we choose an indicator that represents the rel-
ative availability of the products against the expected demand
during the DLT. This state represents an indicator known as
the inventory days of supply (IDS) or days of inventory. The
IDS is a measure that provides an estimate of how many days
an inventory level can sustain or cover the average daily de-
mand over the DLT. It indicates the number of days the avail-
able or expected inventory can last based on the average daily
usage and the lead time.

Scr(t) presents the lead time state to encode the lead time fac-
tor FLt in time step t;

Scr(t)= overall inventory level/inventory needed over
DLT

Sur(t)= IDS/DLT (12)
Where: IDS = (OH + OP)/ ADU

So, we define the state vector at the time step from equations
(11) and (12) as:

S(t)=[Sv (1), Sur(t)] (13)

Actions

The action of agent A; will be based on the percentage of
lead time factor, and variability factor to select at a certain
time. The agent must determine the optimal value of the lead-
time factor, and variability factor to take or to choose based
on the coefficient of variability and lead time.

Regarding the action vector, we chose to implement a con-
tinuous action space.

The set of variability factor (Fv) actions available to an
agent are fixed Ay = {0, 1}

The set of lead time factor (FLt) actions available to an
agent is fixed ALr= {0, 1}

This information will be stored at time t in a tuple with the
following structure:

ARCHIWUM INZYNIERII PRODUKCJI

A(t) = [Fv(t); FLr(D)] (14)
4.2. Reward

In the RL context, the agent selects an action, and the envi-
ronment generates a new situation and a reward for the action
chosen. Hence, the major objective of the reward is to maxim-
ize the cumulative future reward. In this study, the goal of the
DDMRP-RL approach is to minimize the on-hand inventory
and maximize the OTD.

e Reward definition R1

R1: Rewards based on DDMRP levels. This reward aims to
optimize the quantity of inventory available, which ideally
falls within the range of TOR and TOY. Therefore, R1 will be
formulated to:

5 if TOR<OH<TOY (15)
R1= {
-5 Else

e Reward definition R2
R2: Rewards based on service level. This reward system
aims to maximize OTD of orders, ensuring a high rate of sat-
isfied customer demands, while also preventing stockouts. A
demand is considered satisfied when the available on-hand in-
ventory, including incoming orders for the day, exceeds the
demand quantity.

5 if OH>=D(t) (16)
R2 = {
-5 else

By combining the two reward functions equations (15) and
(16) that consider minimizing inventory level and maximizing
on-time delivery at the same time, the primary reward function
will be:

R=R1+R2 17)

e Rewards definition R3, R4
R3, R4: Rewards based on shaping
To enhance the efficiency of the learning process, we have
added a reward system based on shaping for the agent, along
with supplementary information concerning its progress to-
wards the goal. By providing these intermediate rewards, the
agent can acquire knowledge incrementally and concentrate
on the crucial steps or actions that lead to the desired outcome.
When we mention rewards based on shaping, we mean that
the agent receives intermediate rewards or feedback through-
out its learning journey to steer its behaviour toward achieving
the desired outcome. These rewards relatively rely on lower
and upper bounds that the optimization algorithm needs to
take into consideration

0 If
Ra- {

-5 Else

0 If
R4= {

-10 Else

So, the reward R will:

0,05 < Fy< 0,95 (18)

0,2<F.r<0,95 (19)
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R=R1+R2+R3+R4 (20)

5. Experimental design

This section presents a series of numerical experiments con-
ducted to assess the efficacy of the proposed DLR algorithm.
The experiments aim to validate the effectiveness of the solu-
tions derived from the algorithm. We implemented the deep
reinforcement learning approach on a computer equipped with
a M1 chip (16Gb in RAM). JAVA 8 programming language
was used. In this initial trial, we generated a dataset that cap-
tures demand information spanning a planning horizon of one
year. The dataset used for this experiment is available for ref-
erence at the provided link. The idea of demand generation is
inspired by Lahrich's (2022) model (Figure 4); (Demands for
one year following a normal distribution).

