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DYNAMIC PROGRAMMING FOR THE INVENTORY MANAGEMENT PROBLEM 

SOLUTION IN LOGISTICS 
 

Currently, there is a problem of methods insufficient efficiency for finding solutions to the inventory management 
problem. The research object is the process of solving inventory management problems. The research subject is methods for 
finding a solution to the inventory management problem based on dynamic programming. The research goal is to increase the 
efficiency of finding a solution to the inventory management problem through dynamic programming. A method based on 
deterministic dynamic programming, a method based on stochastic dynamic programming, a method based on Q-learning, and a 
method based on SARSA were applicated for the inventory management problem. There are advantages of the methods. of 
Methods modification of deterministic and stochastic dynamic programming, Q-learning, and SARSA due to dynamic parameters 
makes it possible to increase the learning speed while maintaining the root-mean-square error of the method. The numerical study 
made it possible to evaluate the methods (for modifying the deterministic and stochastic dynamic programming methods, the 
number of iterations is close to the number of stages; for both methods of deterministic and stochastic dynamic programming, the 
root mean square error was 0.02; for modifying the Q-learning and SARSA methods, the number of iterations was 300, for both 
methods of Q-learning and SARSA, the root mean square error was 0.05). These methods make it possible to expand the scope of 
dynamic programming, which is confirmed by their adaptation to the inventory management problem and helps to increase the 
intelligent computer systems efficiency for general and special purposes. The application of these methods for a wide class of 
artificial intelligence problems are the prospects for further research. 

Keywords: dynamic programming, reinforcement learning, inventory management, Q-learning method, SARSA method, 
parallel information processing 
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ДИНАМІЧНЕ ПРОГРАМУВАННЯ ДЛЯ РІШЕННЯ ЗАВДАННЯ УПРАВЛІННЯ 

ЗАПАСАМИ У ЛОГІСТИЦІ 
 
В даний час існує проблема недостатньої ефективності методів пошуку вирішення задач управління запасами. 

Об'єктом дослідження є вирішення завдань управління запасами. Предметом дослідження є методи пошуку вирішення 
завдання управління запасами на основі динамічного програмування. Метою роботи є підвищення ефективності пошуку 
вирішення задач управління запасами за рахунок динамічного програмування. Для досягнення поставленої мети в роботі 
були створені: метод на основі детермінованого динамічного програмування, метод на основі динамічного стохастичного 
програмування, метод на основі Q-навчання, метод на основі SARSA для завдання управління запасами. До переваг 
запропонованих методів належить наступне. Модифікація методів детермінованого та стохастичного динамічного 
програмування, Q-навчання та SARSA за рахунок динамічних параметрів дозволяє підвищити швидкість навчання при 
збереженні середньоквадратичної помилки методу. Проведене чисельне дослідження дозволило оцінити запропоновані 
методи (для модифікації методів детермінованого та стохастичного динамічного програмування кількість ітерацій близька до 
кількості етапів, для обох методів детермінованого та стохастичного динамічного програмування середньоквадратична 
помилка склала 0.02, для модифікації методів Q-навчання та SAR методів Q-навчання та SARSA середньоквадратична 
помилка склала 0.05). Запропоновані методи дозволяють розширити сферу застосування динамічного програмування, що 
підтверджується їх адаптацією для завдання управління запасами та сприяє підвищенню ефективності інтелектуальних 
комп'ютерних систем загального та спеціального призначення. Перспективами подальших досліджень є дослідження 
запропонованих методів для широкого класу задач штучного інтелекту.  

Ключові слова: динамічне програмування, навчання з підкріпленням, управління запасами, метод Q-навчання, 
метод SARSA, паралельна обробка інформації 

 

Introduction 

Modern companies are optimizing their business processes based on lean manufacturing technology and the 

theory of constraints technology. The method's relevance for intellectualizing the “lean production” and “theory of 

constraints” technology which are based on the solution of optimization problems, for example, the problem of 

inventory management, increases significantly nowadays [1-2]. 

Optimization methods that find an exact solution have high computational complexity [3-5]. Optimization 

methods that find an approximate solution through a directed search have a high probability of hitting a local 
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extremum [6-8]. Random search methods don’t guarantee convergence [9-12]. The problem of optimization 

methods' insufficient efficiency should be solved in this regard. 

 

Related works 

Today, many optimization problems are solved using reinforcement learning methods, based on dynamic 

programming. 

Existing reinforcement learning methods have one or more of the following disadvantages: 

– there is only an abstract method description or the method description is focused on solving only a 

specific problem [13-14]; 

– the method convergence isn’t guaranteed [15-16]; 

– the iteration number influence on the finding a solution process isn’t considered [17-18]; 

– there is no possibility of solving constrained optimization problems [19]; 

– insufficient accuracy of the method [20]; 

– the procedure for determining parameter values is not automated [21]. 

The task of constructing effective reinforcement learning methods is actually nowadays [22-24]. 

The research goal is to minimize costs of overproduction and inventory excess by creating effective 

optimization methods based on dynamic programming and parallel information processing technology. 

 

Research problem 

The efficiency-increasing problem of finding a solution to inventory management based on dynamic 

programming methods is presented as the problem of finding a solution *x , where the goal function is 

min)( * →xF and min→T . 

We proposed to use a combination of two functions as a goal function: 

x
zxFzxFzxF min),(2),(1),( →+= , 


=

− −+−=
M

m

mmm DzxzwzxF
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mmmm Dzxz −+= −1 , 

where )(F  – a goal function, )(1 F  – the costs of stockouts, )(2 F  – storage costs of goods, 1w  – the 

profit from the sale of one unit of goods (it is set), 2w  – the cost of storing one unit of goods (it is set), mx  – 

quantity of purchased goods from the supplier during the m th stage, mz  – the amount of inventory of goods at the 

end of the m th stage, 0z  – the initial quantity of inventory of goods (it is set), maxmin , zz – the minimum and 

maximum quantity of goods inventory at the end of each stage (it is set), jD  – the quantity of goods sold during the 

m th stage (it is set), M  – number of stages. 

minz can be considered as the boundary between the black and red stock buffer zones. maxz can be 

considered as the boundary between the green and blue stock buffer zones. Getting into the inventory buffer black 

zone is described by the condition 0),(1 zxF . Getting into the red/yellow/green inventory buffer zone is described 

by the condition 0),(2),(1 =+ zxFzxF . Getting into the blue inventory buffer zone is described by the condition

0),(2 zxF . 

There is a restriction on the quantity of purchased goods from the supplier, i.e.,  

maxmin xxx m 
, Mm ,1 , 

where 
maxmin , xx  – are the minimum and maximum quantity of purchased goods from the supplier during 

each stage. 

 

Method to solve the inventory management problem based on deterministic dynamic programming 

There was a proposed method to solve the problem of inventory management based on deterministic 

dynamic programming. 

),(min)( 01111
1

zxFz
x

= , 
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 )(),(min)( 111 −−− += mmmmm
x

mm zzxFz
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, Mm ,2 , 

),(2),(1),( 111 −−− += mmmmmmmmm zxFzxFzxF , 

)}(,0max{1),(1 1
min

1 mmmmmm DzxzwzxF −+−= −− , 

},0max{2),(2 max
11 zDzxwzxF mmmmmm −−+= −− , 

mmmm Dzxz −+= −1 , 

where )( mm z  – minimum costs for the amount of inventory goods mz  at the end of the m th stage. 

 

Method to solve the inventory management problem based on stochastic dynamic programming 

According to this method, the inventory buffer can be in the black zone (state 1), red/yellow/green zone 

(state 2), and blue zone (state 3). The state diagram of the inventory buffer is shown in Fig. 1. 

 

1 2 3 

 
Fig. 1. The state diagram of the inventory buffer 
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where )(im  – is a minimum cost when the inventory buffer state transitions from state i at the end of the

m th stage, ),( 1−mmij zxp  – is the probability of the inventory buffer transition from state i to state j in the case of 

the goods purchased amount from the supplier mx and the inventory goods amount 1−mz , ),( 1−mmij zxr  – are costs 

that arise when the inventory buffer moves from state i to state j in the case of the goods purchased amount from the 

supplier mx  and the inventory goods amount 1−mz , S – is a number of inventory buffer states, S=3. 

The stochastic dynamic programming advantage is the ability to describe the dynamic inventory buffer 

management model in the inventory buffers state visual diagram. 