1600
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Fig. 4. Customers’ demands

In our approach, on day t, the agent is provided with demand
information exclusively for the planning horizon H, without
relying on forecasts for the upcoming year to mitigate poten-
tial inaccuracies. We represent the demand values for a spe-
cific planning horizon using nested lists, where each inner list
corresponds to the demand values for a particular period. The
length of each internal list appears to be ( DLT+Horger). Our
objective is to equip our agents with precise real-time data
sources regarding fluctuations in demand and lead times.
Based on the state of real-time data of demands, we aim to
enhance the performance of DDMRP and improve decision-
making capabilities by determining the most suitable actions
regarding variability and lead time factors. The environment
defines two continuous states S1 and S2. The first state S1
represents the standard deviation of the sample over its mean,
normalized between 0 and 1. S2 represents the ratio of overall
inventory level to inventory needed over DLT. The environ-
ment provides a continuous action space with two actions, a;
(Fv) and a; (FvL1), both ranging from 0 to 100. These actions
are used to compute the buffer size. The model focuses on a
single finished product, and each episode represents 308 days
(Table 5 (Appendix A)) . Furthermore, a replication consists
of 1200 episodes. We propose to calculate two factors Fv and
Fir, with Fv € { 0; 1} and F 1 € {0;1}.

5.1. Experiment 1: DDPG, TD3, and PPO
Performance

After defining the actions (al-a2) and states (S1-S2) as de-
scribed in the previous section, we proceeded to test and com-
pare the performance of the agents using three distinct DRL
algorithms: DDPG, TD3, and PPO. These algorithms were
briefly introduced in section 3 of the document. In our setting,
we aim to define a sequence of actions that maximize the on-
time delivery while minimizing the average inventory. These
actions are designed to optimize the trade-off between timely
delivery and inventory management. To evaluate the perfor-
mance of the DRL algorithm in learning from experience, the
algorithm was executed on the same instance for 1200 consec-
utive episodes. Each episode comprised 274 time steps, and
we calculated the average cumulative profit achieved by sum-
ming the per-step profit at the final time step T. The decision
to employ a sample size of 1,200 episodes is grounded in the
identification of a stable reward curve. This stability indicates
that the system has achieved consistent behaviour, making ad-
ditional episodes unlikely to yield significant new insights. Se-
lecting this stable point ensures efficient resource utilization,
avoiding unnecessary computational costs. The convergence
of the reward curve toward a constant behaviour implies re-
peatability and reliability in observations.

Figures 5 illustrate the evolution of each algorithm's ability
to maximize reward as the episodes progress. This experiment
aims at identifying the best DRL algorithm that can achieve
the best reward function. This confirms that the encoding em-
ployed is capable of representing all the states of the system.
As illustrated in Figure 4, the episodic reward plot typically
shows the reward or return obtained by the agent over each
episode during the learning process. By analyzing the episodic
reward plot, we can observe the trend and patterns in the
agent's performance. In our evaluation, we found that the
DDPG model suffered from high fluctuations and irregulari-
ties indicating potential instability or suboptimal learning. On
the other hand, TD3 demonstrated better performance in terms
of episodic reward, although it displayed instability and began
converging around the 1000th episode with a reward of
[1400,1600]. PPO exhibits convergence around the 600th ep-
isode and maintains stability within the reward range of [2000,
2200]. Based on the observations depicted in the Figures, it is
evident that the reward gradually stabilizes with an increasing
number of episodes. This indicates that the learning process
has been accomplished .On the other hand, PPO outperforms
DDPG, converging around the 1400th episode. However, the
PPO model stood out as the best-performing model, consist-
ently delivering excellent results surpassing both DDPG and
TD3 in performance. Based on the comparison results ob-
tained, we have decided to exclude DDPG and TD3 algo-
rithms from the remaining experiments and solely utilize the
PPO algorithm. These results validate our decision to employ
a DRL algorithm in a continuous environment for various rea-
sons. We specifically chose an algorithm called Proximal Pol-
icy Optimization (PPO), known for its ability to deliver satis-
factory results using default parameters or minimal adjust-
ments to hyperparameters (Schulman et al., 2017).
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Fig. 5. Episodic reward for: a) DDPG, b) TD3, c) PPO

In this context, sample complexity pertains to the smallest
dataset size necessary for the deep RL agent to acquire
knowledge of a target function. PPO represents an actor-critic
approach within DRL. It operates through two distinct deep
artificial neural networks: one serves as the 'actor,’ responsible
for generating actions at each time step, while the other func-
tions as the ‘critic,’ tasked with predicting the corresponding
value. The actor's primary goal is to learn a policy that pro-
duces a probability distribution of feasible actions. Con-
versely, the critic aims to acquire the capability to estimate the
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reward function for specific states and actions. The divergence
between the reward anticipated by the critic, characterized by
parameters denoted as 'q," and the actual reward obtained from
the environment is captured within the loss function, denoted
as 'Loss(q).

5.2. Experiment 2: PPO Performance against
different DLT

In this experiment, we have introduced higher DLT values
to explore more constrained versions of the task. These new
DLT values can be seen as a broadened scope, allowing us to
evaluate the agent's performance under increasingly challeng-
ing conditions. The primary objective of this experiment is to
assess the agent's capacity to adapt to varying DLT values and
document its performance. Figure 6 illustrates the rewards
achieved in three scenarios with DLT values of 7 days
(1DLT), 14 days (2DLT), and 21 days (3DLT), representing
short, medium, and long DLT ranges, respectively.

iy DLT 7

DLT 14

2000 DLT 21
1000 -
0 4
~1000 4
—2000 -
~3000

0 200 400 600 800 1000 1200

Fig. 6. Episodic reward for different DLT

It is evident that as DLT values increase, signifying greater
environmental stochasticity, the task of finding an optimal
policy becomes more challenging for the agent, resulting in
higher variance in performance. Additionally, we observe that
a higher DLT necessitates more steps for the PPO model to
converge to a favourable policy. The results underscore the
effectiveness of the PPO model when subjected to varying
DLT values, especially those surpassing the originally defined
parameters. We diligently monitored and recorded the agent's
performance throughout the experiment.

5.3. Experiment 3: PPO Performance against high
variability and short DLT

In this section, we explored how introducing unique data
characteristics can affect the performance of our model. Spe-
cifically, we created data (Table 6 - Appendix A) that dis-
played a significant amount of variation, representing 77% of
customer demands, along with a short DLT of just 5 days. The
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goal of this experiment was to visually demonstrate how dif-
ferent data features could affect our model. The presence of
high demand variability introduces a level of unpredictability,
rendering it challenging for the model to rely on consistent de-
mand patterns. Meanwhile, the short DLT imposes a sense of
urgency, necessitating quick and precise decision-making
with minimal margin for error. In this context, the model must
rapidly adapt to fluctuating demands, optimizing allocation
and delivery decisions within a constrained timeframe.

Figure 7 displays the episodic rewards and the policies de-
termined by the agent over 100 days. Through this analysis,
we assessed how the introduction of high variability in data,
combined with a short DLT, affected the agent's performance.
The agent requires additional episodes (1500) before it begins
to converge towards an optimal policy, resulting in a lower
episodic reward compared to experiments 1 and 2 (400 instead
of 2000 previously recorded). The model requires approxi-
mately 1500 episodes to achieve only 20% (400) of the reward
that was recorded before (2000). This confirms that the larger
standard deviation has an impact on the agent's rewards.

400 { — PPO

200 4

=200

-400 1

—600 1

—800 A

T T T T T T T T
0 500 1000 1500 2000 2500 3000 3500 4000

Fig. 7. Episodic reward

6. Results and discussion

Achieving the optimal parameterization of DDMRP poses a
complex challenge, which proves to be demanding for both
humans and machine learning algorithms, as demonstrated
earlier. The task becomes even more difficult when there are
additional constraints to fulfil and when incorporating realistic
aspects of supply chain dynamics. To tackle these challenges,
a parameterization approach for DDMRP is essential, striking
a delicate balance between computational efficiency and com-
plexity. This approach facilitates the effective configuration
of DDMRP parameters, resulting in optimal inventory man-
agement and enhanced responsiveness within the supply
chain.