 

Method to solve the inventory management problem based on Q-learning with dynamic parameters 

The method based on Q-learning with dynamic parameters consists of the following steps: 

1. Initialization. 

1.1. To set the maximum number of iterations N , the number of stagesM , the profit from the sale of one 

goods unit 1w , the cost of storing one goods unit 2w , the minimum and maximum goods amounts purchased from 

the supplier 
maxmin , xx , the minimum and maximum amounts of goods inventories at the end of each stage



INTERNATIONAL SCIENTIFIC JOURNAL  ISSN 2710-0766 

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES» 

МІЖНАРОДНИЙ НАУКОВИЙ ЖУРНАЛ  

«КОМП’ЮТЕРНІ СИСТЕМИ ТА ІНФОРМАЦІЙНІ ТЕХНОЛОГІЇ», 2024, № 1 
121 

maxmin , zz , the initial amount of goods inventories 0z , the amount of goods sold are set mD , Mm ,1 , 

parameters
maxmin ,

(to control the learning rate), 
10 maxmin 

, parameters 
maxmin ,  for the ε-greedy 

approach, 10 maxmin  , parameters 
maxmin ,  (to determine the importance of the future reward), 

10 maxmin  . 

1.2. To initialize the reward table 
)],([ jiQQ =

, 
0),( =jiQ

, Mji ,1,  . 

2. Iteration number n=1. 

3. To calculate the parameters: 

1

1
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−

−
−−=

N

n
n

, 

1

1
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−

−
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N

n
n
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1

1
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−

−
−+=

N

n
n

. 

4. To set the initial state (initial amount of goods inventory) 0zs = . 

5. To set the stage starting number 1=m . 

6. To select an a action (the amount of goods purchased from the supplier), it is necessary to move from 

state s, using the ε-greedy approach (if 
)()1,0( nU 

, then to select an action a randomly from the allowed actions 

set 
},{ maxmin xx

, otherwise to select an a action: 

),(maxarg bsQa
b

=

, 
},{ maxmin xxb

.The a action becomes a 

new component of the vector of the amount of goods purchased from the supplier vector, i.e. axm =  . 

7. If the last stage Mm = , then go to step 13, otherwise 1+=mm . 

8. To calculate the element of the current reward table 
),( asR

:  

}),0max{2)}(,0max{1(),( maxmin zDsawDsazwasR mm −−++−+−−= . 

9. There are a new state (the amount of the product inventory) mDsae −+=
. 

10. To calculate the element of the reward table
),( asQ

: 









++−= ),(max)(),()(),())(1(),( beQnasRnasQnasQ

b , 
},{ maxmin xxb

. 

11. To set the current state (amount of product inventory) es = . Go to step 6. 

12. If the best value of the goal function at the current iteration is less than the best value of the goal 

function for all previous iterations, i.e., )()( *xFxF  , then replace the best vector of the amount of goods 

purchased from the supplier, i.e., xx =* . 

13. If it isn’t the last iteration, i.e., Nn  , then go to step 3. 

 

SARSA-based method to solve the inventory management problem with dynamic parameters 

The SARSA (State Action Reward State Action) method with dynamic parameters consists of the following 

steps. 

1. Initialization 

1.1. To set the maximum number of iterations N , the number of stages M , the profit from the sale of one 

unit of goods 1w , the cost of storing one unit of goods 2w , the minimum and maximum amounts of goods 

purchased from the supplier 
maxmin , xx , the minimum and maximum amounts of goods inventories at the end of 

each stage maxmin , zz , the initial amount of goods inventories 0z , the amount of goods sold by stages mD , 

Mm ,1 , parameters 
maxmin ,

 (to control the learning rate), 
10 maxmin 

, parameters 
maxmin ,  for 

the ε-greedy approach, 10 maxmin  , parameters 
maxmin ,  (to determine the importance of the future 

reward), 10 maxmin  . 
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1.2. To initialize the reward table: 
)],([ jiQQ =

, 
0),( =jiQ

, Mji ,1,  . 

2. Iteration number n=1. 

3. To calculate the parameters: 

1

1
)()( minmaxmax

−

−
−−=

N

n
n
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1

1
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1

1
)()( minmaxmin
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−
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N

n
n

. 

4. To set the initial state (initial amount of goods inventory) 0zs = . 

5. To set the stage starting number 1=m . 

6. To select an a action (the amount of goods purchased from the supplier), it is necessary to move from 

states, using the ε-greedy approach (if 
)()1,0( nU 

, then to select an action a randomly from the allowed actions 

set 
},{ maxmin xx

, otherwise to select an a action: 

),(maxarg bsQa
b

=

, 
},{ maxmin xxb

.The a action becomes a 

new component of the vector of the amount of goods purchased from the supplier vector, i.e. axm = . 