In Experiment 1, three state-of-the-art deep reinforcement
learning models were trained: DDPG, TD3, and PPO. The
PPO algorithm exhibited remarkable time efficiency, prompt-

ing us to delve deeper into its reward performance. To evalu-
ate its capabilities, it was observed that PPO required fewer
time steps to converge towards an optimal policy. It's im-
portant to note, however, that shorter convergence time did not
necessarily translate into similar episodic rewards when com-
pared to TD3 and DDPG. In these experiments, PPO achieved
a reward of 2000 within 600 episodes, while TD3 and DDPG
failed to converge and remained unstable even after 1200 ep-
isodes. Additionally, it's worth mentioning that despite these
differences in reward convergence, PPO remained the fastest
among the three models in terms of training speed. DDPG and
TD3 took approximately 240 minutes to complete 1200 epi-
sodes of training, whereas PPO accomplished the same num-
ber of steps in just 30 minutes.

In experiment 2, further investigations were conducted by
modifying the DLT to introduce additional constraints to the
agent's policy. To achieve this, we fixed the DLT values at
2DLT (14 days) and 3DLT (21 days), which represented more
difficult scenarios compared to the initial settings. By impos-
ing these stricter constraints, the aim was to test the agent's
ability to adapt and find optimal control strategies even under
challenging conditions. As a benchmarking result, it was con-
firmed that the PPO model demonstrated success in all tested
scenarios when additional constraints were introduced to our
environment. This accomplishment showcases the adaptabil-
ity and resilience of the parameterization model to handle
complex decision-making. Despite the increased difficulty
level, the PPO model consistently performed well perfor-
mance.

In this subsection, an example of a sequence generated by
the agent, which is assumed to be well-trained, is presented.
Table 7 (Appendix A) presents the outcomes within the action
generation process that have achieved a perfect 100% OTD.
Within this table, each row provides information regarding de-
mands, the variability factor, lead-time factor, on-hand inven-
tory levels, and OTD.

The following remarks can be made out from Tables 7 and
8:
¢ The variability factor Fy changed each DLT scenario, even
when the demand remained the same across all scenarios.
This implies that the agent adjusted its state with the S(t)=
[Sv (1), Sr(t)] vector to transition to another state. This con-
firms that the state encoding effectively encompasses suf-
ficient information for making informed decisions regard-
ing parameterization.

o The lead-time factor F_t is relatively increased when DLT
increases; This can be explained by the fact that longer
DLTs mean that the supply chain is exposed to potential
disruptions, delays, and variability for an extended period.
This prolonged exposure can amplify the impact of any
variability, including lead times and demands that are pre-
sent in the supply chain.

¢ Inall scenarios, the maximum service level of 100% OTD
is achieved.

e The average on-hand inventory is optimized overall. It
closely aligns with stock consumption during DLT. As
DLT increases, average inventory also increases but sur-
passes DLT consumption. This outcome is not surprising
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given that a longer DLT naturally leads to longer delivery
times for new replenishment orders.

e The average stock is impacted by the DLT. Longer DLTs
often require higher safety stock levels to compensate for
the uncertainty associated with extended lead times. These
increases in safety stock can contribute to a relative in-
crease in both the lead-time factor and on-hand inventory.

e InTable 7, horizon H represents the time step at which the
demand is known. This confirms that the optimal planning
horizon should generally be situated between DLT and
2DLT. Within this range, the agent has an ideal timeframe
to observe the outcomes of its parameterization actions
without a heavy reliance on demand forecasting data and
generate an optimal performance regarding average on-
hand inventory that is equivalent to consumption during
DLT. When a horizon as long as 3DLT is considered, the
agent encounters challenges in achieving optimal inven-
tory levels because it becomes increasingly dependent on
demand forecasting. In this scenario, the on-hand inven-
tory presents 1.75 of DLT.

To better visualize the results for on-hand inventory, Fig-
ures 8, 9, and 10 (Appendix B) show the evolution of on-hand
inventory concerning the three buffer zones. As a result, the
on-hand inventory is always maintained within the desired
level or range defined by TOR (lower bound) and TOY (the
upper bound). Occasionally, the on-hand inventory reaches
the upper limit (TOY), but it does not go beyond this thresh-
old. This suggests that our model is designed to avoid exces-
sive overstocking. Importantly, the on-hand inventory is never
allowed to go negative. This indicates that the system consist-
ently maintains sufficient inventory on hand to meet customer
demand without experiencing stockouts. It is important to note
that this solution achieved a perfect 100% on-time delivery
(OTD) rate, an outcome of paramount significance from the
perspective of decision-makers.

It aligns with the principles of the DDMRP philosophy,
which emphasizes the use of buffers to safeguard against
shortages and strives to ensure the highest possible service
level. The model effectively prevents stockouts, ensuring that
the on-hand inventory never falls below the level of demand.

Experiment 3 aims to investigate how our PPO model per-
forms in a challenging environment characterized by two cru-
cial factors: high demand variability and a short DLT. This
experiment offered valuable insights into both the strengths
and limitations of the model when confronted with a dynamic
setting and intricate decision-making scenarios. We present
the results (Table 9 - Appendix A) of a sequence generated by
the agent. Table 8 presents the outcomes within the action gen-
eration process that have achieved a perfect 100% OTD.
Within this table, each row provides information regarding de-
mands, the variability factor, the lead-time factor, on-hand in-
ventory levels, and OTD. We present the results from the 25th
demand to minimize the influence of the initial inventory ef-
fect.

Dividing the 99 days into distinct sub-periods and calculat-
ing the ADU, average inventory in each of these sub-periods
can provide valuable insights into how the inventory manage-
ment strategy performs under different conditions (Table 10 -
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Appendix A). This approach allows assessing the adaptability

and effectiveness of the model over time.

The following remarks can be made out from Tables 8 and

9:

e The OTD consistently achieves a perfect 100% rate with
a 5-day lead-time and remains unchanged across all time
steps. This ensures that the model meets all demand during
the lead- time without any shortages.

e The variability factor (Fv)is relatively high over time. This
is explained by the high variability in customer demand
(77%), which is influenced by a larger standard deviation
of 1084. This confirms the correlation between variability
factor Fv and the standard deviation of customer variabil-
ity.

e The lead-time factor (FLr) remains consistently stable over
time, consistently hovering at approximately 49%. This
consistent value indicates a medium-level lead-time factor,
which corresponds to a relatively short DLT. This obser-
vation confirms the inverse relationship between F r and
DLT, which is a fundamental characteristic of the DDMRP
philosophy.

e There is a notable improvement in the average inventory
over time, accompanied by a decrease in variability from
87% to 68%. This can be attributed to the impact of cus-
tomer demand variability on the average inventory. De-
spite the persistence of relatively high variability (68%),
our model maintains an optimized stock level. This con-
firms the robustness and adaptability of the model in han-
dling variability without increasing the stock.

Figure 11 (Appendix B) shows the evolution of on-hand in-
ventory to the three buffer zones. The model exhibits strong
resilience in accommodating significant variability and typi-
cally maintains itself within the optimal range. However, there
were instances where we observed inventory spikes that sur-
passed the (TOG). This behaviour can be attributed to the
model's proactive approach to ensuring an adequate stock
level in anticipation of an expected surge in demand in the
coming days. This anticipation aligns with our strategy to ef-
fectively address and prepare for upcoming demand fluctua-
tions.