7. If the last stage Mm = , then go to step 13, otherwise 1+=mm . 

8. To calculate the element of the current reward table 
),( asR

: 

}),0max{2)}(,0max{1(),( maxmin zDsawDsazwasR mm −−++−+−−= . 

9. There are a new state (the amount of the product inventory) mDsae −+=
. 

10. To select an с action (the amount of goods purchased from the supplier), it is necessary to move from 

state е, using the ε-greedy approach (if 
)()1,0( nU 

, then to select an action с randomly from the allowed actions 

set 
},{ maxmin xx

, otherwise to select an с action: 

),(maxarg beQc
b

=

, 
},{ maxmin xxb

.The с action becomes a 

new component of the vector of the amount of goods purchased from the supplier vector, i.e. cxm = . 

11. To calculate the element of the current reward table 
),( asQ

:  

( )),()(),()(),())(1(),( ceQnasRnasQnasQ ++−=
. 

12. To set the current action (the amount of goods purchased from the supplier) ca = . Go to step 7. 

13. If the best value of the goal function at the current iteration is less than the best value of the goal 

function for all previous iterations, i.e., )()( *xFxF  , then replace the best vector of the amount of goods 

purchased from the supplier, i.e., xx =* . 

13. If it isn’t the last iteration, i.e., Nn  , then go to step 3. 

 

Algorithm to solve the inventory management problem based on deterministic dynamic programming 

An algorithm has been developed for implementation on a GPU using the CUDA parallel information 

processing technology. It is presented in Fig. 2. This block diagram has the following steps. 

Step 1 – To specify a discrete set of the number of goods purchased from the supplier by the operator 

},...,{ maxmin xxX =  with capacity K , the amount of goods sold during all stages ),...,( 1 kMk DDD = , the initial 

quantity of goods inventories 0z . 

Step 2 – To set the function value 0)( 00 = z . 

Step 3 – To set the stage number 1=m . 

Step 4 – To compute a functions combination )(),( 111 −−− + mmmkm zzxF using K GPU threads, which 

are grouped into 1 block. Each thread calculates the function value ),( 1− mkm zx .  

Step 5 – To determine the best quantity of the number of goods purchased from the supplier during the m th 

stage
*
mx , using K GPU threads that are grouped into 1 block based on parallel reduction 

),(minarg 1
*

−= mkm
x

m zxx
k

. 

Step 6 – To calculate the function value: ),()( 1
*

−= mmmmm zxz . 
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Step 7 – To calculate the number of product inventory at the end of them th stage mmmm Dzxz −+= −1
*

. 

Step 8 – The stop conditions: If Mm  , then 1+=mm , and go to step 4. 

Step 9 – To write the resulting global best position to the database. 

 
 

1. Input 

8. m<M 

+ 

- 

9. Write x* DB 

2. m=1 

3. 0)( 00 = z  

4. Calculate )(),( 111 −−− + mmmkm zzxF  

5. Calculate x* 

6. Calculate ),()( 1

*

−= mmmmm zxz  

7. Calculate mmmm Dzxz −+= −1

*  

 
Fig 2. Flowchart of the algorithm for solving the inventory management problem based on deterministic dynamic programming 

 

Algorithm to solve the inventory management problem based on based on stochastic dynamic programming 

An algorithm is intended to be implemented on a GPU using the CUDA parallel information processing 

technology and is similar to the algorithm in Fig. 2. This block diagram has the following steps. 

Step 1 – To specify a discrete set of the number of goods purchased from the supplier by the operator 

},...,{ maxmin xxX =  with capacity K , the amount of goods sold during all stages ),...,( 1 kMk DDD = , the initial 

quantity of goods inventories 0z . 

Step 2 – To set the function value:  0)(0 = j , 3,1j . 

Step 3 – To set the stage number 1=m . 

Step 4 – To compute a functions combination:
=

−−− +

3

1

111 ))(),()(,(

j

mmkijmkij jzxrzxp  using K GPU 

threads, which are grouped into 1 block. Each thread calculates the function value ),,( 1− mkm zxi .  

Step 5 – To determine the best quantity of the number of goods purchased from the supplier during the m th 

stage
*
mx , using K GPU threads that are grouped into 1 block based on parallel reduction 

),,(minarg 1
*

−= mkm
x

m zxix
k

. 

Step 6 – To calculate the function value: ),,()( 1
*

−= mmmm zxii , 3,1i . 