7. Conclusion and research perspectives

This article introduces a novel approach to address the chal-
lenge of DDMRP parameterization in the presence of un-
known demand scenarios. To tackle this issue, a DRL agent
based on the PPO algorithm is employed. This agent enables
the DDMRP methodology to efficiently handle buffer sizing
by dynamically adjusting the variability factor and lead-time
factor parameters. This study is considered one of the early
studies that have addressed the potential benefits of employing
a DRL approach to dynamically adjust DDMRP parameters.
By demonstrating the successful utilization of the PPO model
in optimizing buffer sizing under uncertain demand condi-
tions, this research opens new avenues for enhancing the effi-
ciency and adaptability of supply chain management prac-
tices.

388



MUSTAPHA EL MARZOUGUI ET AL. / PRODUCTION ENGINEERING ARCHIVES 2024, 30(3), 377-393

While the experiments have not confirmed all of Ptak's
rules, the approach remains grounded in reality by considering
a continuous environment, as opposed to a discrete one, and
by addressing unknown demand rather than relying solely on
historical and forecasted demand.. Moreover, optimal param-
eters are proposed, highlighting the significance of employing
an optimization-learning model for the parameterization of
DDMRP.

The study introduced a DRL model to optimize DDMRP
systems, demonstrating its potential to improve on-time deliv-
ery and average on-hand inventory. The effectiveness of this
approach depends on accurate parameter selection, which can
be variable and challenging to predict. Future work will focus
on developing robust methods for parameter selection, en-
hancing predictive analytics, and providing detailed guide-
lines and case studies for DRL interpretation and implementa-
tion. Additionally, extensive testing across various scenarios
will be conducted to validate the model’s stability and univer-
sality. Despite these challenges, the use of DRL in optimizing
DDMRP parameters is promising, suggesting potential ad-
vancements in inventory management and customer service
effectiveness.

The results obtained from this study serve as a reference
point for evaluating the performance of the parameterization
learning model and establish a solid foundation for future ad-
vancements, improvements, and research directions in this ap-
proach.. One potential limitation may be the reliance on cer-
tain assumptions in the parameterization learning model. Fu-
ture research could focus on validating these assumptions in
real-world supply chain scenarios to ensure the model's ro-
bustness across diverse conditions. This paper offers various
research perspectives and opportunities
e By continuously pushing the boundaries and exploring

the limits of our model, it can ensure its effectiveness and
suitability for a wide range of practical applications in
supply chain scenarios.

e Through a comparative analysis to assess how the pro-
posed learning model performs in contrast to an alterna-
tive learning algorithm, our objective is to enhance the
parameterization of DDMRP.

e By taking into account certain constraints such as multi-
ple products, production capacity, Minimum Order Quan-
tities (MQQ), and certain priorities.

e Testing various scenarios, including internal variability,
order spike horizon, and order spike threshold.
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Appendix

Appendix A

Table 4. Literature Review

Authors issue Methods used Contribution
The pre- Parameterization Deep Reinforcement Learn- Use DRL (PPO algorithm) to optimize DDMRP parameters such as Fv
sent paper ing (DRL) and For
(2023)
Luis DU- Parameterization  Dueling Q-Network Optimizing DDMRP parameters OSH (Order Spike Horizon) and OST
HEM (Order Spike Threshold) using a Dueling Q-Network
(2023)
Lahrichi Parameterization ~ mathematical optimization Parameterization of three parameters; minimization of the average on hand
(2022) technique: Mixed Integer inventory while a 100% OTD is forced by using a constraint.
linear Programming  MILP outperforms the GA in fewer CPU time
(MILP)
Damand Parameterization ~ Optimization metaheuris- The multi-objective metaheuristic algorithm NSGA-II (Non-dominated
(2022) tic/ Sorting Genetic Algorithm) was employed to optimize the eight important
Multi-objective optimiza- parameters of DDMRP with respect to two objectives. These objectives
tion algorithm : were to minimize the average on-hand inventory and maximize on-time
delivery (OTD) at a 100% rate
Velasco Parameterization  Statistical analysis (consid- In this study, a statistical analysis was conducted to derive parameteriza-
Acosta, eration of data case ) tion rules that rely on data from the case study.
Mascle
(2020)
Martin Parameterization  Statistical analysis (consid-  This study performs a statistical analysis to obtain parameterization rules
(2020) eration of data case ) that depend on data from case study
Lee and Parameterization  Heuristic This study proposes a heuristic formula to fix two parameters of DDMRP:
Rim the lead time factor and the variability factor
(2019)
Miclo Parameterization ~ Optimization The author suggests an automatic optimization by using a simulated an-
(2016) metaheuristic nealing algorithm to fix the parameters. this metaheuristic approach was

tested on the Kanban game

Table 5. Data Characteristics

DLT Planning Data of Min Mean de- Median de- Max Std dev. cv
horizon demands demand mand mand demand demand

7 days 11 days 308 days 732 1041 1026 1483 137 13%

Table 6. Data Characteristics
DLT Planning hori- Min Mean Median Max Std dev. CcVv
zon demand demand demand demand demand
5 days 9 days 30 1416 1335 5711 1084 77%
Table 7. The optimal solution of DLT (7, 14 and 21)
DLT =7 DLT =14 DLT =21
Days De- Optimal Objective Optimal Objective Optimal Objective
mands Parameters functions Parameters functions Parameters functions
Fv FLr OH OTD Fv FLr OH OoTD Fv FLr OH OTD

25 1118 55% 55% 7117  100% 34% 50% 15803 100% 46% 68% 18 374 100%

26 1093 38% 37% 5999 100% 15% 43% 14685 100% 60% 63% 36 238 100%

27 988 56% 33% 4906 100% 66% 54% 13592 100% 64% 84% 35145 100%

28 1117 38% 40% 8809 100% 43% 53% 21785 100% 73% 80% 34 157 100%

29 1025 68% 50% 7692 100% 27% 58% 20668 100% 53% 68% 33040 100%

30 1036 61% 49% 6667 100% 17% 54% 19643 100% 28% 75% 32015 100%

31 1242 26% 32% 5631 100% 63% 55% 18607 100% 70% 63% 30979 100%

32 993 53% 30% 4389 100% 46% 60% 17365 100% 89% 63% 50 061 100%
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33 1159 63% 35% 10374 100%  50% 48% 16372 100% 41% 74% 49068  100%
34 1001 36% 46% 9215 100%  37% 46% 15213 100%  100% 74% 47909  100%
35 1007 31% 41% 8214 100%  39% 45% 14212 100% 54% 65% 46908  100%
36 1084 30% 41% 7207 100% @ 44% 51% 13205 100% 65% 75% 45901  100%
37 1022 54% 45% 10031 100%  38% 60% 12121 100% 41% 78% 44817  100%
38 1324 36% 26% 9009 100%  46% 58% 20364 100% T7% 7% 43795  100%
39 1079 28% 24% 7685 100%  34% 50% 19040 100% 50% 70% 42471  100%
40 1035 58% 51% 6606 100%  57% 45% 17961 100% 53% 64% 41392 100%
41 774 26% 39% 5571 100%  42% 44% 16926 100% 56% 73% 40357  100%
42 1 086 41% 33% 8436 100%  22% 52% 16152 100% 57% 71% 39583  100%
43 1105 69% 26% 7350 100%  38% 63% 15066 100% 57% 79% 38497  100%
44 980 0% 41% 6245 100%  44% 49% 13961 100% 56% 69% 37392  100%
45 1078 45% 48% 5265 100%  40% 40% 12981 100% 50% 7% 36412  100%
46 1133 30% 39% 4187 100%  46% 59% 21599 100% 67% 79% 35334  100%
47 827 54% 49% 3054 100%  45% 46% 20466 100% 43% 7% 34201  100%
48 940 55% 34% 9977 100%  15% 45% 19639 100% 50% 75% 33374  100%
49 885 51% 43% 9037 100%  41% 50% 18699 100% 43% 75% 32434  100%
50 1136 39% 44% 8152 100%  46% 44% 17814 100% 66% 76% 31549  100%