Step 7 – To calculate the number of product inventory at the end of them th stage:  mmmm Dzxz −+= −1
*

 

Step 8 – The stop conditions: If Mm  , then 1+=mm , and go to step 4. 

Step 9 – To write the resulting global best position to the database. 
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Experiments 

A numerical study was carried out using the Python package. For Q-learning methods, SARSA, dynamic 

parameters, the value of the parameters is
9.0,1.0 maxmin ==

 (to control the learning rate), the value of the 

parameters is 9.0,1.0 maxmin == for the ε-greedy approach, the value of the parameters is 9.0,1.0 maxmin ==  

(to determine the importance of the future reward). 

The solution search was based on data from the logistics company “Ekol Ukraine”. 

The parameter dependence 
)(n

is defined as 1

1
)()( minmaxmin

−

−
−+=

N

n
n

(Fig. 3). 

The parameter dependence 
)(n

 (Fig. 3) on the iteration number n shows that its share increases with the 

iteration number. 
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Fig. 3. The dependence parameter 
)(n

on the iteration number n 

The parameters dependence 
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(Fig. 4). 
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Fig.4. The dependence parameters 
)(n

and 
)(n

on the iteration number n 

 



INTERNATIONAL SCIENTIFIC JOURNAL  ISSN 2710-0766 

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES» 

МІЖНАРОДНИЙ НАУКОВИЙ ЖУРНАЛ  

«КОМП’ЮТЕРНІ СИСТЕМИ ТА ІНФОРМАЦІЙНІ ТЕХНОЛОГІЇ», 2024, № 1 
125 

The parameters dependence 
)(n

and 
)(n

 (Fig. 4) on the iteration number n shows that their share 

decreases with increasing iteration number. 

The comparison results in methods of deterministic and stochastic dynamic programming based on CUDA 

technology (DDP and SDP with CUDA) with traditional methods of deterministic and stochastic dynamic 

programming (DDP and SDP without CUDA) using the computational complexity criterion (T) are presented in 

Table 1 ( K – is the power of a discrete set of number of  goods purchased from the supplier, M – is the number of 

stages, S – is the number of states of the inventory buffer, S=3. 

 

Table 1 

Comparison of the methods based on CUDA technology with traditional ones 

Criteria 
Dynamic programming methods 

DDP with CUDA DDP without CUDA SDP with CUDA SDP without CUDA 

T KM 2log  KM   KMS 2
2 log  KMS 2

 

 

The comparing results of the proposed Q-learning method with dynamic parameters and the traditional Q-

learning method based on the mean square error criterion and the iterations number to solve the inventory 

management problem are presented in Table 2. Similar results were obtained for the proposed SARSA method with 

dynamic parameters and with the traditional SARSA method. 

 

Table 2 

Comparison of the optimization method with the traditional Q-learning method based on the mean square 

error criterion and the iterations number to solve the inventory management problem 
Method’s mean square error  Iterations number 

the proposed method the current method the proposed method the current method 

0.05 0.05 300 2000 

 

There are some advantages of the proposed methods. 

1. The searching minimum process reduces the computational complexity due to parallel reduction (Table 

1). The method’s mean square error for all four methods was 0.02.SDP allows constructing a states visual diagram 

of the inventory buffer, but has greater computational complexity than DDP. 

2. The Q-learning and SARSA methods modification makes it possible to increase the learning speed due 

to dynamic parameters while maintaining the method’s mean square error (Table 2). 

 

Conclusions 

1. The problem of inventory management as an integral part of effective supply chain management is 

examined in the research. Deterministic and stochastic dynamic programming methods were chosen to improve the 

quality-solving problem. Parallel algorithms based on CUDA technology were proposed for these methods. It was 

possible to ensure the high speed and accuracy of the solution, as well as to construct a states visual diagram of the 

inventory buffer. 

2. The modification of Q-learning and SARSA reinforcement learning methods using dynamic 

programming with dynamic parameters in the reward table update rule was proposed which allows increasing the 

learning speed. The Q-learning and SARSA methods modification allows to ensure solution high accuracy due to 

the entire search space exploration in the initial iterations and the search direction in the final iterations. 

3. The methods are intended for software implementation in the Matlab package using Parallel Computing 

Toolbox. This speeds up the finding solution process. The software according to methods implementation was 

developed and researched based on data from the logistics company “Ekol Ukraine”. The experiments confirmed the 

performance of the developed software and allowed us to recommend it for solving supply chain management 

problems. are Methods testing on a wider set of test databases are the prospects for further research. 
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