Table 9. Optimal solution

Days Demands Fv Fr OH OTD Days Demands Fv Fur OH OTD Days Demands Fv Fur OH  OTD

25 1474 56% 56% 5258 100% 50 588 49% 53% 11198 100% 75 231 53% 51% 5972 100%
26 72 57% 44% 12139 100% 51 2835  29% 61% 10610 100% 76 1863  57% 38% 9241 100%
27 83 47% 54% 12067 100% 52 1984  36% 47% 7775 100% 77 644 80% 54% 7378 100%
28 1571 57% 42% 11984 100% 53 1868  39% 54% 5791 100% 78 1459  47% 57% 6734 100%
29 1028 60% 52% 10413 100% 54 1401  70% 41% 8200 100% 79 2134  47% 46% 5275 100%
30 939 52% 48% 9385 100% 55 2300  69% 54% 12950 100% 80 279 65% 26% 7551 100%
31 2188  64% 56% 14920 100% 56 3058  48% 42% 10650 100% 81 73 75% 42% 10719 100%
32 1501  45% 43% 12732 100% 57 5320 37% 48% 7592 100% 82 1245  39% 40% 10646 100%
33 4245  49% 44% 11231 100% 58 754 71% 53% 2272 100% 83 671 24% 48% 9401 100%
34 1380 35% 51% 6986 100% 59 789 55% 42% 7053 100% 84 1461  87% 47% 8730 100%
35 1107 35% 41% 13434 100% 60 99 47% 47% 6264 100% 85 1808  36% 46% 7269 100%
36 563 50% 38% 12327 100% 61 738 50% 40% 6165 100% 86 2668  41% 50% 10909 100%
37 491 77% 39% 11764 100% 62 2088  64% 38% 10573 100% 87 266 82% 46% 8241 100%
38 399 52% 52% 11273 100% 63 1617  69% 49% 13225 100% 88 1500 52% 39% 7975 100%
39 518 71% 49% 14431 100% 64 1041  13% 43% 21969 100% 89 518 45% 44% 6475 100%
40 1345  11% 47% 21855 100% 65 1382  56% 58% 20928 100% 90 1615 64% 35% 5957 100%
41 397 88% 49% 20510 100% 66 1394  81% 57% 19546 100% 91 450 78% 49% 4342 100%
42 2239  81% 58% 20113 100% 67 1811  48% 65% 18152 100% 92 2668  96% 57% 9145 100%
43 239 51% 61% 17874 100% 68 705 69% 44% 16341 100% 93 845 61% 40% 10612 100%
44 1399  97% 50% 17635 100% 69 2461  45% 47% 15636 100% 94 1403  63% 50% 9767 100%
45 419 71% 48% 16236 100% 70 371 18% 41% 13175 100% 95 223 79% 48% 8364 100%
46 277 43% 59% 15817 100% 71 1061  54% 80% 12804 100% 96 3355 60% 45% 8141 100%
47 519 52% 60% 15540 100% 72 962 47% 47% 11743 100% 97 1535  35% 55% 8119 100%
48 3036  57% 45% 15021 100% 73 2043  42% 58% 10781 100% 98 1335  74% 46% 6584 100%
49 787 54% 49% 11985 100% 74 2766  59% 50% 8738 100% 99 1595  76% 42% 12645 100%
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Table 10. Synthesis of optimal solutions (DLT =5)

Sub periods ADU Standard Deviation Cv Average stock Stock coverage OTD
[25-49] 1129 985 87 % 13717 12,14 days (242 % of DLT) 100 %
[49-74] 1657 1109 67 % 11 605 7 days (140 % of DLT) 100 %
[75-99] 1274 862 68 % 8 248 6,47 days (129% of DLT) 100 %

Appendix B
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Fig. 8. Evolution of on-hand inventory DLT =7

%»\ H.MMMW*\%N

mmm TOR TOY mmmTOG -—OH

Fig. 9. Evolution of on-hand inventory DLT =14
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Fig. 10. Evolution of on-hand inventory DLT =21
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Fig. 11. Evolution of on-hand inventory
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